CHALMERS

UNIVERSITY OF TECHNOLOGY

Versatile and Optimized
Gear Selection Strategy

Examining the Feasibility of Embedded Optimized Controllers
for Gear Selection in Heavy-Duty Vehicles

Master’s thesis in Systems, Control and Mechatronics

INDOHF

ARCUS L
S NORDLANDER HURTIG

2N
>
.y

Department of Electrical Engineering

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2023
www.chalmers.se


www.chalmers.se




MASTER’S THESIS 2023

Versatile and Optimized Gear Selection Strategy

Examining the Feasibility of Embedded Optimized Controllers for
Gear Selection in Heavy-Duty Vehicles

MARCUS LINDOHF
OSKAR NORDLANDER HURTIG

CHALMERS

UNIVERSITY OF TECHNOLOGY

Department of Electrical Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2023



Versatile and Optimized Gear Selection Strategy

Examining the Feasibility of Embedded Optimized Controllers for Gear Selection in
Heavy-Duty Vehicles

Marcus Lindohf, Oskar Nordlander Hurtig

© Marcus Lindohf, Oskar Nordlander Hurtig, 2023.

Supervisors: Emma Svarling, Robin Karlsson, Volvo Groups Truck Technology
Examiner: Torsten Wik, Department of Electrical Engineering

Master’s Thesis 2023

Department of Electrical Engineering
Chalmers University of Technology
SE-412 96 Gothenburg

Telephone +46 31 772 1000

Cover: A set of gears.

Typeset in BKTEX
Printed by Chalmers Reproservice

Gothenburg, Sweden 2023

v



Versatile and Optimized Gear Selection Strategy

Examining the Feasibility of Embedded Optimized Controllers for Gear Selection in
Heavy Duty Vehicles

Marcus Lindohf, Oskar Nordlander Hurtig

Department of Electrical Engineering

Chalmers University of Technology

Abstract

We propose two versatile and optimized model predictive controllers suitable for em-
bedded implementation in heavy-duty trucks, one based on the open-source mixed-
integer nonlinear problem solver OpEn and one based on dynamic programming.
The controllers are set to optimize the gear selections fed to an automatic gearbox
during pedal driving. By utilizing road data in terms of the slope ahead, vehicle
information such as the current engine speed, and the driver-demanded output shaft
torque, the gear selections can be optimized with regard to the desired vehicle be-
havior depending on the tuning of the penalty coefficients within the controller. The
hardware requirements are evaluated regarding the number of floating point opera-
tions per second needed per controller for embedded suitability. On an ARM Cortex
A53 processor, the OpEn-based solver only requires approximately a tenth of the
computational time compared to the DP-based controller. However, implementing
the DP-based solver in C/C++ will probably improve the computational efficiency
of the solver, decreasing the time difference between the two solvers. Also, the DP-
based solver is more flexible in terms of altering the optimization algorithms and
more robust in the sense of behaving according to the tuning parameters. It also
returns a more optimized solution compared to the OpEn-based solver, given the
problem formulation at hand. In conclusion, the DP-based MPC is the controller
aligning most with the objectives of this thesis project.

Keywords: model predictive control, mixed-integer nonlinear program, OpEn, PANOC,
dynamic programming, receding horizon controller, embedded, gear selection.
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

Parameters

Q?Qfactor
R?-Rl 7R2;Rd
Az

Index for discrete time steps

Index for continuous time steps

Set of constraints

Set of control inputs

Penalty coefficients related to states
Penalty coefficients related to input
Sample step in time or space domain
Vehicle mass

Wheel radius

Gravitational acceleration

Rolling resistance coefficient
Differential ratio

Gear ratio

Vehicle frontal area

Air density

Drag coefficient

X1



N

Variables

xii

Length of prediction horizon

Acceleration

Velocity

The tractive force delivered by the engine at the wheels
Aerodynamic drag

Perpendicular gravitational force

The frictional force between the road and the tires of the vehicle
Kinetic energy

Engine torque

Stage cost, terminal cost

Prediction cost
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1

Introduction

With the rise of energy prices and the transition to a more sustainable society,
optimizing and reducing the energy consumption of the sectors with the most con-
sumption is of high interest for the related actors as well as for the society as a
whole [1]. In the transport sector, heavy cargo trucks contributed to 21 % of the
total emission of nitrogen oxide, NO,, in Sweden 2021 [2]. In 2020, according to the
Ministry of Energy, the transport sector used the equivalent of 138 TWh in diesel
and bio-diesel fuel consumption for transports in Sweden [3].

Given the transport sector’s energy consumption, developing new and more efficient
control strategies with even a fractional improvement in energy efficiency can be
considerably enticing for actors as the scale of the truck fleets renders large economic
savings even with a minor improvement in energy efficiency.

Most conventional gear selection strategies for automatic transmissions are based
on offline calculated shift maps, which are adjusted online depending on the driver’s
demand and the vehicle behavior [4]. Implementing a gear selection controller, inde-
pendent of shift maps, based on optimization algorithms for online use could improve
the energy utilization within the vehicle. Hence, a comprehensive analysis of opti-
mal control strategies for gear selection strategies, considering both computational
efficiency and optimality in terms of energy efficiency, has been conducted.

1.1 Objectives

The main objectives of this project were threefold and defined as:

» Investigate the potential adaptation of a model predictive control strategy for
gear selection.

o Investigate different optimization routines and solvers in terms of optimality
and solve time.

o Investigate the feasibility of an embedded implementation of an optimized gear
selector for a heavy-duty truck.



1. Introduction

1.2 Scope

Volvo GTT has provided simulation environments, based and equipped on their
twelve-geared gearbox I-shift, to simulate and test the controller. However, the
controller should be versatile, i.e. it should be able to handle different gearboxes,
torque mappings, and driver profiles, especially with the electrification of the vehicle
fleet. This requires that the model and the corresponding control structure are
designed in such a manner that it can be configured to fit different powertrains. The
provided simulation environment was only used for validation purposes towards a
constructed SIMULINK simulation, as the use of Volvo GT'T’s proprietary equivalent
would render most of the results classified.

The gear selection should always work independently whether the controller has
available road data or not. The proposed solution should incorporate different con-
trol modes which activate accordingly to available input. As a starting point, the
project proposes two distinct modes as follows:

o Map data unavailable:

— Prediction based on current driver demanded torque together with cur-
rent road incline.

o Map data available:

— Prediction based on current driver demand torque together with road
data.
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Optimal Control Theory

This chapter presents introductory material for the foundation of optimal control
theory. First, an introduction to linear control is provided based on Rudolf E.
Kélman’s work regarding the Linear Quadratic Regulator. Secondly, motivation
and a brief explanation of the concept of Model Predictive Control are presented
together with how the optimization problem is solved in practice using optimization
engines or algorithms such as Dynamic Programming.

A more in-depth explanation is given of the inner workings of the optimization
engine OpEn to provide an understanding of how it differs from more widely known
optimization engines or routines such as IPOPT or SQP.

2.1 Early development and implementation

In the early 1960s Rudolf E. Kalman worked on determining whether a linear control
system can be said to be optimal given a quadratic objective function. The result
is the well-known Linear Quadratic Regulator (LQR) [5].

Given a discrete-time Linear Time-Invariant model (LTI) defined by

(2.1)

where x;, defines the states, uy the inputs, and y, the output measurements. Eval-
uating the state and input sequence with a quadratic objective function defined
as

o0

Vv = D (l@esllo + lunslR), (2.2)
j=1

where @ and R are penalty matrices for state deviation and the input, respectively.
Kéalméan showed that the solution to the LQR problem with an infinite horizon was
a static feedback gain matrix K calculated by solving a Riccati equation, defined in
Equation 2.3, resulting in the feedback u, = — K.



2. Optimal Control Theory

K = (R+B"PB) (B'PA) (2.3a)
P=A"PA- (A"PB)(R+B"PB) (B"PA)+Q (2.3b)

Kalman would later expand the LQR theory to include state estimation and noisy
measurements, which gave rise to the now well-known Kalman Filter. The method
stemmed from probability theory, reflected in its name, Linear Quadratic Gaussian

(LQG) [6].

Even though the LQG theory gave a solution to the optimal control of an LTI system
given a quadratic objective function Vy, and was shown to stabilize the system as
long as the penalty matrices Q and R were positive definite, it struggled to impact
the control development in the process industry [7].

One of the main disadvantages of the LQG design that hampered the implemen-
tation in the industry was the lack of constraints on the input and states and the
dependence on a linear plant, which made it impractical for some complex real-life
industry processes. Another main disadvantage is the lack of robustness guarantees
when the states need to be estimated.

2.2 The Rise of the Model Predictive Controller

The Model Predictive Control theory dates back to 1976 when Richalet et al. [7]
presented a paper describing the control of a petrochemical plant using an approach
they described as Model Predictive Heuristic Control (MPHC). It sought to opti-
mize the control of a plant using a model and a prediction horizon to evaluate the
input signal’s influence on the plant over a horizon. The method enabled the imple-
mentation of constraints on the states and input, which reflects the nature of many
real-world systems, where for example the actuators and different fluid flows have
physical operating ranges and restrictions.

Richalet also showed that the most economical operating point of the plant often lies
in the intersection of constraints, meaning that a more optimal industry controller
can maintain the operating point close to constraints without violating them.

Driven by economic incentives and the slow nature of many chemical processes, the
petrochemical industry started to adopt a more model-based approach when syn-
thesizing controllers[8]. The slow response time and sampling interval were enough
for the currently available computational power to find an optimized solution for
the input.

The implementation and development of Richalet’s model and control strategy in
the industry sector gave rise to the concept we now refer to as Model Predictive
Control (MPC), which has seen widespread use outside its original intention due
to the advancement in computational hardware and development of more effective
algorithms.

4



2. Optimal Control Theory

2.2.1 Theory behind Model Predictive Control

As the name implies, MPC heavily relies on the underlying dynamic model that
describes the process or plant, where the quality of the predictions made by the
MPC is a direct consequence of the quality of the model [9].

Given that the model is adequate for describing the dynamics of the process, the
objective of the MPC is to make an optimized prediction along with a coupled op-
timized control sequence, u;, that minimizes some objective function Vy as defined
in Equation 2.2.

An overview of the concept can be seen in Figure 2.1, where the controller makes
an optimized prediction and control sequence given knowledge of the plant through
measurements up to time k.

MPC Concept Illustration

Measurement Prediction
State Trajectoryl —==~" RN
............. Reference = ™
Control Signal uy j_ _____ J
l l l l L,
k+1 “o N

Figure 2.1: Illustration of the concept of a Model Predictive Controller. Given
measurement from the plant coupled with the underlying model, it predicts an op-
timized state trajectory and control sequence according to the problem formulation.

Returning to the discrete linear system in Equation 2.1, the optimal static feedback
gain K was calculated using the Ricatti equation given a linear quadratic cost
function V. A coupling to the LQR solution and the MPC approach can be made
by solving the optimal prediction and control sequence u* for the MPC by starting
at the sample instance before the end of the horizon at k = N — 1. The MPC in
this case uses the same dynamics as the LQR defined in Equation 2.1.

By dividing the optimization problem into smaller sub-problems, the optimization
problem can be solved going from £k = N — 1 to £ = N. Repeating this process
and optimizing backward from the end of the horizon at k = N to the beginning at
k = 1, a technique called Dynamic Programming (DP) can be utilized, which will
be discussed more in detail in section 2.6.

The key insight to solving the MPC problem in this manner is that the backward
optimization routine implicitly creates a closed-loop system due to the fact that the
backward Dynamic Programming approach can be seen as state feedback, and the
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resulting optimization problem at each sample instance is solved using the Riccati
solution, as in the LQR problem.

The main difference is that the MPC approach uses a finite horizon and iteratively
calculates the optimal solution for each sample step whereas the LQR solution in
this approach assumes an infinite horizon, hence solving the Ricatti equations once.

As a consequence, the MPC approach does not guarantee stability whereas the LQR
solution is asymptotically stable. Ending with the similarities of the unconstrained
linear MPC and LQR solution, it can be noted that the two solutions will converge
when increasing the horizon length for the MPC.

2.3 A Non-linear World With Constraints

Up until now, the previous sections have treated the history of optimal control
resulting in the LQR/LQG control, and coupled it with the MPC approach in a
scenario where the model is linear and variables are unconstrained.

As part of implementing an MPC control strategy on a real-world problem, the
developer has to handle the often non-linear nature associated with the derived
plant model. The trivial method, if the problem allows it, is to approximate the
non-linear plant model with a corresponding linear model allowing for the utilization
of classic control such as the LQR/LQG controllers discussed above.

However, real-world problems often come with physical limitations in actuators and
hardware, which will result in constraints on the states and input values. This,
coupled with a nonlinear model, renders the concepts of optimal control discussed
above inadequate.

In practice, the optimization problems arising from the MPC approach are solved
using an appropriate optimization engine or solver, where constraints are defined as
a part of the problem formulation.

Using non-proprietary optimization engines, the more common ones would include
Interior Point OPTimizer (IPOPT) [10] for nonlinear model predictive control (NMPC)
and Basic Open-source Nonlinear Mixed INteger (BONMIN) for the mixed-integer
case [11], both easily accessible using the software toolbox CasADi [12] for formu-
lating the nonlinear optimization problems. For students using MATLAB the corre-
sponding optimization library fmincon [13] is probably known.

With the focus on being suitable for embedded software applications, a relatively
new optimization engine called Optimization Engine (OpEn) [14] is examined in the
next section and given a brief explanation of how it differs from the more traditional
solvers, such as IPOPT and fmincon.

6



2. Optimal Control Theory

2.4 Proximal Averaged Newton-type method for
Optimal Control

The Proximal Averaged Newton-type method for Optimal Control (PANOC) is a
combination of methods that are well suited for optimal control problems in an

embedded context. It is the core optimization routine in the optimization engine
OpEn.

It was first proposed in a paper called A Simple and Efficient Algorithm for Non-
linear Model Predictive Control [15] outlining the algorithm and performance com-
paring the performance to IPOPT and MATLAB’s fmincon.

2.4.1 Single-Shooting Formulation

For the sake of explaining PANOC, let an optimization problem take the following
formulation:

N-1
min > O (zhy we) + Oy (zn) (2.4a)

k=0
subject to zo=1= (2.4b)
$k+1:fk<l‘k,uk),k:0,...,N—1 (24C)

where f; : R"*™ — R" are smooth mappings of the states corresponding to the
system dynamics. ¢, and ¢y represent the stage cost and terminal cost, which are
smooth mappings with £ : R"**™ — R"™ and {5 : R™ — R as well. Here n, and
n, represent the number of states and control inputs, respectively.

The problem statement can be reformulated to only contain one minimizing variable
by introducing F : RN — R(W+Dne which is defined by

F(ug,...,un-1) = (Fo(u),..., Fy(u)) (2.5)
where fy = .

Utilizing Equation 2.4b we can express Fj.1(u) as

Fk+1(U):fk(Fk(u),uk), ]{3:0,...,]\[—17 (26)
and denoting w = (ug, ..., un_1), a cost function ¢ can be expressed as functions of
u?

N-1
O(u) =Y b (Fe(uw), up) + Iy (Fy(w)) (2.7)
k=0

The problem formulation in Equation 2.4 can then be formulated as

minimize ¢(u) = {(u), (2.8)

uERN"u

which is known as the single-shooting formulation.
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2.4.2 PANOC Algorithm

The PANOC algorithm breaks down into projected gradient steps and fast quasi-
Newtonian directions. It is a line-search method designed to solve problems in the
form of Equation 2.8.

In short, the projected gradient step is a method similar to a simple gradient-descent
step. In contrast, it can be applied when the function is not differentiable which is
the case in many practical applications [16].

The fast quasi-Newtonian direction is at its core a Newton step. However, the
direction of the Newton-step d* can be calculated with a method called the limited-
memory BFGS method [17]. The L-BFGS method is a quasi-Newtonian method that
does not involve any matrix operations. It calculates the Newton step by a limited
number of inner products which makes it suitable for embedded applications.

The line-search method can be expressed as:
Ups1 = Uy + T d" + (1 — 7)) YR, (u,) (2.9)

where 7, holds the largest value such that

: (2.10)

#r (1) < 0 () =0 R, ()

and ¢, is the Forward Backward Envelope function which will be discussed in sub-
section 2.4.3.

At each iteration, the algorithm calculates an update direction —yR, and a can-
didate for the fast direction d*, calculated by the Quasi Newtonian method. By
appropriately averaging between d* and —yR, with 7, such that Equation 2.10 is
fulfilled, the algorithm enables global convergence and will transition to fast direc-
tions d* when close to a solution.

The method combines favorable properties in terms of convergence and swiftness
which mainly stems from the Forward Backward Envelope function and the Quasi
Newtonian method.

2.4.3 Forward Backward Envelope

Focusing on where PANOC differs from other optimization algorithms, one of the
core novelties is the Forward Backward Envelope (FBE) function. The FBE function
was first proposed in the paper Proximal Newton Methods for Convex Composite
Optimization [18].

To understand how the FBE function contributes to the PANOC algorithm, a brief
explanation of how Newtonian-type optimization algorithms converges is needed.

As a way to guarantee that the solution to the Newtonian-type methods converges,
a method for evaluating if the next Newton step is closer to convergence than the
current step has to be applied.

Often, this is conducted using a so-called merit function that approximates the
function at the current step, the approximation is then used as a merit on where to
take the next Newton step.

8
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In sequential programming, this is usually done by a quadratic program such that
the quadratic upper bound is minimized to evaluate the next step. The main disad-
vantage of this type of merit function is that constructing and finding the minimizing
point to the quadratic program involves a number of inner iterative procedures which
impact the computational time.

Going back to the cost function ¢(wu) in Equation 2.7, a point u;, € U can be
approximated by the quadratic upper bound as:

Qv x) = ) + V() (v — ) + 2 — v (2.11)

where v € U, and v denotes the step size. Using the quadratic upper bound as a

merit function involves finding the minima of Qﬁ which is where the high number of

inner iterations materializes. This process is defined by the infimum inzg Qﬁ(u; Ug).
ve

The FBE is constructed by
o (ur) = Clug) — %HW(W)H? + distyy (ux — YV E(ur)), (2.12)

which, given that the distance to U is easily computed, only contains simple itera-
tions.

For an arbitrary cost function ¢(u), the quadratic upper bound Qé(u; uy) and its
minima 11615 Q' (v;uy), together with the FBE function ¢, (u), are illustrated in

Figure 2.2.

FBE and Upper Quadratic Bound

— i
1t —py(u)
....... Q' (v; uy)
o inf Q! (v; 1.5)
- 0(15)
0.5+ + py(1.5)
0OF
0.5)
0 0.5 1 1.5 2
u

Figure 2.2: A comparison of the different merit functions. Given the point u; =
1.5, both the FBE and upper quadratic bound method produce the same function
value or minima, y ~ —0.2.

Observing the point that satisfies ig{{@ﬁ(u; 1.5) in Figure 2.2, and the point ¢, (1.5),

the minima of the upper quadratic bound, and the function value of FBE, is the
same.
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Hence, the two merit functions evaluate to the same value, with the difference that
finding the minima of the quadratic upper bound is more computationally demand-
ing than evaluating the FBE function, and is one of the key parts that contribute
to PANOC’s swiftness.

2.5 Mixed-integer Nonlinear Programming

On a steady course towards the explanation of how to apply the MPC approach
to a more real-world-oriented problem, the sections above have dealt with the pre-
dictive nature of an MPC and how the optimization problem is often solved using
optimization engines such as OpEn in the nonlinear case with constraints.

One last underpinning factor is the fact that real-world systems often involve a cou-
pling between several kinds of continuous dynamics that coexist and interact based
on discrete events. Such systems are called switched systems [19]. For example, the
dynamics of the engine rpm are temporarily affected during a gear change, and after
the gear change is completed, the system has switched dynamics with a new gear
ratio affecting the dynamics.

Coupled with the addition that the continuous dynamics are nonlinear and that
some variables can only take integer values, a lot of the legacy control methods
are of no use and these problems often require heavy calculations for finding the
solution.

Solvers that tackles these kinds of problem are referred to as Mixed-integer Nonlinear
Programming (MINLP) solvers. The availability of such solver types is limited, with
OpEn and BONMIN being two of the few open-source solvers handling such prob-
lems. However, with the development of faster, more efficient computer hardware,
together with the nature of real-world dynamic systems being nonlinear and con-
sisting of discrete events, scientists and engineers have during the last two decades
started to give MINLP problems more attention [20)].

2.6 Dynamic Programming

Stepping away from readily available solvers, another widely known method for
solving mathematical optimization problems is Dynamic Programming (DP), which
was introduced by Richard Bellman [21] in the 1950s. The process of solving an
optimal control problem with dynamic programming is based on Bellman’s Principle
of Optimality which reads as:

PRINCIPLE OF OPTIMALITY. An optimal policy has the property that what-
ever the initial state and initial decision are, the remaining decisions must constitute
an optimal policy with regard to the state resulting from the first decision.

In control theory, given a discretized state space, this manifests as starting from
a final state at the end of a horizon with length N, and optimizing each sample
instance for a control sequence, one step at a time, until arriving at the initial state

10
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at the beginning of the horizon. As the Principle of Optimality entails, the trailing
sequence of optimized control actions at any sample instance, starting from the end
and stepping backward, is still optimal regardless of any action taken, resulting in
that state at that sample instance.

In the context of control synthesis, dynamic programming provides the designer
with more control of the inner workings of the optimization process, mainly be-
cause it is up to the designer to construct the algorithm. This in turn facilitates
the implementation of constraints and the process of working with mixed-integer
problems.

However, without restricting the dimensions of the state space and the horizon
length N, the dynamic programming algorithm often suffers from “the curse of
dimensionality” [21], meaning that the available control actions or states to explore
increase to a point where the computational time to solve the problem becomes
infeasible.

11
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2.6.1 Dynamic Programming Example

To envision Bellman’s Principle of Optimality, a simple “find the shortest path”-
problem is presented. Defining the problem as a deterministic finite state problem
where the cheapest path to the final state is to be found, dynamic programming can
be used [22].

Let the finite state space be defined by the different possible states, x; with ¢ €
[A,B,C,D,E,F,G,H,I], at the discrete sample instances k € {1,2,3,4,5}, with
the initial state o = x4 and the final state z; = .

At each sample instance k, a control action u, € {£1} can be taken defining which
transition to take (-1 for southeast and +1 for northeast).

The problem is illustrated by the graph in Figure 2.3 below where the numbers are
the transitions costs

Vgt Vo1 =4+ Ve
8+ Vb1
Vo1 = mm{ 34 Ve } Vo =3
. 5+ Veor . 5+ Vasr
VA_”—mln{ T+ Ves } VE_,I—mln{ 6+ Viros
v — min 2+ Ve_r Vasr=5
O=r = 6+ Vi
Veor =14+ Vug

0/
7 @@/

6

k
L 1 1 1 1 >

1 2 3 4 )

Figure 2.3: An example of a DP solution for a DAG (Directed Acyclic Graph).
The green arrows highlight the optimal solution obtained by going backward from
the final state.

Keeping the notation in line with the MPC formulation, the objective function to
be minimized can be defined as:

N—
(4,0 Z (2.13)
where u is a control sequence and /; encodes the transition costs.

12



2. Optimal Control Theory

Applying the dynamic program approach, each state at every sample instance k
is evaluated starting from the final state x; and stepping backward to assemble a
cost-to-go matrix, V 4, defined as:

VcQg,k: = I%Ikn VcQg,k+1 + gk;(uk;) (214)

Iterating the dynamic programming procedure and arriving at the initial state at
k = 1, the cost-to-go matrix V., contains the accumulated cost to z; from all
states at different sample instances k.

Hence, the optimal path or control sequence minimizing the objective function
Vi (z4,u), is the one encoded by taking the lowest cost in V5, at the index corre-
sponding to k = 1, denoted as V7, , in:

min Vy (24, 1) = g1 (2.15)

The path or control signal resulting in the V7, ; can either be found by encoding
them in the backward pass or by making a forward pass and saving the control
action corresponding to the lowest cost-to-go at each sample instance k.
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Synthesis of a Predictive Gear
Controller

This chapter contains the methodology and tools used to translate the theory pre-
sented into the set of derived controllers used to produce the results illustrated later.
The set of controllers follows the receding horizon controller principle and differs in
the type of solver they utilize to solve the minimization problem. The solvers used
are OpEn and a developed dynamic programming-based solver. The Bonmin solver
is also presented in this section but is mainly used in comparison with OpEn since
both are non-proprietary solvers used for MINLP problems.

Initially, the problem structure is presented with an overview of the general signal
flow to and from the controller within the vehicle.

Secondly, a description of the vehicle dynamics in different domains is provided,
together with the discretization method and the resulting state space used by the
derived controllers. The principle behind the gear binary states is explained together
with how they are affecting the engine torque and are utilized to constrain and
penalize the controllers to a certain behavior.

Thirdly, the problem formulation is presented containing the formulation of the
cost function, optimal control problem, and provided parameters. The chapter ends
by explaining how the different receding horizon controllers are created, how the
computational efficiency is measured for the solvers within the controllers, and how
the simulations were conducted.

3.1 Problem Structure

To better understand the structure of the gear-selecting problem, some basic knowl-
edge of the data flow and computing units of the vehicle is needed. The control of
the various functions and parts of the truck are sectioned out to different Control
Units (CUs), distributed throughout the vehicle. These are connected via a system
interface called a Controller Area Network bus (CAN bus), enabling the various CUs
to communicate and select the control signal or measurement needed to perform the
controller task.

The CU controlling the gearbox is called the Transmission Control Unit (TCU)
whose primary responsibility is to select an appropriate gear given the input it re-
ceives from the CAN bus. The gear-shifting operation is accomplished in conjunction

15



3. Synthesis of a Predictive Gear Controller

with other CUs controlling the clutch and ramping of the engine revolutions, among
others.

The selection of the most appropriate gear is a complex and involved process that
includes a vast amount of CAN bus data to produce a gear-selecting strategy that
is, not only efficient but also matches the driver’s expectations.

For example, a gear-selecting strategy increasing the performance of a vehicle is
immensely different from the corresponding strategy to propel the vehicle in the
most fuel-efficient way. The different behaviors are determined by the driving modes
selected by the driver, and the demanded torque given by the accelerator pedal.

A simplified overview of the gear controller in the TCU can be seen in Figure 3.1,
where the controller constantly evaluates different gears according to the driver’s
demand and the current state of the vehicle. This is illustrated by the subprocesses
in the controller schematic.

CAN Bus |TCU

CAN Bus

Gear Info

Subprocesses

Gear Shifts Requested Gear

o
» S i

Evaluation  Gear Shifting Actuator]

Figure 3.1: A simplified schematic of a vehicle CAN bus and TCU evaluating gear
shifts. In this figure, "ECU” denotes the Engine Controlling Unit.

Given that the scope includes examining the implementation and feasibility of dif-
ferent gear-selecting strategies for a gearbox, a scaled-down version of the current
simulation environment at Volvo Trucks is used for testing the different implementa-
tions. For time-saving purposes, the simulation environment is simplified such that
the number of inputs and outputs, needed to run the gear selection software is min-
imized. The synthesized controller uses the demanded torque from the driver along
with measured vehicle states and road data as seen in Figure 3.2. The proposed
controller uses a vehicle model along with road data to predict future dynamics
with the aim of selecting a gear sequence that minimizes an objective function Vy
at each iteration.
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CAN Bus CAN Bus

Gear Info

S pr rocesses Gear Shifts Requested Gear

U | e

Prediction Gear Shifting Actuator

ECU

Figure 3.2: A simplified schematic of a vehicle CAN bus and a TCU executing a
predictive gear-selecting strategy.

3.2 Vehicle Modeling

Making a valid prediction of the optimal gear selection requires thorough modeling
of the vehicle dynamics corresponding to the real physics of the vehicle. Given
that the road data is provided in terms of slope angles per distance, the vehicle
model used by the predictive gear selecting strategy is expressed by its longitudinal
dynamics.

The basis for the model stems from Newton’s second law of motion > F' = ma,
where the forces affecting the vehicle are summed up, resulting in a longitudinal
acceleration of the vehicle shown in Figure 3.3.

The forces affecting the vehicle are described by the tractive force Fj,.., the air
resistive force F;,, the perpendicular force vector Fy resulting from the slope and
gravitational acceleration, and the resistive friction force F,,.q from the road contact
with the wheels.

Figure 3.3: A free body diagram of the forces acting on the vehicle.
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The dynamics of the vehicle can either be described in time domain or space domain
by altering the derivation of the acting forces on the vehicle. Whilst the time domain
is more commonly used and in some sense more intuitive, modeling the vehicle
in the space domain has the advantage of linearizing the model and making the
implementation of road data more streamlined as it is often given in space domain.
Given the ambiguity of which domain to use, the synthesized controller is adapted
for both, with the benefits and drawbacks further discussed in the section 4.3.

The sections below describe the methods to formulate the dynamics in the respec-
tive domain. The model-specific constants used for the dynamics are presented in

Table 3.1.

Acronym Description Value Unit
m Vehicle mass 33000 [kg]
Ry, Wheel radius 0.49 [m)]
g Gravitational acceleration 9.82  [m/s?]
C, Rolling resistance coefficient  0.009 [—]
iq Differential ratio 2.47 [—]
Ay Vehicle frontal area 3.5 [m?]
p Air density 1 [kg/m3]
Cy Drag coefficient 0.6 [—]

Table 3.1: Shared model constant acronyms, values, units, and descriptions.

3.2.1 Continuous-time Dynamics

For the unidirectional motion of a vehicle, using Newton’s second law, the continuous
time dynamics can be expressed by summing the forces acting on the truck, i.e.
ma(t) = Firac(t) — Foir(t) — Fy(t) — Froaa(t)- (3.1)
The tractive force Fj.q. is given by
T.(t)iy(t)ig
FtraC(t) = E(E)ij}(L ) )
where T¢(t) is the engine torque at time ¢, i,(¢) is the gear ratio at time ¢, i4 is the
differential ratio, and R, is the wheel radius. Furthermore, the air resistive force
F», also known as drag, is

(3.2)

1
Fun(t) = 5CapAso(t)?, (33)

where Cy is the drag coefficient, p is the air density, Ay is the effective frontal area
of the vehicle, and v(t) is the vehicle velocity at time ¢. The gravitational force Fj
is

F,(t) = mgsin(a(t)), (3.4)
where m is the vehicle mass including load, ¢ is the gravitational acceleration, and
a(t) is the slope at time t. Lastly, the road resistive force Fjouq is

Froaa(t) = mgC,. cos(a(t)), (3.5)

where C). is the rolling friction coefficient.

18



3. Synthesis of a Predictive Gear Controller

3.2.2 Continuous-space Dynamics

To describe the dynamics in space domain, instead of the acceleration as in time
domain, the derivation stems from the kinetic energy of the vehicle F,,

E,=——. (3.6)

Differentiating the kinetic energy with respect to the distance s, the following refor-
mulation is obtained

dE dv? d
o 2 MY = muo(s). (3.7)

E. = —
v ds 2ds ds

Now, using an alteration of Newton’s second law of motion F' = ma, the following

is obtained

dv dv ds dv .
F =mal(t) = Moy =mo- o =M = muo(s). (3.8)

By observing that the derivative of the kinetic energy, Equation 3.7, equates the
altered Newton’s second law of motion, Equation 3.8, it is possible to express the
dynamics in terms of the derivative of the vehicle’s kinetic energy per distance,
resulting in

E’U(S) = Ftrac(s) - Fair(s) - Ffm'c(3> - Fslope(s)- (39)

The tractive force Fj,q.(s) is the same as in time domain except for the engine torque
and gear ratio being space-dependent. The same applies to the gravitational force
F,(s) and resistive force Foqq(s), where the slope angle « is space-dependent.

The air resistive force Fj; in space domain is formulated using an alteration of
Equation 3.6

v = % (3.10&)
2E,
1 CuA¢pE,

Foir = ichfPU(S)z = dfﬁb(s), (3.10b)

where the resulting expression of Fy;,(s) is linear in the space domain.

3.2.3 Discretization of Continous Dynamics

The continuous functions used to model the vehicle dynamics are discretized using
the explicit fourth-order Runga Kutta method [23], with the resulting Runga Kutta
step defined as

1 1 1 1
wk+1:wk+AZ <6K1—|—3K2—|—3K3—|—6K4>, (311)
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where Az is the domain-specific sample time or sample length. The coefficients are
defined as

K1 = f (Jik, Uk) (312&)
A A
A A

K= f(xp+ AzK3, up + Azuy) , (3.12d)

where f (xy, ug) is the continuous dynamics expressed in Equation 3.1 with the gear
ratios as input uy.

For brevity the discretized dynamics in Equation 3.11 are described as

Titr1 = frica(Tp, ug, o). (3.13)

3.2.4 Gear Specific States

The equations up to this point are adequate to describe the longitudinal dynamics
of the vehicle in either time or space domain given an applied torque by the engine,
T¢, a selected gear 7,4, and a slope angle « given by the road inclination.

However, there are no equations describing the dynamics in the event of a gear shift,
rather than being instantaneous with no effect on the delivered torque by the engine.

To expand the vehicle dynamics in order to describe the event of a gear shift, two
binary states and one timer state are added, defined as the gear request indicator,
the gear binary state, and the gear delay counter.

The gear request indicator is a binary state, Ty state € {0, 1}, that is active during
one sample in the event of a changing control signal wuy, resetting the gear delay
counter to the specified time or distance of a gear shift. The gear binary state is
active for the duration of the gear delay counter holding a value greater than zero.

Using the gear binary state, the delivered engine torque 7, can be set to zero during
a gear shift using
Te - Te - xbinAstateTe' (314>

Using the same approach, two additional states are added, defined as the hold
gear binary state and the hold gear delay counter. The hold gear binary state,
Thod.state € {0, 1}, is a binary state that is activated after the event of a gear shift
for the duration specified by the counter. It is used as a method to penalize frequent
gear shifts in succession by penalizing the event of an active gear indicator during
an active hold gear binary state. In other words, a method to penalize a gear shift
taking place too close to the previous gear shift in time or space.

Figure 3.4 illustrates the behavior of the binary states, where a gear shift is con-
ducted seven seconds into the simulation in the time domain. The gear shifting time
and hold gear time in this example are one and five seconds, respectively.
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Illustration of Gear Binary States
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Figure 3.4: An illustration of the behavior of the gear binary states. The engine
torque is momentarily canceled in the event of a gear shift. The gear binary state
depicts the time for decoupling the engine torque, while the hold gear binary state
is used for penalizing the event of another gear shift occurring within five seconds
after the first gear shift.
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3.2.5 State Space Representation

The full state space representation of the vehicle dynamics can be observed in Ta-
ble 3.2, illustrating the structure of the state space for the respective domains.

State Description Unit

Domain Shared States

xo  Velocity [m/s]
z1  RPM [rev/min]
o Engine torque [Nm]
xs  Output shaft torque [Nm]
x4  Current gear ratio [11.73, 9.21, ...]
x5  Gear request indicator [0,1]
xz¢  Gear delay counter [ms|
x7  Gear binary state 0,1]
xg  Hold gear binary state [0,1]
xg  Hold gear delay counter [ms]
9 Kinetic energy [J]
Time Domain Specific States
x1;  Distance travelled [m)]
r15  Acceleration [m/s?
Space Domain Specific States
ry;  Time [s]

Table 3.2: Common states for the domains and domain-specific states.

The state x is either in the domain R or R*!2 depending on if the model is
defined in space domain or time domain during the simulations.

3.2.6 Engine Map

The engine map is used to produce an RPM reference for the solver given a requested
torque from the driver. The resulting reference is the RPM where the engine is most
efficient given the demanded torque.

The engine map is comprised of a limiting max torque curve of the engine and
contours indicating the efficiency of the engine at different operating points, see
Figure 3.5. The event of a negative torque is described as an engine break, where
the engine is deprived of the inflow of fuel, resulting in a retarding force due to the
friction in the engine and the compressing of air in the cylinders, among others.
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Engine Map Illustration
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Figure 3.5: Illustration of the Engine map used.

The max torque curve of the engine is constructed using values to resemble a
D16K650 engine used in Volvo Truck’s production vehicles. The values were taken
from the data sheet of an engine found at Volvo Truck’s website [24].

Using the MATLAB function polyfit, a polynomial of 5 order
fMazrqg(21) = clx? + ch‘f + 031? + c4x% + csx1 + cg, (3.15)

was created to approximate how the max torque of the engine depends on the RPM
x1. The coefficients of the polynomial are

¢ =—-115-1074

¢y =6.85-1078

3 =—1.15-10"1

o — 016 (3.16)
cs = —76.28

cg = 1.4-10%

The contours indicating the efficiency of the engine were created using ellipsoids
defined by

x1—h 2 Ty — hyg)?
fEng,Eff($17x2) = _<( . aRPM) +( 2 b tq) )'cscale+hoffset7 (317)

taking in the engine RPM and engine torque (z7,73) as argument to express the
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efficiency at that operating point. The coefficients for the ellipsoid are

a=0.7
b=17
Cocate = 2.7-1077
3.18
hrpy = 1200 (3.18)
hig = 2100

hojfset = 0.455.

Given the engine efficiency function fg,g gfr and a demanded torque from the driver,
the most efficient RPM reference together with the torque is passed as parameters
to the solver.

Note that the engine map and its constituent parts are estimated or fabricated to
resemble a production engine rather than to replicate its specific values. This is
done to keep the paper unclassified and focus on the algorithms used.

3.3 Problem Formulation

The problem formulation reflects the overall aim of the controller and defines the
problem for the solver to optimize. The formulation is based on a stage cost ¢, and
a terminal cost £y, which defines the cost at a sample instance k and a cost at the
end of the horizon k = N respectively.

The input to the solver is organized into the current state vector x; and a parameter
vector p, containing road data, the demanded torque, and the calculated RPM
reference. The parameter vector p, is assembled as:

P = Proad Ptorque Pref] y (319)

where P,,0q € RN contains the slope values from the road data, Poyque € R'™! is
the demanded torque and P,..; € R™! is the calculated RPM reference.

The stage cost at instance k is defined by

Uy, py) :QfactorQ<x2,k - pRPMRef,k)2
+ Ry (w5 578)° (3.20)
+ RQx%,k’

where (), Ry, and R, are tuning parameters that affects which behavior the solution
from the solver will have. A high Q-value will force the solver to find a solution
closer to the calculated most efficient RPM. The R;-value will penalize the current
stage if the gear indicator state xs, and hold gear state xg, are activated at the
same time, meaning the solver changes gear during the hold gear time frame. The
Rs-value only affects the gear indicator state. A higher value will force the solver to
take fewer gear shifts and vice versa for a lower value.
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Finally, the Q fqctor is @ dynamic penalization factor that scales with increasing ve-
locity. This is implemented to slacken the penalization for RPM reference deviation
at a slow velocity to get a higher acceleration from a stationary state.

The terminal cost ¢y is defined as

In(zN, Py) = Ra <1>2, (3.21)

T11,k — 11,0

which serves as a mean to penalize the distance traveled in time domain or the
elapsed time in space domain. A high penalization on ¢y will force the solver
to choose a solution resulting in a high average vehicle velocity for the prediction
horizon.

The total cost function reads

N-1

VN (mo,po s 7wN—1apN—1) = Z E(mkapkz) +€N(wN7pN) (322)
k=0

Expanding the problem formulation with constraints, the final problem for the solver
to optimize becomes

N-1

min Z Uk, ) + N (TN, DN)
—0

z,u,p
S.t.
Tpr1 = frica(Tr, ur, Py), (0) = g
Creyvmin < Tey < CrPMMax
Tok < fMaerq(T1k)
up € Uy
x;, € R”

(3.23)

where Crpuymin = 600 and Crpymee = 2000 are the constraints for the engine
RPM, U, is the discrete set containing the gear ratios for the vehicle. The gear
ratios used for creating the input set for the controller are the following: U, =
{11.73,9.21,7.09, 5.57,4.34, 3.41,2.69, 2.12, 1.63,1.28,1,0.785}.

3.4 Receding Horizon Control

The control structure follows the principle of receding horizon control, meaning
that the controller at the current sampling instance k, will take into account what is
known about the process up until the current sample and make a prediction for the
process with a horizon length of N. Using the prediction for the given constraints,
an optimized control sequence, u*, will be calculated.

The receding horizon controller then only extracts the first control signal from w*
and applies it to the process, before repeating the procedure at the next sample
instance. An illustration of the procedure can be observed in Figure 3.6, where at
each sample instance k, an optimized control signal w* is calculated.
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Receding Horizon Control
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Figure 3.6: A visualization of the prediction horizons of a Receding Horizon Con-
troller. The y-axes corresponds to any arbitrary state value while the x-axis denotes
the time instances k;. At each time instance, an optimal control sequence u* is
obtained given a horizon length N and an initial state xy,. The predicted state
trajectories are also shown as the green, blue, and red lines, starting at k+ 1, k+ 2,
and k + 3, respectively.

The optimization problem to solve at each sample instance k is defined by Equa-
tion 3.23, which requires a solver handling the constraints on the states and input,
i.e. a mixed-integer problem, and possible nonlinearities in the model.

The requirement to handle a mixed-integer problem eliminates a large portion of the
available solvers, especially coupled with the requirement of being non-proprietary
or available in MATLAB.

Two optimization toolboxes that were deemed suitable for handling the requirements
were BONMIN and OpEn which will be discussed more in detail. Apart from the
difference in how the toolboxes implement the mixed-integer handling and how the
problem formulation is constructed, they also differ in the optimization routine.

Given the lack of available solvers handling the requirements of the problem, an
alternative optimization routine based on DP was constructed in MATLAB.

From here on, the receding horizon controllers are referenced to as MPCs.

3.4.1 Basic Open-source Nonlinear Mixed Integer Program-
ming

Basic Open-source Nonlinear Mixed INteger programming (BONMIN) is a solver
developed for solving general MINLP problems [11] and is part of an ongoing project
within an open-source environment, COIN-OR [25]. COIN-OR works as a database
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for software components used to solve MINLP problems. Bonmin facilitates several
algorithms for solving MINLP problems. The algorithm used for solving the Lotka-
Volterra problem, presented in the results, is B-OA.

B-OA: Outer approximation decomposes the nonlinear part from the integer part
[26]. It enables describing the solution of an MINLP problem as the intersection
of an infinite collection of sets. The objective of the approximation is to provide a
linear representation of an MINLP, i.e. a mixed-integer linear programming (MILP)
problem.

Due to the unsatisfactory performance of the initial test conducted with the BON-
MIN solver and Lotka-Volterra problem (see section 4.1), no further endeavors were
done to synthesize a predictive gear-selecting controller utilizing BONMIN as a
solver.

3.4.2 Optimization Engine

Optimization Engine (OpEn) is an open-source code generation toolbox for opti-
mization problems designed with real-time embedded applications in mind. It relies
on a novel numerical method called PANOC, the inner workings’ of which are dis-
cussed in the theory section 2.4. The compiled solver is written in the programming
language Rust which is a high-performance, modern language with memory- and
thread safety as its main focus points [27].

The solver can be interfaced directly using C/C++ bindings or over TCP, enabling
it to be easily integrated into a C/C++ or a SIMULINK environment.

Figure 3.7 gives an overview of the design flow using OpEn.

g ) O Python/MATLAB
Design Interface O Rust
\— . o C/ C++
- ¢ ™
Runtime
Solver Solver Engine
— _

Solver interfaces

TCP Server C/C++ Bindings

Figure 3.7: An overview of the OpEn design flow. The interface communicating
with the solver is designed in either MATLAB or Python.

Using OpEn [14], it is possible to formulate a mixed-integer problem by defining a
constraint C, on the input signal. The constraint C, is a set of finite sets defined as

Co=[Uy Uy ... Uy| e RWN (3.24)
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3. Synthesis of a Predictive Gear Controller

where U, is the finite set consisting of the gear ratios, defined in Equation 3.23, and
N is the length of the horizon.

The constraint C, forces the solver to choose a control input u € U, at every sample
instance k within the prediction horizon of length N, minimizing the cost function
defined by the problem formulation.

Using OpEn, an MPC was developed with the structure illustrated in Figure 3.8.
The solver is interfaced using the C/C++ bindings, returning an optimized control
signal u* together with the accumulated cost for the prediction.

Ptorquey Pref u*

o ) OpEn —
E_’ Solver Interface| V¥ 0

PANOC
Algorithm

Figure 3.8: The control structure using OpEn as the solver for the problem formu-
lation. It takes driver torque demand Piypque, an RPM reference Py, the initial state
xo, and slope data P,,4 as input. The OpEn Solver Interface calls the PANOC
Algorithm and returns a solution w* and a prediction cost V3.
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3. Synthesis of a Predictive Gear Controller

3.4.3 Dynamic Programming Solver

Using the dynamic programming approach presented in section 2.6, a solver calcu-
lating the optimal control policy given the problem formulation in Equation 3.23
was developed. Based on this solver, an MPC was constructed.

Below, in Figure 3.9, is a flowchart describing the outer calculations of the proposed
solver and controller. The inner calculations are included in every process block.
Only the Cost-to-go calculations will be described in further detail since these are
the foundation of the DP solver.

Ptorqu67 Pref

Zo * *
b
Pron,d

A

Calculate Create
terminal state state-space
\ 4
Ty Xss

Cost-to-go

4 20 \
190 5 U(:2 g ’lL*
» Uy, (idz, 1
500 i calculations 29 ) +

5

chg T Zd.’E

L pimin (Vg4(:, 1))

Figure 3.9: The control structure of the DP solver. The input to the controller is
the driver torque demand P,yque, the RPM reference Py, the initial state oy, and
the slope N steps ahead, P,..q. The algorithm found in the cost-to-go calculations
block is presented in algorithm 1, calculating the cost-to-go matrix Vo, and the
control options U .4 corresponding to each entry in V .o,. The controller output is
the optimal control sequence u* and the prediction cost V3. The set of gears U, is
a global parameter set used within the cost-to-go calculations.

The input to the controller is the current vehicle state, the demanded torque from
the driver, and, if available, road data describing the slope going forward. Then a
terminal state x; at the horizon N is predicted using a simple if-statement-based al-
gorithm with predetermined shift points based on the RPM of the engine. However,
it still uses the same model dynamics as presented in section 3.2.

The domain, or state space X g5, with all reachable states going forward, is created
based on the current vehicle state &, and predicted terminal state x ¢, together with
the horizon length N and the admissible control action.
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3. Synthesis of a Predictive Gear Controller

A visualization of the state space created at each iteration is shown in Figure 3.10,
where each node in the graph represents the state of the vehicle, hence containing
all the vehicle-specific states described in Table 3.2.

AU XS'S
Xi+1  Xpgyo o oo XN

.~ '
T 0 l;(\ ,”‘ S

Figure 3.10: 5 x N state space visualization. The algorithm is able to evaluate
changing gears twice up or down over the horizon N from the initial state x,.

With the state space defined, the cost-to-go matrix V.o, and the gear matrix Uy,
holding the gear selections for each time step in one horizon, are calculated as shown
in algorithm 1.
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3. Synthesis of a Predictive Gear Controller

Algorithm 1: Cost to go

Data: xy, s, Xs5,U,, N, p,,
Result: Vo, Uy

Ny < size(Xgg, 1);

Ng 1ot < size(1,Uy);
Y

chg < NCLNNng§

Uy < On,xn;

idzy g, < £ind(Uy == 40);
k < N;

while £ > 0 do

fori=1: N, do

xi), — Xgs(i, k);

if Kk == N then

U og(i, k) < Tan;
else

Vo 0;

U oy(i, k) < a1

ahead.

Zdl’vc — 0;

2g,k+1

idl’vc
break;

end
end

end
end
end
end
k——;
end

Csspir < Xss(, k+1);

for g = max(1, idx, 4, —
selGear < U,(9):

for s=1: N, do

Zs 1 < Csspr1(9);
if 255141 == selGear then

2g,k+1

> Size of gear-dimension in X gg.
> Total number of gears in gearbox.

> Gear changes up/down from initial gear.

> Find @y’s gear index in U,,.

V029<i7 k) — g(mi/mpk? 1130) + EN(wikapka Lo, wf)v

> Extract the column of states one step

Ay) s min(idzg 4o + Ay, Ngior) do

V < U@, p, o) + Vglidy,,, ik + 1);
if V < V9,(i,k) then
| V(i k) < V;

The input to the algorithm calculating the cost-to-go matrix V .9, is the initial state
o, the terminal state x, the state space X, the array of gear ratios U, which
values and size depends on which gearbox is used, and the horizon length N.

It returns the cost to go matrix V ., and the control matrix U s, corresponding to
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3. Synthesis of a Predictive Gear Controller

the choice of gear for each entry in V ..

V .54 holds the accumulated cost going from the terminal state to the state x;, in
X ss. This means that after having run the cost-to-go algorithm, it is enough to
look at the first column of the cost-to-go matrix V 5,(:,1) and extract the index of
that column having the lowest accumulated cost.

This index is then used with the cost-to-go control matrix to extract the optimal
gear going forward. This is illustrated by the min-block in Figure 3.9, returning the
optimal gear index as well as the accumulated cost corresponding to that control.

3.5 Performance metrics

To evaluate the performance of the different proposed algorithms across different
hardware, a performance metric that decouples the algorithm and hardware has to
be used.

Common ways of doing this include Millions of instructions per second (MIPS)
and Floating Point Operations per second (FLOPS), which combined with the run-
time gives an estimate of how many instructions or operations are executed by the
algorithm.

Given the data types used by the algorithms, and that different hardware vendors
implement arithmetic’s using different instruction sets, FLOPS is used to evaluate
the performance of the algorithms as it is a measurement of how many floating point
operations is executed regardless of how many instructions may lay behind.

FLOPS is defined by

Cycles " FLOPs
Seconds = Cycle

FLOPS = Cores x (3.25)

FLOPS for specific hardware can either be calculated using a purpose-built program
or estimated using Equation 3.25 and the specification sheet for the hardware.

To estimate the performance of each algorithm, the FLOPS for an Intel i7-8750H
and an ARM Cortex A53 is measured using a software library called LINPACK [28],
with the results presented in Table 3.3.

Hardware ‘ Cores ‘ FLOPS
i7-8750H 6 22.6-10°

ARM Cortex A53 4 0.29-107

Table 3.3: Hardware used to compare the run-time of the algorithms on embedded
hardware.

As the specific hardware used in the TCU used by Volvo Trucks is not available for
publishing, the ARM Cortex A53 processor is used to estimate the run-time of the
algorithms on a more embedded-oriented processor.

To calculate the estimated run-time on the ARM cortex A53 processor, the algo-
rithms are first executed on the Intel i7-8750H processor and timed as Ti;. The
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3. Synthesis of a Predictive Gear Controller

number of operations is then calculated and an estimate of the run-time, Tx53, on
the ARM processor is calculated by

iTFLOPS

Tass = gagee— - Tiy (3.26)

A53rLoPS
A53C0res

3.6 Simulation

To simulate the different developed control structures in a cohesive manner, a sim-
ulation environment was developed in SIMULINK with interfaces for the DP-based
and OpEn solver. The simulation environment is constructed to resemble the equiv-
alent found on Volvo in a substantially scaled-down way, yet capturing the vehicle
dynamics in an adequate way.

The layout, shown in Figure 3.11, is divided into three main sections. The left
area of the top section has a switch that can change between the developed gear-
selecting strategy or a conventional gear-selecting strategy. The top right area has
four switches that can be adjusted to create different simulation scenarios.

The first lever changes between the driver mode and the constant torque mode.
The driver mode is based on a simple Pl-regulator that regulates the current vehicle
velocity to the setSpeed variable, which is defined outside of the simulation envi-
ronment and fed into the TorqueSelector block. The constant torque mode can be
modified to a triangle-shaped input using the second lever.

The Gear Control section in the middle handles everything connected to the gear
shifts. It also reads the predefined slope data from the workspace. The GearShift-
Controller block contains the interfaces to the respective solver along with the shift
map utilized when running in the conventional gear-selecting strategy mode.

The slope data is generated using different alterations of a sinus function together
with flat road sections to form the defined test scenarios. This can easily be replaced
with slope data gathered from real-world road data.

Lastly, the Vehicle Model section is used for simulating the vehicle dynamics as well
as logging the data necessary for the analysis of the gear-selecting strategy.
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Gear Control Simulation

Gear Control Selector Simulation Selector

Commercial Gear Selector Driver Triangle Slope DownHill
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Figure 3.11: Simulation layout in SIMULINK used to evaluate the different gear
control strategies and create the results.
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4

Results and Discussion

The results are presented in chronological order reflecting the workflow of the project.
After each result there is a discussion about the obtained results and observations.

The first result to be presented is the solver comparison where the two identified
non-proprietary solvers are benchmarked using a simple Lotka-Volterra problem to
test the performance before continuing with the gear-selecting controllers.

With the choice of solver concluded, the next result to be presented is the valida-
tion results from the simulation environment described in section 3.6, where it is
compared with a similar Volvo environment. The results to be shown thereafter are
simulations highlighting the difference between modeling the dynamics in time and
space domain and identifying the strengths and weaknesses of the two models.

Following the domain-specific results are the main bulk of results, which are coupled
with the objectives described in section 1.1. Here are the results from the proposed
MPCs utilizing the OpEn solver and the dynamic programming solver described
in subsection 3.4.2 and subsection 3.4.3. The two controllers are tested in various
scenarios, mainly to benchmark them in terms of optimality and secondly to test
the robustness of each controller. Note that they are both referred to as MPCs with
the distinction that they use different solvers to solve the optimization problem.

Concluding the result section, the times it takes for the OpEn and dynamic pro-
gramming solver to calculate the optimized gear selection are examined. The solve
time is then extrapolated to more embedded-oriented hardware using the FLOPS
calculations described in section 3.5, to get an estimation of how the respective
solver would cope in an embedded application.

4.1 Solver Comparison

As part of identifying appropriate solvers for the specific optimization problem,
Equation 3.23, the identified non-proprietary solvers were benchmarked using a
Lotka-Volterra problem with the dynamics defined as:

T1 = XT1X9 — C121U
.j?g = — X221 — C1T2U.

(4.1)

where ¢; = 04, ¢co = 0.2 and u € {0,1}. The resulting problem, therefore, con-
stituted a mixed-integer and non-linear problem. As described in section 3.4, the
available solvers for the problem at hand found were the OpEn and BONMIN solvers.
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4. Results and Discussion

Applying the problem formulation with the dynamics as in Equation 4.1 and reg-
ulating towards a reference xy = 1 and x5 = 1, the two solvers yielded the results
according in Figure 4.1 below. The total solve time per solution was measured for
each solver running a five-second simulation for the problem.

Lotka-Volterra Control with OpEn Solver Lotka-Volterra Control with BONMIN Solver
| | =0 | | a0
25 r J)z(t) b 25 r xz(t) 7
u(t), OpEn - —u(t), BONMIN
- = Reference - = Reference
2r Solve Time: 0.1780 [ms] [] 2r Solve Time: 276.68 [ms] |]

Figure 4.1: State trajectories and control sequence of the Lotka-Volterra simula-
tions using OpEn and Bonmin as solvers. x; and x5 are the different model states,
u is the control signal obtained from the different solvers, and the red stretched line
is the reference for both states.

According to Figure 4.1, the two solvers yielded quite similar results for the opti-
mization problem in terms of solutions for the trajectory of x; and x,, with similar
control actions on wu.

The main difference between the two solvers is in the solve time, where OpEn is
roughly a factor 10® times faster than BONMIN.

Given the obtained results in terms of total solve time for the OpEn and BONMIN
solvers, the OpEn solver was selected for the MPC running a non-proprietary solver.
Hence, OpEn was the solver used to obtain the results while comparing it to the
MPC utilizing the dynamic programming solver.

4.2 Simulation Environments

As mentioned in section 3.6, a simulation environment was constructed in SIMULINK
to test the different proposed controllers in various scenarios, with the motivation
to not conduct them in Volvo’s dito described in section 3.1.

To validate the constructed simulation environment, a comparison between the
SIMULINK environment and one of Volvo’s environments was conducted, with the
results in Figure 4.2.
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The results were obtained by setting a constant driver-demanded torque and an
initial velocity of 5 m/s for both environments. To replicate the gear-selecting
strategy from the Volvo simulation in the SIMULINK equivalent, a look-up table
holding the RPM values for the shift points for the different gears was constructed.

Along with the comparison between the two environments, a simulation in the
SIMULINK environment running the MPC with OpEn as the solver, was conducted
to showcase the similarities to the gear-selecting strategy inflicted by Volvo’s simu-
lation environment. The OpEn solver solution can be observed by the dotted blue
line in Figure 4.2.

Simulink Model Validation by Velocity

Simulink Model Validation by RPM

Do
o
T

15+

‘ 1600 :

Simulink Simulation Simulink Simulation
——Volvo Simulation || 1500 ——Volvo Simulation
------- MPC OpEn Solver e MPC OpEn Solver

RPM [rev/min]

50 100 150 0 50 100
Time [s] Time [s]

(a) (b)

Figure 4.2: Results from comparing the developed simulation environment to one
of Volvo’s internal simulation environments. The solution from the OpEn-based
controller given the same conditions is also plotted as the blue dotted line to show
the potential of using an MPC for gear selections instead. The scenario consists of
an initial velocity of 5 m/s, a constant engine torque of 1000 N, and an initial gear
ratio of 2.69.

Observing the results in Figure 4.2, given the same demanded constant torque and
initial values, the SIMULINK and Volvo simulation environments shows the same
behavior. As a result, this validates the use of the SIMULINK environment as the
main simulation environment for the proposed controllers.

Observing the behavior of the MPC with OpEn as the solver, it can be concluded
that it mainly deviates from the controller actions in the Volvo simulation during low
velocities and almost converges at velocities exceeding 15 m/s. The larger deviations
at the lower velocity range can be derived from the dynamic @ f4ctor implemented
in the problem formulation for the OpEn solver, described in section 3.3, which
slackens the penalization from the most efficient engine RPM at lower velocities to
achieve a higher acceleration from a standstill.
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4.3 Space Domain Evaluation

As described in section 3.2, the dynamics of the vehicle can be modeled in either
time or space domain. To evaluate which domain was best suited for the MPC, a
test scenario in space domain was conducted. The scenario consisted of a flat road
with an initial velocity of 5 m/s and an initial gear ratio of 2.69, coupled with a
constant demanded output shaft torque of 2000 N.

Controlling the gear sequence during the test scenario were two MPCs using OpEn
as the solver. The only difference in the controllers was the sample length they
utilized when discretizing the vehicle dynamics, with one being ten times longer
than the other. The results for the two controllers can be observed in Figure 4.3.

Sample Length Evaluation by RPM «106 Sample Length Evaluation by Cost
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Longer Sample Length
Shorter Sample Length

Longer Sample Length
Shorter Sample Length| |
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1300 ¢
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- - Reference Total Cost Longer: 31798.2292
1210 Total Cost Shorter: 182380.658”
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S
I} 8
B
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___________________________ 4l
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500 1000 1500 0 500 1000 1500
Distance [m] Distance [m]
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Figure 4.3: Space domain-based OpEn solvers running a short and a long sample
length during an acceleration scenario. The vehicle simulation starts with an initial
velocity of 5 m/s, an initial gear ratio of 2.69, with a constant driver demand output
shaft torque of 2000 N. The RPM reference was set to 1200 rev/min.

From Figure 4.3a it can be seen that for low velocities, the solver with a short
sample length manages to follow the RPM reference slightly better than the solver
with a long sample length and vice versa for higher velocities after approximately
750 meters.

The same phenomenon is confirmed in Figure 4.3b, where at low velocities, the
controller utilizing a short sample length has a lower cost compared to the controller
with a long sample length. The opposite is true at high velocities where the controller
with a long sample length has a lower cost.

This can be explained by taking the controller with a long sample length as an
example. At low velocities and a relatively long sample length, the continuous
dynamics are not accurately described by the discretized dynamics. The sample
length is too long resulting in a suboptimal prediction and control actions with a
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higher cost as a result.

On the other hand, at high velocities, the longer sample length is adequate to
describe the continuous dynamics and due to the fixed prediction horizon N, results
in a longer prediction horizon expressed in meters and a better prediction and control
action with a lower cost compared to the controller with a short sample length.

Concluding the results in Figure 4.3, modeling the vehicle dynamics in space do-
main requires a sample length short enough to accurately describe the continuous
dynamics at the lowest expected velocity, which at higher velocity will be excessive
in terms of capturing the continuous dynamics, where it would be more beneficial
to have a longer sample time yielding a longer prediction horizon. An alternative to
this contradiction is to have two or more controllers with different sample lengths
and switch between them according to the velocity of the vehicle.

Instead of having two controllers or more, acting at different velocities, the proposed
MPC will be modeled in time domain since the sample length in terms of distance
scales with velocity. The drawbacks of doing so are that the equations describing the
dynamics are nonlinear, as discussed in section 3.2, and that the road data probably
has to be transformed to time domain as it is often expressed in space domain.
On the contrary, the advantage of modeling in time domain is that the equations
dictating the behavior of the binary states are more easily expressed in time, the
motivation is that the length of a gear shift is expressed by the duration in time
and not in the distance in meters, hence, the equations of the binary states in time
domain has no dependency on the velocity of the vehicle.

4.4 Road Data

To confirm that the proposed MPCs act upon the provided road data containing
the slope of the road ahead, a scenario was created where the vehicle traveling at
constant velocity was subdued to an uphill road. The initial velocity was set to 13.9
m/s, a constant driver demand output shaft torque was given as 1500 N, and the
initial gear ratio was set to 1.63. The output shaft torque was set slightly lower
compared to the previous tests such that the inflicted slope affected the velocity in
such a manner that a gear change was evoked.

The prediction cost, namely the accumulated cost for each prediction at each time
step, for the two controllers utilizing the OpEn and the dynamic programming solver,
respectively, can be observed in Figure 4.4. Each controller was subdued by the same
uphill over two scenarios, one with road data available and one where it was not
available. During the latter scenario, the slope data sent to the solver consists of
Zeros.
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Figure 4.4: A comparison of prediction costs for the OpEn and DP solvers provided
slope data and no slope data. The initial velocity was set to 13.9 m/s with a constant
output shaft torque of 1500 N and an initial gear ratio of 1.63.

Observing the results in Figure 4.4, both controllers exhibit a lower prediction cost
when exposed to the uphill with road data available. This confirmed that both con-
trollers act upon the road data provided, utilizing it to produce a better prediction
with a lower prediction cost.

In addition, observing the cost for the controller utilizing OpEn as the solver, it
can be noted that the cost was higher than for the controller utilizing the dynamic
programming solver.

4.5 Base Scenario

With the results concluding which non-proprietary solver to utilize, which domain
was the most advantageous, and confirming that the solvers produce a lower predic-
tion cost with available road data, it is time to present the results moving towards
a more realistic scenario.

The first test scenario was a base scenario, consisting of a flat road with a constant
demanded output shaft torque of 2000 N from the driver, and an initial velocity of
5 m/s.

The result from the two proposed controllers utilizing the OpEn and dynamic pro-
gramming solver can be observed in Figure 4.5.
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Figure 4.5: Results from the base scenario based on an acceleration phase with an
initial velocity of 5 m/s, an initial gear ratio of 4.34, and a constant output shaft
torque set to 2000 N.

From Figure 4.5¢, it can be concluded that the dynamic programming solver was
keen to change gear earlier than the OpEn solver, resulting from the behavior to
more strictly follow the RPM reference, as can be observed in Figure 4.5b.

Although the different solvers change gears at different time instances, they reach
the same velocity at the end of the simulation, as can be seen in Figure 4.5a. Looking
at the Engine Map in Figure 4.5d it is apparent that the DP-based solver sustains
a higher efficiency during the simulation.

The state cost for the different controllers running the base scenarios is illustrated
in Figure 4.6.
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Figure 4.6: The intermediate state cost and accumulated total cost per solver for
the base scenario.

Observing the state cost for the two controllers, the controller utilizing the dynamic
programming solver exhibits a lower state cost across the whole duration of the
scenario. In the worst case, during the first gear change, the intermediate cost of
the OpEn solver was larger by a factor of four.

4.6 Robustness

In most cases, the driver would like to reach or maintain a certain velocity while
driving. To evaluate how the controllers handle this scenario a Pl-regulator was
constructed simulating a driver aiming to hold a certain vehicle velocity. The PI
regulation of the vehicle velocity was conducted using the demanded output shaft
torque as a control input, translating to different pedal positions from the driver.

Together with a non-constant demanded torque from the driver, the robustness of
the controllers was also evaluated when exposed to a road profile containing an
uphill and a downhill.

4.6.1 Acceleration Scenario

The first scenario evaluating the robustness of the controllers was an acceleration
scenario. It was conducted by simulating a driver aiming for a reference velocity of
11 m/s starting from an initial velocity of 5 m/s. The results from this scenario can
be observed in Figure 4.7.

42



4. Results and Discussion

Solver Evaluation by Velocity

—d\/lPC DP Solver
12 ——MPC OpEn Solver|]
11
710
£
B 9
g
E 8
7
6
5 L L
0 50 100
Time [s]
(a)
Solver Evaluation by Input Signal
‘ —‘MPC DP Solver
——MPC OpEn Solver
4.34 —Slope 10.02
.2
T 341
= 0
g
[
U \L
2.69 -
212+
1.63 - ! !
0 50 100 150

Time [s]

(c)

150

0.03

10.01

1-0.01

=-0.02

-0.03

Slope [rad]

Solver Evaluation by RPM

——MPC DP Solver

1800 -
——MPC OpEn Solver
1700 + - = Reference 3
1600
g
£ 1500
A
3
. 1400
E 1300
~
1200
1100
1000 & s s J
0 50 100 150
Time [s]
(b)
Solver Evaluation by Engine Map
4000 ‘ C::}Enéine Effeciency Coeff.] |
——Engine Torque Curve
e MPC DP Solver
3000 + e MPC OpEn Solver
g 2000 +
Z.
o SO
& 1000 %,
= :
%ﬁ
-1000 —————
1000 1500 2000
RPM [rev/min]

(d)

Figure 4.7: Results from a robustness test accelerating the vehicle from an initial
velocity of 5 m/s to a reference velocity of 11 m/s. The driver demand output shaft
torque was simulated using a PI regulator which converts the velocity difference
from the reference to output shaft torque. The initial gear ratio was set to 4.34 and
the RPM reference was set to 1200 rev/min.

Observing Figure 4.7a, it can be noted that both controllers, utilizing the different
solvers, manage to handle the non-constant driver-demanded torque resulting from a
driver aiming to accelerate up to 11 m/s. Hence, both controllers exhibit robustness
in terms of handling a varying demanded torque from the driver.

Figure 4.7b shows that the controller utilizing OpEn as the solver was more prone
to let the engine rev to higher RPMs whilst the controller using the dynamic pro-
gramming solver follows the RPM reference more steadily. This manifests in gear
shifts at an earlier stage as observed in Figure 4.7c and a trajectory closer to the
most efficient RPM observed in Figure 4.7d.
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The state cost for the two controllers can be observed in Figure 4.8. As for the
base scenario, the controller utilizing OpEn as the solver exhibits a higher state cost

compared to the dynamic programming dito, resulting from the controller letting
the engine RPM be at a higher level.
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Figure 4.8: The intermediate state cost and accumulated total cost for the different
controllers during the acceleration scenario.
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4.6.2 Slope Scenario

To further investigate the robustness of the controllers, a slope scenario was con-
structed. The scenario consists of an uphill followed by a downhill. The combined

slopes are succeeded or followed by a flat section.

The initial velocity and target velocity for the driver are both set to 13.8 m/s. The
results from the scenario are shown in Figure 4.9.
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Figure 4.9: Results from the combined uphill and downhill scenario given an initial
and reference velocity of 13.9 m/s, an initial gear ratio of 1.63, and a PI regulator
controlling the output shaft torque based on the velocity deviation from the reference

velocity.

Observing Figure 4.9b, it can be noted that the controller utilizing the dynamic
programming solver once again manages to stay closer to the RPM reference than
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the OpEn-based controller. This translates to the more optimized trajectory for the
dynamic programming solver observed in the engine map Figure 4.9d.

Observing Figure 4.9a, the driver controller with the underlying gear controller
utilizing OpEn as the solver manages to follow the set velocity slightly better.

To conclude, the results show that both controllers exhibit robustness in terms of
the ability to handle a varying demanded torque and slope. Observing the control
sequence from both controllers, they produced different optimized trajectories as
can be observed in Figure 4.9b, where the OpEn-based controller shifts up while
the dynamic programming-based controller keeps the gear. When the OpEn-based
controller then shifts down, the dynamic programming-based solver shifts up.

The state cost from the scenario can be observed in Figure 4.10. The controller
utilizing the dynamic programming solver manages to minimize the state cost in a
more effective manner than the controller utilizing OpEn.
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Figure 4.10: The intermediate state cost and accumulated total cost during the
slope scenario.

In conclusion, the scenario-based tests conducted with the two MPCs, the controller
utilizing a dynamic programming-based solver always obtained a control sequence
that had a lower state cost compared to the controller using OpEn as the solver.
This was despite the fact that the controllers had the same tunings in terms of
Q factor, 121 and Ry together with the same stage cost ¢ and terminal cost £x.

While the dynamic programming solver exhibits a more optimized solution in all of
the conducted scenarios, the solve time compared to the OpEn solver was higher as
will be shown in the next section.
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4.7 Embedded Environment

To estimate the performance of the different solvers in terms of solve time in an em-
bedded environment, the number of operations conducted by the computer running
the algorithms was estimated using the performance metric FLOPS as described in

section 3.5.

The estimated solve times in an embedded environment were based on the solve time
for the slope scenario in subsection 4.6.2, running on an Intel i7-8750H processor,
presented in Figure 4.11.

Solver Evaluation by Solve Time

——MPC DP Solver
——MPC OpEn Solver
1001
Average solve time DP: 8.366 [ms]
Average solve time OpEn: 0.257 [ms]
“210°!
Q
E
&=
21072
Q
wn
107%} :

0 50 100 150
Time [s]

Figure 4.11: Solve time for the controllers utilizing the different solvers. The solve
time reflects the time it takes for the solver to find a solution to the optimization

problem. In line with the receding horizon principle, this was repeated at each
sample instance.

Observing Figure 4.11, the OpEn solver was faster than the constructed dynamic
programming solver, by roughly one order of magnitude. This was confirmed for all
of the conducted scenarios; for brevity only the solve time for the slope scenario is
shown.

Using the measured FLOPS on the computer running the scenario, the number of
operations needed to run each algorithm was estimated and is presented in Table 4.1.

Hardware | Solver | FLOPS | Solve Time [ms]
i7-8750H | OpEn | 9.704-10° 0.257
i7-8750H DP | 3.159-107 8.366

Table 4.1: The solve time and the number of operations conducted by each solver,
running the slope scenario on an Intel i7-8750H processor.
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Using Equation 3.26 together with the results obtained in Table 4.1, the estimated
solve time on the embedded oriented processor ARM Cortex A53 is presented in
Table 4.2.

Hardware | Solver | FLOPS | Est. Solve Time [ms]
ARM Cortex A53 | OpEn | 9.704-10° 12.982
ARM Cortex A53 | DP | 3.159-107 422.590

Table 4.2: The estimated solve time and number of operations conducted by each
solver, running the slope scenario on an ARM Cortex A53 processor.

The estimated solve time on the ARM Cortex A53 processor was 12.982 ms and
422.590 ms for the OpEn and dynamic programming solver respectively. While the
feasibility of implementing the solvers on embedded hardware in terms of solve time
is up to the designer and the specific problem at hand, the results in Table 4.2
shows that especially the OpEn solver exhibits a solve time that could be deemed
as feasible for a gear-selecting strategy:.

The results for the dynamic programming solver should be observed in the light
that no effort was conducted to optimize the routine and that MATLAB code does not
result in compiled binaries in the same way as the Rust code for the OpEn solver.

It is therefore likely that the dynamic programming solver would have a higher
performance in terms of solve time if it was written in a compiled language such as
C or C++ together with more efficient code.

In conclusion, especially the OpEn solver is deemed feasible for an embedded appli-
cation, with the DP-based solver deemed feasible but in need of a more optimized
and compiled algorithm before being implemented in an embedded application.

4.8 Versatility

The versatility of the proposed controllers was evaluated in terms of the ease to
change the behavior of the controller, the convenience to transfer it to another
vehicle, and the ability to have control of the optimization routine.

Starting with the ability to alter the behavior of the controller output, the aspects
dictating this are mainly the problem formulation with the constraints together with
the penalization of the stage cost ¢, and terminal cost ¢5. These are universal and
do not depend on the solver used to solve the optimization problem.

An emphasis on the tuning parameters has been made to make them easily accessible
and logically formulated such that it is intuitive for the user to change the behavior
of the gearbox controller to replicate different drive modes. Among others, currently
implemented is the ability to penalize the travel time of a route, hence reflecting if
the solver should seek a solution that accentuates velocity and acceleration. In the
same way, there is a tunable penalization of the deviation from the most optimal
RPM reference, dictating if the solution should emphasize efficiency. Coupled with
the drivability aspect is the penalization of the behavior of not changing gears often.
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Using the available states in Table 3.2, it is straightforward to expand and tune the
stage cost £, or terminal cost £y to get the desired behavior. In terms of ease for the
designer to implement different behaviors from the controller, the proposed control
structure is therefore deemed versatile.

Evaluating the ability to transfer the control structure to different vehicles involves
whether or not the underlying model is able to sufficiently describe the dynamics of
the vehicle it should be transferred to. The underlying model, as of now, is describing
a single power plant or engine coupled with a gearbox. As the optimization is
centered around the engine map, it is possible to replace it with another map to
reflect a different engine or power plant, regardless of the propellant.

As for the gearbox, changing the control set U, formulated in Equation 3.23, trans-
lates to changing the ratios in the gearbox. The number of gear ratios in the gearbox
can be set by the designer.

Concluding the ability to transfer the control structure, the structure is able to be
transferred to other vehicles if the driveline is of a similar structure. If needed, the
underlying model can be expanded or altered to fit vehicles that differ substantially.
The control structure is therefore versatile in this regard.

The last evaluation point is the ability to have control over the optimization rou-
tine, where the OpEn solver and dynamic programming solver exhibit the starkest
differences. Here the OpEn solver can be viewed as a black box which is prompted
a problem formulation and outputs a solution. There is no obvious way for the
designer to debug why the solver chooses a specific solution. The solution is solely
dependent on the problem formulation consisting of the modeling of the vehicle
coupled with constraints on states and input.

In contrast, the dynamic programming solver is constructed with the specific gear
shifting problem in mind and can be summarized as populating the cost-to-go matrix
V .54 using for-loops together with the stage cost ¢, and terminal cost ¢5. Hence
debugging the optimization routine and customizing it for different special events
is straightforward compared with the OpEn solver. Here, special events can for
example be starting in a steep uphill among others.

Concluding, the ability to have control of the optimization routine, the dynamic
programming solver is deemed versatile while the OpEn solver is harder to debug
and customize towards a specific problem, hence not being as versatile to the same
extent.
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Conclusion

The objective of this project was to investigate the possibility to adapt a predictive
control structure for the specified gear-selecting strategy in a vehicle. The control
structure should be versatile and feasible to adapt to embedded hardware. To ac-
complish the objective, different available solvers were investigated together with
the construction of a purpose-built dynamic programming solver.

The developed SIMULINK environment produced similar results compared to Volvo’s
simulation, indicating that the vehicle model used is advanced enough to give mean-
ingful results.

When determining whether to use a space or time domain-based model, the results
showed that a model based on time domain is more flexible when driving at different
velocities since the horizon length varies in terms of distance.

It could also be concluded that the controller benefits from having available road
data, producing more intelligent gear sequences when driving on a hilly road. When
comparing the OpEn-based controller to the DP-based controller, the DP-based con-
troller produced solutions that had an overall lower cost given the same stage and
terminal cost functions. This was true for all scenarios tested where the DP-based
controller changed gears such that the engine was kept in more efficient areas, con-
suming less fuel or energy. The fact that the OpEn-based controller produces inferior
results compared to the DP-based controller could be explained by the OpEn-solver
not being optimized for solving MINLP problems, yet it is possible to formulate
constraints on the input signal such that it can only take certain values. Using an-
other problem formulation for the MINLP problem might also improve the solution
provided by OpEn. However, this is something that needs further research.

When benchmarking the controllers in terms of computational efficiency, the OpEn-
based controller was able to find a solution in approximately one order of magnitude
less solve time than the equivalent DP-based controller. Given that the DP-based
controller was written in MATLAB with no particular effort to optimize the code, it
would probably benefit in terms of solve-time by being written in a compiled lan-
guage such as C or C++. However, at the current state, the OpEn-based controller
might be a more viable option for embedded solely looking at the solve time.

In terms of versatility, a DP-based controller is more flexible when it comes to
implementation. The algorithm is directly available for the developer to change,
while OpEn is a more general solver for optimization problems whose inner workings
can be seen as a black box while calculating the optimal gear sequence. Also, both
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solvers are heavily affected by the formulation of the model, stressing the fact that
the model must be able to capture the real-world dynamics of the vehicle and its
inner workings to produce a usable prediction from the controller.

As a final conclusion, viewed through the lens of a developer for an optimized gear-
selection strategy, the DP-based controller seems to be the most viable option,
especially when considering the need to have control over the different stages of the
optimization routine. Given the current implementation, the DP-based controller
also produced more optimized solutions.

5.1 Future Work

Given the scope of the thesis coupled with a focus more oriented towards the op-
timization routines, there were numerous identified areas that could benefit from
further development to achieve a more refined gear selection controller. Some are
listed below:

o Jerk state for penalizing sudden acceleration variations to enable a more com-
fortable driving experience.

o Implement a model handling neutral gear.
o Implement a model including variable gear shifting times.
« Rewrite the DP solver in C/C++.

o Investigate further why the OpEn-based controller does not produce “optimal”
gear sequences compared to the DP-based controller.

Implementing a jerk state into the model formulation can improve driving comfort.
Vehicle jerks can be penalized within the cost function such that the controller aims
to minimize the impact on acceleration while changing gears. To improve energy
efficiency, it is important to be able to handle changing gears to neutral, letting the
vehicle roll without a gear engaged.

Another essential dynamic of the gearbox is the time it takes for the gearbox to
engage the next gear. Some gearshifts are conducted using only the split, some
using the forks in the gearbox to couple a new set of cogwheels, some using the
range selector, and some a combination of the mentioned. Therefore, to better
capture the dynamics of the vehicle, a varying gearshift time, dependent on which
gear is to be engaged should be implemented.

As mentioned in the conclusion, the dynamic programming algorithm would proba-
bly benefit from being rewritten in a compiled language such as C/C++. It would
also be useful to analyze the algorithm in terms of computational complexity to
better identify which operations can be optimized.

Lastly, the behavior of the OpEn-based controller differs from the DP-based con-
troller although they are provided with equivalent problem formulations and tuning
parameters. It might be possible to reformulate the problem such that OpEn pro-
duces results comparable to the DP solution.
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