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Abstract

Global Positioning System (GPS) technology and the detailed knowledge of the road at-
tributes enable to predict the future speed and the torque applied at the wheels of a ve-
hicle, which offer new opportunities for advanced energy management for reduction of
the fuel consumption. This thesis concerns predictions of the vehicle motion and the
torque applied at the wheels for a long haul heavy truck. The goal is to develop a generic
structure of a real-time prediction algorithm.

The proposed prediction algorithm is based on a space-wise model of a closed loop sys-
tem constituted of a driver and a truck. Predictions are generated by space-wise integrat-
ing the closed loop system over a given horizon. The driver model describes both the
driver and the powertrain dynamics and is modeled by a proportional and integral con-
troller. The following two approaches for identifying the parameters in the driver model
have been investigated: an open loop identification using least squares and a closed loop
identification using Moving Horizon Estimation (MHE). The truck model describes the
dynamics from the torque at the wheels to the vehicle motion and the parameters are
identified with MHE.

The prediction algorithm, without the identification routines, has been successfully im-
plemented in a simulation environment where the model integrator runs in the microsec-
ond range. The algorithm is able to predict the vehicle speed and the torque applied at
the wheels when the driver, in the simulation environment, uses a cruise controller.

The MHE scheme for identifying the truck model parameters successfully estimates the
aerodynamic drag coefficient, the rolling friction coefficient and the average wind speed.
The open loop identification method for identifying the driver model parameters proved
to be very difficult, since the dynamics of the driver and the powertrain had a much
higher degree of complexity than the driver model itself. Therefore, this method is not
favorable in this context. The closed loop identification has not yet been fully investi-
gated. The main difficulty is the fact that the integrated error state is not available for
measurement, which is needed for making the parameters observable.

Keywords: Long Haul Truck, Prediction, Moving Horizon Estimation, Parameter Identi-
fication
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1
Introduction

In the total cost of owning a commercial vehicle the fuel consumption constitutes a sig-
nificant part. A small decrease of the fuel consumption can therefore generate substantial
cost savings in the long term. This is particularly appreciable for long haul heavy trucks
due to their extensive fuel consumption, [1]. Ongoing technological research investigates
advanced control methods which are intended to improve the fuel consumption in com-
mercial vehicles.

GPS technology and the detailed knowledge of the road attributes enable to predict the
future speed and the torque applied at the wheels of a vehicle. The predictions offer new
opportunities for advanced energy management and for further reductions of the fuel
consumption.

1.1 Background

The work presented in this thesis was conducted at Volvo Group Trucks Technology
(Volvo GTT) and is a part of an European Union (EU) project called Convenient, [2].
The aim of Convenient is to reduce the fuel consumption for long-haul heavy trucks by
developing a suit of innovative energy-saving solutions. A central part of the project is to
incorporate predictive control strategies that utilize GPS data describing the topography
and attributes of the road ahead.

Volvo GTT is currently making efforts in developing advanced energy control strategies
that rely on predictions of the vehicle speed and the torque applied at the wheels. Many
difficulties in developing an efficient prediction algorithm have been identified in pre-
vious research projects. One key difficulty is the fact that the future speed and torque
are highly dependent on the driver’s behavior. Additionally, it may vary depending on
weather conditions, vehicle load, traffic situations or if the driver uses a cruise controller.
Another difficulty is to quantify the quality of the predictive information since it always
comes with a degree of uncertainty. For instance, when approaching a traffic light it is
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not possible to know a long time in advance if it will be green or red which results in high
uncertainty.

1.2 Objective

The objective of this master’s thesis is to develop an algorithm that predicts the vehicle
motion and the torque applied at the wheels for a long-haul heavy truck. The aim is
to develop a generic structure of a real-time prediction algorithm. A prototype of the
prediction algorithm should be implemented in the Global Simulation Platform (GSP)
described in Section 1.4.1.

1.3 Limitations

In order to attain a reasonable scope of this thesis, the following limitations have been
made:

• The prediction algorithm is only intended for long haul drives, i.e. having constant
and high speeds for long periods of time.

• The prediction algorithm will only account for speed limits and road inclinations.
For example, road attributes such as traffic lights, roundabouts and curves will not
be considered.

• The prediction algorithm will not consider surrounding traffic.

1.4 Development tools

The work in this thesis has been conducted using MATLAB/Simulink and C. This section
present the tools that have been used in the development of the prediction algorithm.

1.4.1 Global simulation platform

The GSP is a simulation tool in MATLAB/Simulink developed at Volvo GTT, which is
often used for evaluating fuel consumption and performance for trucks. The components
of the GSP are illustrated in Figure 1.1 and include:

• Road/Environment data which is GPS-like data that consists of speed limits, road
altitudes and other road events for specific drive cycles. The data is position based
which means that each attribute has a corresponding position. In this thesis it will
hereinafter be referred to as road map data and will only include speed limits and
road altitudes. The road map data is illustrated in Appendix A.
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• Two driver model modes:

– A driver model with a look-ahead functionality.

– A cruise controller model.

• An advanced truck model describing the combustion engine, power transmission
and chassis dynamics.

GSP 2

 Concept conventional AMT 

cc.file_name='concept_conv_amt.mdl';
cc.file_version='3.5';

â

vehicle

re_std

drv_std

[m] to [%]

85.00

Speed [km/h]

100.00

Progress [%]

-K-

-K-

86.90

Distance [km]

<d>

<v>

<d>

Figure 1.1.: Illustrates the components in the GSP environment.

1.4.2 CVX optimization software

CVX is a modeling language implemented in MATLAB and solves disciplined convex
programs. According to [3] it supports a number of standard problem types such as,
linear and quadratic problems, semidefinite programs and second order cone programs.
CVX can also solve more complex convex problems including e.g., the non-differentiable
l1-norm. The CVX tool provides a convenient way of modeling and solving constrained
norm minimization problems which is used in this thesis.

1.5 Method

This section describes the approach of designing the prediction algorithm. It will briefly
explain the ideas behind the work presented in this thesis. Some of the details will be
intentionally left out to simplify the reading at this stage.

First consider the block diagram in Figure 1.2 which depicts a closed loop system when
driving a truck. The system is divided into three parts: a driver, a powertrain and a
truck. The driver uses what he currently sees on the road together with the vehicle speed
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to deliver a pedal position. The pedal position is then transformed to applied torque at
the wheels via the powertrain.

Driver Truck Powertrain 

Figure 1.2.: Illustrates the physical closed loop system when driving a truck. I corre-
sponds to what the driver currently sees on the road, τ is the torque at the
wheels, θ is the current road slope and v is the vehicle speed.

The approach to design the prediction algorithm is to derive a model representation of
the physical system. In order to simplify the modeling, the powertrain is included in the
driver model. This means that it is assumed that the driver outputs the torque applied at
the wheels instead of the pedal position, which is indeed a very rough assumption. The
model representation, which is illustrated in Figure 1.3, is used to generate predictions
by simulating the system.

Truck model Driver model 

Figure 1.3.: Model used for predicting the speed and the torque applied at the wheels.

To preform predictions, it is necessary to have access to the parameters in the driver and
the truck model. For this purpose, two online parameter identification routines will be
developed for the driver and the truck model respectively. The motivation to use online
techniques is to be able to account for possible variations in the parameters.

The structure of the prediction algorithm is illustrated in Figure 1.4. The parameters in
the driver and the truck model are identified by performing corresponding identification
routine. The parameters are then forwarded to the model integrator which utilizes the
parameters together with the processed road map data, including the road attributes, to
generate predictions. Since the road map data is based on position, the predictions will
be performed in space which will be further explained in Chapter 5. It is important to

4



remark that the parameter identification routines are time based, which is emphasized
in Table 1.1. The motivation to use time based identification routines is that the sensor
measurements are usually sampled in time.

Driver       

Identification 

Driver Truck Powertrain 

Truck         

Identification 

Model        

integrator 
Processing 

Prediction algorithm 

Road map 

data  

Figure 1.4.: Illustrates the prediction algorithm.

Table 1.1.: Shows which components that are time based or space based.

Time based Space based

Truck model identification Road map data
Driver model identification Model integrator

1.6 Thesis outline

In the second chapter a truck model which describes the dynamics from the torque at the
wheels to the vehicle motion is derived. The discretization method that is used through-
out the thesis is also presented.

The third chapter concerns the identification of the truck model parameters. The identi-
fication is conducted using MHE which will be described thoroughly.

The fourth chapter involves the driver modeling and identification. The driver behavior
has been modeled with a proportional and integral controller (PI-controller). The fol-
lowing identification techniques to obtain the parameters in the driver model have been
investigated:
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• Open loop identification using a least squares approach

• Closed loop identification using MHE

The nature of these identification techniques have enforced the use of two slightly differ-
ent driver models which will be further explained in the chapter.

The fifth chapter involves the prediction algorithm. The time based dynamic models pre-
sented in previous chapters will here be transformed into space. The chapter will reveal
how the road map data is used together with the space based models to generate predic-
tions. An implementation of the prediction algorithm in the GSP will also be presented.
The implementation does however not include any parameter identification routines. In
the end of the chapter an analysis of the uncertainty of the predictions is carried out.

In the sixth chapter, the results are presented. The results are mainly based on measure-
ments extracted from the GSP. In the seventh chapter a discussion of the work presented
in the thesis is conducted. In the eighth chapter, the work is concluded. The ninth chap-
ter presents potential improvements and other ideas that can be further investigated in a
future work.

6



2
Mathematical modeling

This chapter presents a mathematical model of a truck which will be used in the pre-
diction algorithm. The model describes the dynamics from the torque at the wheels to
the vehicle motion. The chapter will also present a discretization method that is used
throughout the thesis.

2.1 Truck model

The model is derived with the assumption that the truck can be represented as a moving
mass on an inclined plane, which is illustrated in Figure 2.1.

 

 

Figure 2.1.: Illustrates the forces the truck is exposed to.

Applying Newton’s law yields

Fd − Fr − Fa −mg sin θ = ms̈, (2.1)

where Fr = Crollmg cos θ is the rolling friction, Fa = 1
2CdρaAf (v−W )2 is the aerodynamic

drag and Fd is the driving force.
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Assume that the driving wheels can be represented as one wheel and consider the free
body diagram in Figure 2.2.

Figure 2.2.: Free body diagram of the wheel.

Summing up the torques at the wheel yields

τ − Fdrwheel − Jwheelω̇ = 0. (2.2)

Assuming that ω̇ = s̈
rwheel

and reformulating the expression gives

Jwheel
s̈

rwheel
= τ − Fdrwheel. (2.3)

By combining (2.1) and (2.3), the following nonlinear state space model is obtained:

ṡ = v

v̇ =
1

m+ Jwheel
r2wheel

(
τ

rwheel
− Crollmg cos θ − 1

2
CdρaAf (v −W )2 −mg sin θ

)
(2.4)

2.2 Discretization method

Throughout this thesis a first-order forward Euler approximation will be used as dis-
cretization method, namely:

xk+1 = xk + ∆tf(xk)︸ ︷︷ ︸
=F (xk)

(2.5)

Note that much better discretization methods have been proposed, for example the Runge-
Kutta method which is described in [4], but for sake of simplicity the forward Euler
method is used.
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3
Truck parameter identification

This chapter involves the identification of the truck model parameters. The identification
will be performed using MHE, [5]. The concept of MHE will be throughly described in
the following subsections.

There are several parameters available in the model and only a subset of these are esti-
mated. In this thesis, the following parameters are estimated: Croll, Cd, Af and W . Since
Cd and Af are in the same term in (2.4), they can not be uniquely determined. Instead,
the compound constant (CdAf ) is estimated.

3.1 Motivation to use MHE

The goal with this section is to motivate the usage of MHE. There exist multiple differ-
ent nonlinear estimators e.g. Bayesian estimation, model inversion, MHE and Extended
Kalman Filter (EKF). According to [6], EKF has attracted the most interest due to its rela-
tive simplicity and demonstrated efficacy in managing nonlinear systems. However, the
EKF gives best results when the nonlinear system is almost linear. For highly complex
problems, the EKF is at most an ad hoc solution with many difficulties from a practical
point of view. This is indeed a good reason to motivate the use of MHE. The MHE scheme
is an efficient online optimization based strategy for parameter estimation which has the
ability to include constraints and alternative norms in the optimization problem.

3.2 Moving horizon estimation

The MHE uses a finite time window that assembles past and current measurements. The
window is sliding forward in time and is referred to as a moving horizon. This is illus-
trated in Figure 3.1, where only the past N measurements are considered.
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Moving horizon  

0 

Figure 3.1.: Illustrates the moving horizon in MHE where i + N corresponds to current
time.

Assume that vectors with previous input and output measurements {Ymeas0 , ...,YmeasN } are
available at each time instant. We want to find a parameter trajectory {ρ0, ..., ρN−1} that
solves an optimization problem aimed at minimizing the error between the model and
the measurements, i.e.

min
x,u,θ,ρ

A(ρ0 − ρ̄0, x0 − x̄0) +

N−1∑
k=0

l(Ymeask − Yk(xk, uk)) + l̄(YmeasN − YN (xN )) (3.1)

s.t. xk+1 = F (xk, uk, ρk) k = 0, ..., N − 1,

whereA is the arrival cost which summarizes the previous information of the parameters
and the initial states, l is the stage cost which measures the model error, l̄ is the terminal
cost which measures the model error on the current state. For the estimation to be phys-
ically meaningful, the system model (F ) is used to form the equality constraints. The
optimization problem can be stacked into a more compact form

min
z

φ(z) (3.2)

s.t. g(z) = 0,

where
z =

[
x0 u0 ρ0 .. xN−1 uN−1 ρN−1 xN

]
, (3.3)

φ(z) = A(ρ0, ρ̄0, x0, x̄0) +

N−1∑
k=0

l(Ymeask − Yk(xk, uk)) + l̄(YmeasN − YN (xN )), (3.4)

g(z) =


x1 − F (x0, u0, ρ0)

x2 − F (x1, u1, ρ1)
...

xN − F (xN−1, uN−1, ρN−1)

 . (3.5)

This problem can be solved using Sequential Quadratic Programming (SQP), [7], which
is described in the sequent section.
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3.3 Sequential quadratic programming

The SQP solves nonlinear programs on the form (3.2). The algorithm solves a sequence
of optimization problems, each of which minimizes a quadratic cost function subject to
linear constraints. The quadratic cost function is obtained by using the Gauss-Newton
Hessian approximation on (3.4) at an initial guess z. The linear constraints are obtained
by simply linearizing the constraint g at z. The Quadratic Program (QP) is as follows

min
∆z

1

2
∆zTH∆z + fT∆z (3.6)

s.t. g(z) +5gT (z)∆z = 0

where H = ∇2φ(z) and f = ∇φ(z). The result is used to update the initial guess as z =

z+ γ∆z, where γ ∈]0, 1] is the step size, and the procedure is repeated until convergence.
To sum up, the SQP algorithm has the following steps:

1. Collect past measurement data and give an initial guess z

2. SQP

a) Linearize g at z to get∇g and evaluate f , H

b) Solve QP (3.6)

c) Find step size γ ∈]0, 1] (globalization)

d) Update guess z ← z + γ∆z

e) Back to a) until convergence

3. Back to 1)

3.3.1 Real time iteration

As mentioned above, the SQP algorithm solves a sequence of quadratic optimization
problems. However, it is not always necessary to iterate the algorithm to convergence.
Very often the first SQP step provides a sufficiently good approximation of the solution.
Hence, in practice a Real-Time Iteration (RTI) approach is often sucessfully used,where
a single full step (γ = 1) per sampling instant is performed, [8]. The RTI scheme can be
summarized as follows:

1. Collect past measurement data and give an initial guess z

2. RTI

a) Linearize g at z to get∇g and evaluate f , H

b) Solve QP (3.6)

c) Update guess z ← z + ∆z

3. Back to 1)
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3.3.2 Solution to the quadratic subproblem

The solution to QPs are particularly simple when they are subject to equality constraints
only. To find the solution to (3.6) one can use the Lagrangian function, namely

L(∆z, λ) =
1

2
∆zTH∆z + fT∆z + λT (g(z) +∇gT (z)), (3.7)

where λ corresponds to the Lagrangian multipliers. From the Karush Kuhn Tucker (KKT)
conditions [7], we know that ∆z∗ is globally optimal if ∃λ∗ such that

∇∆zL(∆z∗, λ∗) = H∆z∗ + f +∇g(z)λ∗ = 0 (3.8)

∇λL(∆z∗, λ∗) = ∇g(z) +∇g(z)T∆z∗ = 0 (3.9)

∇∆z∆zL(∆z∗, λ∗) = H � 0 (3.10)

Equations (3.8) and (3.9) can be used to form the KKT system[
H ∇g(z)

∇gT (z) 0

]
︸ ︷︷ ︸

KKT matrix

[
∆z∗

λ∗

]
= −

[
f

g(z)

]
. (3.11)

Using the approximation H ≈ ∇2φ(z) and using f = ∇φ(z), the solution to the KKT
system boils down to [

∆z∗

λ∗

]
=

[
∇2φ(z) ∇g(z)

∇gT (z) 0

]−1 [
−∇φ(z)

−g(z)

]
, (3.12)

which holds if the KKT matrix is invertible. The solution is therefore obtained via a single
matrix factorization, [9]. The KKT matrix is highly structured and its sparsity pattern is
illustrated in Figure 3.2. The structure can be exploited for implementing an efficient
matrix factorization.

0 50 100 150 200
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20
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100

120

140

160

180

200

nz = 599

H ∇g

∇gT 0

Figure 3.2.: Visualizes the sparsity pattern of the KKT matrix.
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3.4 MHE problem for truck model parameter estimation

The goal of the estimator is to find the parameters that results in the best possible fit be-
tween the mathematical model and the physical system. As mentioned in Section 3.2, the
objective function should measure the error between the model and the physical system.
For this purpose the L2-norm is used, namely

φ(z) = ‖ρ0 − ρ̄0‖2QA + ‖xN − xmeasN ‖2Qx +
N−1∑
k=0

‖Yk − Ymeask ‖2Q, (3.13)

where

Yk =

xkτk
θk

 , Ymeask =

xmeask

τmeask

θmeask

 , (3.14)

Q = diag(
[
Qx Qu Qθ

]
). (3.15)

Note that Yk includes states and inputs from the model (2.4) at time k and Ymeask includes
measured states and inputs at time k. The vector ρ̄0 is the parameter estimation from the
previous MHE execution.

The equality constraints are constructed from the discrete time model derived in Chap-
ter 2. To obtain a more sparse structure when linearizing the constraints, it is assumed
that the parameters are constant over the horizon, i.e., ρ0 = ... = ρN−1. This gives the
following equality constraints:

g(z) =



x1 − F (x0, τ0, θ0, ρ0)

ρ1 − ρ0

x2 − F (x1, τ1, θ1, ρ1)

ρ2 − ρ1

...
xN − F (xN−1, τN−1, θN−1, ρN−1)


= 0 (3.16)

Finally, the complete MHE problem for parameter estimation becomes

min
z
‖ρ0 − ρ̄0‖2QA + ‖xN − xmeasN ‖2Qx +

N−1∑
k=0

‖Yk − Ymeask ‖2Q (3.17)

s.t. g(z) = 0,

where
z =

[
x0 τ0 θ0 ρ0 .. xN−1 τN−1 θN−1 ρN−1 xN

]
.

3.4.1 Quadratic subproblem

In order to solve the optimization problem (3.17) using the SQP/RTI algorithm, one needs
to construct the quadratic subproblem as described in Section 3.3. For convenience, the
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quadratic subproblem is repeated here:

min
∆z

1

2
∆zTH∆z + fT∆z (3.18)

s.t. g(z) +5gT (z)∆z = 0

The Hessian is obtained by the Gauss-Newton Hessian approximation and will thus have
the structure

H = ∇2φ(z) =



Q

Q

Q
. . .

Qx


. (3.19)

We especially note that the gradient of the constraints has the structure

∇gT =


−A0 −B0 −C0 −D0 I

−I I
−A1 −B1 −C1 −D1 I

−I I

. . . . . .
−AN−1 −BN−1 −CN−1 −DN−1 I

 , (3.20)

where Ak = ∂F (x,u,θ,ρ)
∂x

∣∣∣
xk,uk,θk,ρk

, Bk = ∂F (x,u,θ,ρ)
∂u

∣∣∣
xk,uk,θk,ρk

, Ck = ∂F (x,u,θ,ρ)
∂θ

∣∣∣
xk,uk,θk,ρk

,

Dk = ∂F (x,u,θ,ρ)
∂ρ

∣∣∣
xk,uk,θk,ρk

are the sensitivities at stage k. The sparsity pattern of (3.20) is

illustrated in Figure 3.3.

The sensitivities and the penalties for each stage are computed offline using automatic
differentiation via the symbolic toolbox in MATLAB. The sensitivities are embedded in
the model integrator which has been coded in C. It is also important to stress that the
structure of (3.19) and (3.20) will always be the same. Hence, the stages of these matrices
are generated offline and re-evaluated at each SQP iteration.
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Figure 3.3.: Visualizes the sparsity pattern of the∇gT .
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3.4.2 Covariance of the MHE

Lets assume that the SQP algorithm has reached the optimal solution, i.e. ∆z = 0. Us-
ing the fact that the measurements only enter in the gradient, one can introduce a small
pertubation in the measurements which gives

∆∇φ(z) = QA∆ρ̄0 +Qx∆xmeasN +
N−1∑
k=0

Q∆Ymeask = H∆Ymeas, (3.21)

where

∆Ymeas = [ ∆YmeasT0 ∆ρ̄0 ∆YmeasT1 0 ... YmeasT2 0 ... ... ∆YmeasTN−1 0 ... ∆x̂TN ]T . (3.22)

The KKT system then becomes[
H ∇g
∇gT 0

][
∆z

λ

]
=

[
H∆Ymeas

0

]
. (3.23)

We define N as the nullspace of∇gT , i.e:

∇gTN = 0 (3.24)

From the second row in equation (3.23) we get

∇gT∆z = 0. (3.25)

Note that N is a basis for ∆z, which implies that ∆z can be expressed as a linear combi-
nation of N , i.e:

∆z = N ξ (3.26)

Further, the first row in (3.23) gives

H∆z +∇gλ = H∆Ymeas. (3.27)

Then left multiplying with N and inserting (3.26) yields

N THN ξ +N T∇gλ︸ ︷︷ ︸
=0

= N TH∆Ymeas. (3.28)

By solving for ξ and multiplying with N , the following expression is obtained:

∆z = N (N THN )−1N TH∆Ymeas (3.29)

Lets assume that E{(∆Ymeas)T (∆Ymeas)} = E{(Ymeas)T (Ymeas)}, where

Ymeas = [ YmeasT0 ρ̄0 YmeasT1 0 ... YmeasT2 0 ... ... YmeasTN−1 0 ... x̂TN ]T (3.30)

corresponds to the real measurements. If the penalties are selected such that

H−1 = E{(Ymeas)T (Ymeas)}, (3.31)
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then the covariance of the deviation variables can be computed as

E{∆zT∆z} = E{N (N THN )−1N TH∆Ŷ∆Ŷ THN (N THN )−1N T } (3.32)

= N (N THN )−1N TH E{(∆Ymeas)T (∆Ymeas)}︸ ︷︷ ︸
H−1

HN (N THN )−1N T

= N (N THN )−1N THN (N THN )−1N T

= N (N THN )−1N T .

If the measurement noise is sufficiently small it is feasible to assume that

E{zTz} ≈ E{∆zT∆z} = N (N THN )−1N T . (3.33)

This means that we now have a method for computing the covariance of the MHE. Recall
that the MHE estimates the states, the inputs and the parameters. By assessing the co-
variance of the estimation it is possible to propagate it through the prediction algorithm
to analyze the covariance of the predictions, which will be explored in Section 5.4.1.

3.4.3 Penalty parameter selection

The penalty parameter matrix Q is a diagonal matrix where each element determines
how much the residual error in the different quantities affects the total cost.

Q =


qs

qv
qτ

qθ

 . (3.34)

The Hessian is selected according to (3.31), which implies that the penalties for each stage
are computed by

Q = (E{(Ymeask )T (Ymeask )})−1, (3.35)

and the arrival cost by
QA = (E{ρ̄T0 ρ̄0})−1. (3.36)

An intuitive way of thinking about this type of selection is that the weights reflect how
much the measurements are trusted. For example, if the standard deviation in the input
signal measurements is very high then qτ should be low. This means that the matching
of the input signal will have a low priority in the optimization problem.
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4
Driver parameter identification

This chapter concerns the driver modeling and identification. Before exploring the de-
tails, the following assumption has been made in order to simplify the driver modeling
procedure.

Typically when a truck is accelerating, the torque at the wheels is saturated at different
levels due to the gear shifts which is illustrated in Figure 4.1. To avoid modeling this
behavior, the torque is transformed to power which is assumed to have a constant satu-
ration limit.

10 20 30 40 50 60 70 80 90 100
−2

−1

0

1

2

3

4
x 10

4 Measured torque

Time [s]

τ
[N

m
]

Figure 4.1.: Illustrates the torque at the wheels during an acceleration.
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The torque can be expressed as
τ =

p

ω
= p

rwheel
v

. (4.1)

Inserting (4.1) into (2.4) leads to a truck model having power as input, namely

ṡ = v

v̇ =
1

m+ Jwheel
r2wheel

(
p

v
− Crollmg cos θ − 1

2
CdρaAf (v −W )2 −mg sin θ

)
.

(4.2)

By making this transformation, the driver model now delivers the power at the wheels
instead of the torque at the wheels. The driver behavior is modeled by a PI-controller
that maps the speed error to the power at the wheels. This will be further explained in
the following subsections.

Recall from Figure 1.4 that the prediction algorithm should include a routine for identi-
fying the parameters in the driver model. As a first approach, an open loop identification
technique using least squares was considered. Experiments revealed that this technique
was intrinsically hard to accomplish, which led to testing a closed loop identification tech-
nique using MHE instead. The difference between the concept of open loop and closed
loop is illustrated in Figure 4.2.

Truck  

Closed loop 

Open loop 

+ 
- 

Driver  

Figure 4.2.: Illustrates the concept of open loop identification and the closed loop identi-
fication. The open loop identification is based on the signals e and p and the
closed loop identication is based on the signals vref , v and θ.

The fact that two different identification methods were used, enforced two slightly dif-
ferent driver models. To emphasize this, two models with corresponding identification
techniques are considered:

• Driver model #1 - Open loop identification

• Driver model #2 - Closed loop identification

18



4.1 Driver model #1

The first driver model is a PI-controller with an ad hoc anti-windup solution that stops
integrating when the saturated signal becomes less or equal to the unsaturated signal, see
Figure 4.3. The driver model can be described with the equations

e(t) = vref (t)− v(t)

p(t) = Kpe(t) +KiI(t)

psat(t) = sat(p(t)),

(4.3)

where the update of the integrator is given by

İ(t) =


0, p(t) > pmax

e(t), −pmax < p(t) < pmax

0, p(t) < −pmax,

(4.4)

and saturation function is defined as

sat(x) =


pmax, x > pmax

x, −pmax < x < pmax

−pmax, x < −pmax.

(4.5)

Note that vref (t) corresponds to the current speed limits on the road. Hence, the driver is
assumed to follow the speed limits. The parameters in the model will be identified with
the open loop identification method described in Section 4.1.1.

on/off

Ki

Ki

Kp

Kp

1
p_sat

1
e

Saturation

2i 1
s

Integrator

3 ii
>= 

Compare

Figure 4.3.: A schematic of driver model #1.
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4.1.1 Open loop parameter identification

In order to identify the parameters in driver model #1 in (4.3), an open loop identification
routine is developed. The idea is to formulate an optimization problem that aims at min-
imizing the error between the modeled output power and the measured output power.
The optimization problem is quite involved and will therefore be explained in several
steps. First consider the following least squares problem:

min
Kp,Ki

∑
k

||pk − pmeask ||2

s.t. pk =Kpe
meas
k +Ki

∫
emeask dt

(4.6)

When the measured input and output data are fed into the optimization problem, the
knowledge about the initial state of the integrator is unknown. In order to handle this
problem, the initial state of the integrator is included as a decision variable. The revised
least squares problem can now be expressed as:

min
Kp,Ki,I0

∑
k

||pk − pmeask ||2

s.t. pk =Kpe
meas
k +Ki

(
I0 +

∫
emeask

)
dt

(4.7)

Note that this problem lacks the anti-windup functionality described in 4.1, which needs
to be implemented. The reason why this simple form of anti-windup is suitable here is to
avoid having more decision variables and nonlinear dynamic constraints. The principle
can be conceived by replacing the error in the integral term with

ēk =

{
0, pmeask > pmax

emeask , pmeask < pmax
, (4.8)

which gives the optimization problem

min
Kp,Ki,I0

∑
k

||pk − pmeask ||2

s.t. pk =Kpe
meas
k +Ki

(
I0 +

∫
ēkdt

)
.

(4.9)

Figure 4.4 shows an example window of measured power and speed error extracted from
the GSP. The figure illustrates that the power contains outliers due to gear shifts. One
can also assume that the truck changes dynamics when the power is negative, which
means that the truck is braking instead of accelerating. These behaviors comprehensively
complicate the fitting procedure. To cope with these issues the following modifications
are introduced:

• Replacing the L2-norm with a Huber penalty function to deal with outliers.

• Neglect fitting on negative power.
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Figure 4.4.: Shows an example window of measured power and speed error extracted
from the GSP.

The Huber penalty function in (4.12) has the property to penalize outliers less compared
than the standard L2-norm. By introducing a Huber penalty function in the objective
function, the outliers will be of less importance in the optimization problem.

The negative power is not considered in the objective function by multiplying with the
following logical expression:

η =

{
1, pmeask < pmax & pmeask > 0

0, otherwise
(4.10)

The final optimization problem which is used for identifying the driver model parameters
now becomes

min
Kp,Ki,I0

∑
k

Φ
(
pk − pmeask

)
η

s.t. pk =Kpe
meas
k +Ki

(
I0 +

∫
êkdt

)
,

(4.11)

where Φ corresponds to the Huber penalty function and is according to [3] defined by

Φ(z) =

{
|z|2, |z| ≤ 1

2|z| − 1, |z| ≥ 1
. (4.12)

The optimization problem is solved using CVX, described in Section 1.4.2, and the results
are shown in section 6.3.
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4.2 Driver model #2

The second driver model is also a PI-controller but uses a back-calculation method for
anti-windup, which is illustrated in Figure 4.5. The driver model can then be expressed
analytically as

psat(t) = sat(p(t)), (4.13)

where

p(t) = Kpe(t) +

∫ t

0

(
e(τ) +

1

Kb

(
psat(τ)− p(τ)

))
dτ. (4.14)

The model can be formulated as

İ(t) = Kie(t) +
1

Kb
(psat(t)− p(t)), (4.15)

where
p(t) = Kpe(t) + I(t)

psat(t) = sat(p(t))
(4.16)

and where the saturation function is defined in (4.5).

Ki

Ki

Kp

Kp

1
p_sat

1
e

Saturation

1
s

Integrator

1/Kb

Kb

Figure 4.5.: A schematic of driver model #2.
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4.2.1 Closed loop parameter identification

This section concerns the closed loop identification using MHE for identifying the driver
model parameters. The MHE requires the model dynamics to be expressed with Ordinary
Differential Equations (ODEs), therefore is driver model #2 suitable here. However, only
some initial attempts have been made and the method is not yet functioning properly.

The closed loop approach is inherently hard since the closed loop system is nonlinear and
non-differentiable at some operating points. The non-differentiability comes from the
saturation function in the driver model. Since the MHE is solved using linearization, the
saturation function needs to be approximated by a smooth function. The approximation
is done by

psat(p) ≈ (p+ pmax)
arctan(a(p+ pmax))

π
− (p− pmax)

arctan(a(p− pmax))

π
, (4.17)

where a is a tuning parameter that determines the smoothness of the function. The satu-
ration function is illustrated in Figure 4.6.

−2 −1.5 −1 −0.5 0 0.5 1 1.5 2
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Saturation function

Figure 4.6.: Shows the approximated saturation function when a = 5 · 10−6.

By combining (4.2) with (4.15) and (4.16), the closed loop dynamic equations are

ṡ = v

v̇ =
1

m+ Jwheel
r2wheel

(
psat(p)

v
− Crollmg cos θ − 1

2
CdρaAf (v −W )2 −mg sin θ

)
,

İ = Kie+
1

Kb
(psat(p)− p)

(4.18)

where p = Kpe+ I and e = vref − v. The idea is to estimate the parameters in the driver
model based on measurements of the inputs (vref and θ) and the states (s, v and I), see
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Figure 4.2. However, the integrator state is not directly available for measurement but is
virtually constructed from the other measurements and the arrival parameters from the
previous MHE run. The following MHE formulation is used

min
z
‖ρ0 − ρ̄0‖2Qρ0 + ‖x0 − x̄0‖2Qx0 + ‖xN − xmeasN ‖2Qx +

N−1∑
k=0

‖Yk − Ymeask ‖2Q (4.19)

s.t. g(z) = 0,

where

ρk =

Kpk

Kik

Kbk

 , xk =

skvk
Ik

 , Yk =

 xk
vref k
θk

 , Ymeask =

 xmeask

vref
meas

k

θmeask

 , (4.20)

z =
[
x0 vref 0 θ0 ρ0 .. xN−1 vrefN−1 θN−1 ρN−1 xN

]

g(z) =



x1 − F (x0, vref 0, θ0, ρ0)

ρ1 − ρ0

x2 − F (x1, vref 1, θ1, ρ1)

ρ2 − ρ1

...
xN − F (xN−1, vrefN−1, θN−1, ρN−1)


, (4.21)

and integrated error measurements are constructed as

Imeask+1 = Imeask + ∆t

(
K̄i0e

meas
k +

1

K̄b0

(psat(p)− p)
)
, (4.22)

where
p = K̄p0e

meas
k + Imeask . (4.23)

Note that K̄p0 , K̄i0 and K̄b0 corresponds to the arrival parameters from the previous MHE
run. The result is shown in Section 6.4.
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5
Prediction

In previous chapters, models for the truck and the driver were presented along with
corresponding parameter identification techniques. These models will now be used in
this chapter, together with the road map data (illustrated in Appendix A), to perform
predictions of the vehicle motion and the torque at the wheels. Recall that the road map
data is based on position and the models and identification techniques are based on time,
see Table 1.1. Consequently, the predictions will be performed in space. This requires that
the time based models are transformed into space which is explained in the following
section.

5.1 Space based dynamics

To be able to perform predictions in space, the truck model (4.2) and the driver models
presented in Sections 4.1 and 4.2 need to be transformed into space. By utilizing the chain
rule, the space derivative of the speed can be expressed as

dv

ds
=
dv

dt
v−1. (5.1)

Inserting the second state in the truck model (4.2) into (5.1) yields

dv

ds
=

1

m+ Jwheel
r2wheel

(
p

v
− Crollmg cos θ − 1

2
CdρaAf (v −W )2 −mg sin θ

)
1

v
. (5.2)

Recall that in Chapter 4, two different driver models were presented. These driver models
are also transformed into space, in the same manner, by using the space derivative of
the integrator. This will thus yield two closed loop systems which are presented in the
sequent subsections.
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5.1.1 Closed loop system #1

The first closed loop system is obtained by combining driver model #1 described in Sec-
tion 4.1 with (5.2) which gives the set of equations

dv

ds
=

1

m+ Jwheel
r2wheel

(
psat
v
− Crollmg cos θ − 1

2
CdρaAf (v −W )2 −mg sin θ

)
1

v

dI

ds
=


0, p > pmax
e
v , −pmax < p < pmax

0, p < −pmax
dt

ds
=

1

v
,

(5.3)

where the saturated power is expressed as

psat =


pmax, p > pmax

p, −pmax < p < pmax

−pmax, p < −pmax

(5.4)

and the unsaturated power is given by

p = Kpe+KiI. (5.5)

The last state in equation (5.3) is included as an extra feature to obtain a corresponding
time vector when integrating the model.

5.1.2 Closed loop system #2

The second closed loop system is obtained by combining driver model #2 presented in
Section 4.2 with (5.2) which gives the set of equations

dv

ds
=

1

m+ Jwheel
r2wheel

(
p

v
− Crollmg cos θ − 1

2
CdρaAf (v −W )2 −mg sin θ

)
1

v

dI

ds
=
(
Kie+

1

Kb

(
psat − p

))1

v
dt

ds
=

1

v
,

(5.6)

where the saturated power is expressed as

psat =


pmax, p > pmax

p, −pmax < p < pmax

−pmax, p < −pmax

(5.7)

and the unsaturated power is given by

p = Kpe+ I. (5.8)
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5.2 Prediction algorithm

This section involves the algorithm used for predicting the speed and the torque at the
wheels. Hereinafter the parameters in the driver model and the truck model will be
assumed to be known. Hence, the parameter identification routines explained in previous
chapters are excluded from the prediction algorithm which is emphasized in Figure 5.1.
As seen in the figure, the prediction algorithm constitutes of two parts. The first part
is referred to as the road plan algorithm which provides vectors of the upcoming road
slopes and speed limits. The second part is referred to as the model integrator, which
uses these vectors to generate predictions by integrating the system from the current
initial states.

Road plan 

algorithm 

Model      

integrator 

Driver parameter         

Identification 

Truck parameter 

Identification 

Figure 5.1.: Illustrates the structure of the prediction algorithm when the parameter iden-
tification routines are excluded. sinit, vinit and Iinit are the initial states of the
physical vehicle. Θ and Vlim are vectors of upcoming road slope and speed
limits. τpred is the predicted torque at the wheels and vpred is the predicted
speed.

5.2.1 Road plan algorithm

The objective of the road plan algorithm is to provide vectors with the upcoming road
slope and speed limits from the current position of the vehicle. The algorithm uses the
road map data which constitutes of a position vector, a speed limit vector and an altitude
vector. For convenience the position vector is denoted S̄, the speed limit vector is de-
noted V̄ and the altitude vector Ā. The road plan algorithm can be summarized with the
following steps:

1. Collect the current position sinit.

2. Interpolate S̄, V̄ and Ā with a desired resolution ds.

3. Differentiate the altitude Ā to obtain the slope.
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4. Locate the closest point in S̄ to sinit.

5. Extract the upcoming speed limits and slope for a given horizon.

6. Output the upcoming slopes Θ and speed limits Vlim along with the resolution ds.

5.2.2 Model integrator

The speed and torque predictions are computed by integrating the closed loop system
using Θ and Vlim, from the road plan algorithm, as inputs. The integration is performed
with the forward Euler method described in Section 2.2. A pseudo code of the model
integrator is shown in Function 1. Note that, depending on which driver model that is
used the model integrator will be slightly different.

The model integrator has been coded in C using the MEX interface in order to gain speed.
More information about MEX can be found in [10].

Function 1: Pseudo code for the model integrator.
Input : vinit, Iinit, tinit, θ[], Vref [], Kp, Ki, Kb, pmax, ds

1 Calculate initial step in forward Euler and update initial torque.
2 // Perform the prediction
3 for i := 0, i < length(θ)− 1, i+ + do
4 // Error
5 error = Vref (i)− v(i);

6 // Control law
7 Update p according to (5.5) or (5.8)
8 // Saturation
9 if p > pmax then

10 psat = pmax;

11 else if u < −pmax then
12 psat = −pmax;

13 else
14 psat = p;

15 end
16 // State Space Equations
17 Update state equations according to (5.3) or (5.6).
18 // Apply Forward Euler
19 v(i+ 1) = v(i) + ds ∗ vdot;
20 I(i+ 1) = I(i) + ds ∗ Idot;
21 t(i+ 1) = t(i) + ds ∗ tdot;
22 τ(i+ 1) = psat ∗ rwheel/v(i+ 1);

23 end
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5.3 Implementation in the GSP

This section focuses on the implementation of the prediction algorithm in the GSP. Since
the driver models are very similar, only the first driver model presented in Section 4.1
has been implemented in the GSP.

As mentioned previously, the model integrator function has been coded in C. This func-
tion has been integrated in Simulink by the use of an S-function. There are several possi-
ble ways of creating S-functions based on functions written in C, e.g. writing a wrapper
S-function, using an S-function builder block and using the Legacy Code Tool (LCT). The
latter is the simplest approach with the feature of auto generating C Mex S-functions from
existing C-functions. The LCT has been used in the implementation and more informa-
tion regarding S-functions and LCT can be found in [11].

The implementation in the GSP is depicted in Figure 5.2. The red block corresponds to
the road plan algorithm and the purple block corresponds to the S-function for the model
integrator. Note that there is also a light blue block in the figure. The purpose of this block
is to estimate the initial condition of the integrated error state since it is not available for
measurement. The initial state of the integrator is obtained by simply reformulating the
second equation in (4.3) and computing

Ik =
pk −Kpek

Ki
. (5.9)
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Figure 5.2.: The implementation of the prediction algorithm in the GSP.
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5.4 Covariance of the prediction

This section presents an analysis of the covariance of the predictions. The analysis con-
cerns how the covariance in the parameters, states and inputs to the truck model are
connected to the covariance of the predictions. It is based on a Monte-Carlo simulation,
where several predictions are performed with normally distributed noise added to the
parameters, states and inputs.

The Monte-Carlo simulation will reveal that the predictions are normally distributed,
which is a property of a linear system (even though the system is nonlinear). Based on
this observation, a computationally inexpensive method for estimating the covariance
of the predictions is proposed. The method is referred to as a first order uncertainty
propagation and has not yet been verified.

5.4.1 Monte-Carlo simulation

The Monte-Carlo simulation was conducted by performing 10 000 predictions with nor-
mally distributed noise added to the parameters. The standard deviations of the noises
that were used are shown in Table 5.1.

Table 5.1.: Shows the standard deviations of the normally distributed noises used in the
Monte-Carlo simulation.

Measured quantity Mean Standard deviation Unit

CdAf 0 1.29 [m2]

Croll 0 0.0012 []

I 0 0.30 []

θ 0 5.0 · 104 [rad]

v 0 0.47 [m/s]

W 0 1.25 [m/s]

The distribution of the final element in the speed prediction is shown in Figure 5.3 and
the distribution of the final element in the torque prediction is shown in 5.4.
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Figure 5.3.: Illustrates the distribution of the final element in the speed prediction ob-
tained after performing a Monte-Carlo simulation with 10 000 predictions.

1500 2000 2500 3000 3500 4000
0

50

100

150

200

250

300

350

Histogram of the torque

Torque [Nm]

O
cc
u
rr
en

ce
s

Figure 5.4.: Illustrates the distribution of the final element in the torque prediction ob-
tained after performing a Monte-Carlo simulation with 10 000 predictions.

The distribution of the speed and the torque prediction is evidently close to normal,
which means that the prediction algorithm has a behavior close to linear. Hence, it is
most likely possible to use a first order uncertainty propagation to compute the covari-
ance of the predictions.
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5.4.2 First order uncertainty propagation

This section concerns the first order uncertainty propagation method to compute the
covariance of the predictions. The method will be based on the closed loop dynamics
(5.6). Since the first order uncertainty propagation method is based on a linearizion of
the driver model, the saturation function is approximated with the smooth function de-
scribed in (4.17). The parameters Croll, CdAf and W need to be reformulated as states,
which will be motivated further into this subsection. The following discrete time nonlin-
ear state space equations are used

x̃k+1 = x̃k + dtf(x̃k, θk)︸ ︷︷ ︸
F (x̃k,θk)

, (5.10)

where the new state vector is

x̃ =



v

I

Croll

CdAf

W


(5.11)

and where the continuous dynamics are given by

f(x̃, θ) =



1

m+
Jwheel
r2
wheel

(
psat
v − Crollmg cos θ − 1

2CdρaAf (v −W )2 −mg sin θ

)
1
v(

Kie+ 1
Kb

(
psat − p

))
1
v

0

0

0


. (5.12)

Linearizing the dynamics in (5.10) gives

∆x̃k+1 = Ak∆x̃k +Bk∆θ, (5.13)

where Ak = ∂F (x̃,θ)
∂x̃

∣∣∣
xk,θk

and Bk = ∂F (x̃,θ)
∂θ

∣∣∣
xk,θk

.

The reason for adding the parameters as states is to keep the matrices Ak and the vectors
Bk constant. This allows to easily derive the covariance of the states as

σ2(∆x̃k+1) =E{∆x̃k+1∆x̃Tk+1} − E{∆x̃k+1}E{∆x̃k+1}T

=E{
(
Ak∆x̃k +Bk∆θ

)(
Ak∆x̃k +Bk∆θ

)T} − E{∆x̃k+1}E{∆x̃k+1}T (5.14)

=Akσ
2(∆x̃k)A

T
k +Bkσ

2(∆θk)B
T
k .

Note that x̃k and θk is assumed to be uncorrelated and therefore the cross terms disap-
pear. Also note that the expected value of ∆x̃k+1 equals zero. In a similar manner the
covariance can be derived for the torque. Recall that the torque can be expressed as

τk =
psatk
vk

rwheel. (5.15)
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Introducing the vector

εk =

[
vk

Ik

]
(5.16)

and linearizing (5.15) with respect to εk gives

∆τk =
∂τk
∂εk

∆εk. (5.17)

The covariance of the torque can then be expressed as

σ2(∆τk) = E{∆τk∆τTk } =
∂τk
∂εk

E{∆εk∆εTk}
∂τk
∂εk

T

. (5.18)
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6
Results

This chapter concerns the results of the work presented in this thesis. Recall that the
parameter identification routines have not yet been implemented in the prediction algo-
rithm. Therefore, the identification routines and the prediction algorithm are validated
separately.

6.1 Truck parameter identification using constructed data

Before applying the MHE described in Section 3.4 on GSP measurements, its behavior
is evaluated through estimations using constructed data. The data is generated with the
truck model derived in Section 2.1 and with known parameters which values are shown
in Table 6.1. The evaluation is performed using two sets of data. The first set of data is
rich in terms of fluctuations and the second is poor with no fluctuations.

Table 6.1.: Constants used for generating the constructed data.

Parameter Value Unit

Af 9.0 [m2]

Cd 0.53 []

Croll 4.8 · 10−3 []

g 9.82 [m/s2]

Jwheel 14 [kgm2]

m 35737 [kg]

ρ 1.18 [kg/m3]

rwheel 0.49 [m]

W 5.0 [m/s]

The parameters that are used in the MHE scheme are shown in Table 6.2. The sensor
noises are assumed to be white Gaussian noises which properties are shown in Table 6.3.

35



Table 6.2.: Parameter setup for MHE.

Notation Parameter Value

∆t Sample time 0.1

N MHE Horizon 70

Niter SQP iterations 1

QA Arrival cost 0.5I

Table 6.3.: Properties of the Gaussian distributions used for simulating sensor noise.

Measured quantity Mean Standard deviation Unit

Position 0 7.0 [m]

Speed 0 0.5 [m/s]

Torque 0 40 [Nm]

Slope 0 1.7 · 10−3 [rad]

The sequent subsections contain many figures and the following summarizes the key
observations:

• The parameters Croll, CdAf and W can be estimated separately regardless of the
richness of the data.

• The true parameter values can not be guaranteed to be found when estimating pa-
rameters jointly due to the existence of multiple solutions in the estimation prob-
lem.

• The use of poor data does not impact the observability of the parameters.
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6.1.1 Estimation using rich data

In this section the MHE are conducted using the rich set of measurement data shown in
Figure 6.1. The data set is unrealistic and its purpose is to demonstrate what happens
when the data is rich.
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Figure 6.1.: Rich data used for parameter estimation.

The first natural step is to investigate if it is possible to estimate each parameter sepa-
rately. The outcomes of separately estimating the parameters are shown in Figure 6.2.
Clearly, each parameter converges exponentially towards its true value. The wild oscilla-
tions in the estimations are due to the measurement noises which creates a randomness.
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Figure 6.2.: Separate estimation of Croll , CdAf and W using rich data.

The results of estimating Croll and CdAf jointly are shown in Figure 6.3. The MHE does
not manage to converge towards the true parameter values and leaves offset errors in the
parameter estimations. It is important to remark here that even though the individual
parameters are incorrect the model is still valid, i.e. there exist multiple solutions in the
estimation problem.
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Figure 6.3.: Joint estimation of Croll and CdAf using rich data.
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Estimating the paramters Croll and W jointly gives the results shown in Figure 6.4. Once
again, the MHE does not find the true values of the parameters.
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Figure 6.4.: Joint estimation of Croll and W using rich data.

The results of jointly estimating CdAf and W are shown in Figure 6.5.
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Figure 6.5.: Joint estimation of CdAf and W using rich data.
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Finally, the results of estimating all the parameters jointly are shown in Figure 6.6. Not
suprisingly, the MHE does not converge towards the true parameter values.
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Figure 6.6.: Joint estimation of Croll, CdAf and W using rich data.
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6.1.2 Estimation using poor data

To explore the affect of estimating using poor measurement data, experiments have been
performed on the data set shown in Figure 6.7. As seen in the figures the torque, the slope
and the speed are constant.
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Figure 6.7.: Poor measurement data used for parameter estimation.

Estimating all the parameters separately gives the results shown in Figure 6.8, which
shows that the MHE exponentially converge towards the true solution for all parameters.
Note that the use of poor measurement data does clearly not impact the observability of
these parameters.
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Figure 6.8.: Separate estimation of Croll, CdAf and W using poor data.

The results of estimating the parameters Croll and CdAf jointly are shown in Figure 6.9.

0 50 100 150 200 250 300 350 400 450 500
2

2.5

3

3.5

4

4.5

5

5.5

6
x 10

−3

C
r
o
ll

Time [s]

Croll Estimation

True parameter

Estimated parameter

Standard deviation

0 100 200 300 400 500
2

2.5

3

3.5

4

4.5

5

5.5

C
d
A

f
[m

2
]

Time [s]

CdAf Estimation

True parameter

Estimated parameter

Standard deviation

Figure 6.9.: Joint estimation of Croll and CdAf using poor data.
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The results of estimating Croll and W jointly are shown in Figure 6.10. Further, the joint
estimation of CdAf and W is shown in Figure 6.11.
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Figure 6.10.: Joint estimation of Croll and W using poor data.
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Figure 6.11.: Joint estimation of CdAf and W using poor data.
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Finally, estimating all parameters jointly gives the results shown in Figure 6.12.
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Figure 6.12.: Joint estimation of the parameters Croll, CdAf and W using poor data.
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6.2 Truck parameter identification using GSP data

To verify the MHE scheme, described in Section 3.4, estimations have been performed
on GSP measurements from the drive cycle between Borås and Landvetter shown in Ap-
pendix B. The data is depicted in Figure 6.13 which is a short window of the complete
sequence. In the simulations, the wind speed has been set to zero. This means that only
the parameters Croll and CdAf are estimated.
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Figure 6.13.: Measurement data extracted from the GSP.

The parameters used to setup the MHE are shown in Table 6.4 and the results are shown
in Figure 6.14.

Table 6.4.: Parameter used in the MHE.

Notation Parameter Value

∆t Sample time 0.1

N MHE Horizon 70

Niter SQP iterations 1

QA Arrival cost 0.5I
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Figure 6.14.: Joint estimation of Croll and CdAf using GSP data.

The MHE is verified separately and has not yet been implemented in the prediction algo-
rithm. Hence, the average values after convergence have been computed which are used
in the predictions presented later in this chapter.

• CAVG
roll = 0.0048

• CdA
AVG
f = 5.0842

6.3 Open loop parameter identification

The open loop identification technique, described in Section 6.3, has been tested using
GSP measurement from the drive cycle between Borås and Landvetter shown in Ap-
pendix B. The technique is evaluated by testing it on four different windows of data,
with different characteristics, which are extracted from the measurements. The param-
eters obtained in the experiments are summarized in Table 6.5, where each window of
data has a corresponding figure.

Table 6.5.: Shows the parameters that were obtained for each figure.

Fig.
Param.

Kp Ki I0

6.15 7.6 · 105 2.6 · 105 0.3

6.16 6.6 · 105 2.2 · 105 0.3

6.17 3.5 · 104 3.6 · 104 2.5

6.18 2.3 · 104 -369.2 -227.0
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The outcome using the first window of data is illustrated in Figure 6.15, where the upper
plot shows the fitted and the measured power. The second and the third plot shows
the speed error and the integrated speed error respectively. Note that the fitted power
corresponds to the model output when using the parameters obtained from solving (4.11)
and the speed error as input. As the upper plot depicts, the fitted power matches the
measured power well when it is positive. This behavior is reasonable, since negative
power is excluded in the objective. Also note that the measured power is never saturated
and is mostly above zero.
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Figure 6.15.: Shows the identification results using the first window of data. The upper
plot shows the power at the wheels. The second and the third plot shows
the speed error and the integrated speed error respectively.

The second window of data and its results are shown in Figure 6.16. This window is sim-
ilar to the first one but includes more negative data at the end of the sequence. Note that
the fit is reasonably good during the first 850 seconds, but at the end the power becomes
negative during a longer period of time. During this period of time, the integrator ac-
cumulates too much error which impairs the fit at the end. This indeed gives indication
that the integrator should not continue to accumulate error while the power is negative,
which reveals a weakness in the algorithm.
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Figure 6.16.: Shows the identification results using the second window of data. The up-
per plot shows the power at the wheels. The second and the third plot shows
the speed error and the integrated speed error respectively.

The third window includes saturation and is shown in Figure 6.17. Note that when the
power is saturated, the gears are shifted which give arise to a drop in the power. Using the
anti-windup technique purposed in (4.11), the integrator accumulates error during the
power drop which is not endeavored. Since the error is large during the saturation, the
integrated error increases significantly. The optimizer will then compensate by adjusting
I0 which will result in a decreased Ki. The fact that the error is large during saturation
will also force the optimizer to decrease Kp.
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Figure 6.17.: Shows the identification results using the third window of data. The upper
plot shows the power at the wheels. The second and the third plot shows
the speed error and the integrated speed error respectively.
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The fourth window is shown in Figure 6.18. The window includes two saturations in
the power, which results in a high integrated error due to the gear shifts. The optimizer
will then try to compensate by pushing down I0 to a negative value. Since the integrated
error is below zero for the entire sequence, Ki will be negative which is not physically
meaningful.
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Figure 6.18.: Shows the identification results using the fourth window of data. The upper
plot shows the power at the wheels. The second and the third plot shows
the speed error and the integrated speed error respectively.

The following summarizes the key observations of the open loop identification technique:

• It works well when the power is positive and not saturated.

• It can not handle negative power for a long period of time since the truck changes
dynamics when it is braking.

• It can not handle saturated power, since the integrator accumulates to much error
during the gear shifts.
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6.4 Closed loop parameter identification

Since the closed loop MHE described in Section 6.4 is not functioning properly, it has not
been tested using GSP measurements. To illustrate its behavior, it is instead applied on
constructed data with the same model as in the MHE. In order to make the problem less
complex, onlyKp andKi are used as decision variables. An estimation using constructed
data is shown in Figure 6.19. The MHE is initialized with an initial guess that is 90 percent
of the true values of the parameters. Note that the MHE has an unstable behavior and
the parameters do not converge towards their true values.

0 50 100 150
−4

−3

−2

−1

0

1

2

3

4

5
x 10

6

K
p

Time [s]

Kp Estimation

True parameter

Estimated parameter

Standard deviation

0 50 100 150
−2

−1

0

1

2

3

4

5
x 10

5

K
i
[m

2
]

Time [s]

Ki Estimation

True parameter

Estimated parameter

Standard deviation

Figure 6.19.: Closed loop identification of Kp and Ki using constructed data.
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6.5 Prediction

This section presents predictions performed in the GSP using the algorithm described in
Section 5.2. The predictions have been perfomed with the GSP set on cruise controller
mode. Recall that only the prediction algorithm using driver model #1 has been imple-
mented in the GSP. The following figures will only show one prediction with 65 kilometer
horizon.

Performing a prediction on the Borås-Landvetter drive cycle, using the parameters ob-
tained in Figure 6.15, gives the results shown in Figure 6.20. Note that the figure includes
the predicted power as well, to better illustrate the behaviors. The gear shifts and the
correct saturation levels are not captured in the torque (and also not in the power). Con-
sequently, this affects the speed prediction during the accelerations and the saturations.
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Figure 6.20.: Illustrates the prediction of the speed, the torque at the wheels and the
power at the wheels using the driver model parameters: Kp = 7.5832 · 105

and Ki = 2.6019 · 105.

6.5.1 Sensitivity of the driver model parameters

This section will demonstrate how variations in the driver model parameters affect the
predictions. In the first prediction illustrated in Figure 6.20, the parameters gave good
predictions. Hence, these parameters will serve as a starting point to explore what hap-
pens when the parameters are perturbed from this point.

Figure 6.21 reveals the affect of decreasing Kp one order of magnitude. Note that the pre-
dictions start to oscillate which indicates that the algorithm is quite sensitive to decreases
in Kp.
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Figure 6.21.: Illustrates the prediction of the speed, the torque at the wheels and the
power at the wheels using the driver model parameters: Kp = 7.5832 · 104

and Ki = 2.6019 · 105.

The next experiment, shown in Figure 6.22, illustrates what happens when Kp is in-
creased one order of magnitude. Note that the speed is fluctuating less, but the pre-
dictions are still rather good.
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Figure 6.22.: Illustrates the prediction of the speed, the torque at the wheels and the
power at the wheels using the driver model parameters: Kp = 2.5832 · 106

and Ki = 2.6019 · 105.

Next case illustrates what happens whenKi is decreased four orders of magnitude, which
is shown in Figure 6.23. The figure reveals that reducing Ki massively provides a little
more fluctuations, but overall it has not a significant impact. This is due to that Ki is
coupled with the integration term and its size determines how fast the speed error is
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pushed to zero.
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Figure 6.23.: Illustrates the prediction of the speed, the torque at the wheels and the
power at the wheels using the driver model parameters: Kp = 7.5832 · 105

and Ki = 2.6019 · 101.

The last predictions are shown in Figure 6.24 and illustrates the impact of increasing Ki

one order of magnitude. The results show that the speed is less fluctuating while the
torque is fluctuating more. Nevertheless, the predictions are apparently rather good.
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Figure 6.24.: Illustrates the prediction of the speed, the torque at the wheels and the
power at the wheels using the driver model parameters: Kp = 2.5832 · 105

and Ki = 2.6019 · 106.
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6.6 Execution times

In this section, the execution times for the model integrators in both the prediction algo-
rithm and the MHE scheme will be presented. The execution times are measured with a
machine equipped with i7 3.5GHz/64bits processor.

6.6.1 Model integration in the prediction algorithm

The execution times for the model integrator, described in Section 5.2.2, for both driver
models have been measured with a prediction horizon of three kilometers and a step size
of one meter. The obtained results are summarized in Table 6.6.

Table 6.6.: Measured execution times for the model integrator in the prediction algo-
rithm.

Driver model #1 Driver model #2

63.4µs 62.5µs

6.6.2 Model integration in the MHE

Recall that the MHE in Section 3.4 uses a model integrator with sensitivities in the con-
struction of the equality constraints, which is one of the main time consuming parts in
the scheme. The execution time for generating the equality constraints, using a horizon
of N = 50, has been measured to approximately 0.15ms.
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7
Discussion

7.1 Prediction

The prediction algorithm was verified in Chapter 6 using measurements from the GSP set
on cruise controller mode. One could argue that it still might be feasible to use it on a real
driver, since a real driver is likely to behave almost as a PI-controller when it comes to
long haul drives. However, to acquire a more realistic driver behavior, the driver model
ought to be further developed to utilize the preview information the driver actually sees
on the road.

Figure 6.20 reveals that the prediction algorithm does not capture the gear shifts and
the correct saturation levels. Consequently, the speed dips are entirely captured. This
is simply due to that the powertrain dynamics are not considered in the driver model,
which could advantageously be included to improve the prediction algorithm.

The model integrators, coded in C, were executed in the microsecond range with a simple
forward Euler method. The execution times can be even further reduced by optimizing
the code and/or using a better integration method e.g., the Runge-Kutta method. Hence
in a real-time context, the model integration is not an issue.

7.2 Truck parameter identification

The behavior of the MHE scheme, developed for identifying the parameters in the truck
model, was analyzed using constructed measurement data in Section 6.1. The results
revealed that it is not possible to recover the true parameter values when estimating mul-
tiple parameters jointly. This is not an artifact of the MHE scheme in itself, but is actually
due to the existence of multiple solutions in the estimation problem. Even though the pa-
rameters are not correctly estimated, they will still yield an accurate truck model if they
are used together. The results also showed that poorness in the measurement data do not
have an impact on the observability of the parameters.
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The tuning of the MHE scheme has a straight forward procedure as presented in 3.4.3.
The only tricky part is the tuning of the arrival cost, which should reflect how much
the previously estimated parameters are trusted. The arrival cost has a clear connection
to the convergence rate of the MHE. For example, if the arrival cost is high then the
parameters will not be allowed to change much from the previous MHE iteration and
vice versa. Another natural consequence of having a high arrival cost is that it reduces
the covariance of the MHE.

In order for the MHE scheme to be implemented in real-time, it needs to be efficiently
written in C. The MHE scheme consists of mainly two time consuming procedures, namely
the model integration to obtain the equality constraints in (3.18) and the matrix factoriza-
tion to solve the KKT system (3.11). The execution time for the model integration using
a horizon of N = 50 was measured to approximately 0.15ms. According to [12], a stan-
dard QP solver can have execution times in the millisecond range. Therefore, one could
argue that solving the KKT system can be done even faster, since aiming at solving a QP
without inequality constraints. Hence, the MHE scheme is most likely to have execution
times in the millisecond range.

7.3 Open loop parameter identification

The open loop identification method was shown to not work effectively regardless of
the data characteristics. The method functioned well when the measured power was
positive and not saturated, which is illustrated in Figure 6.15. However, the method was
unsuccessful when the power was negative or included saturations.

The reason to the problems with negative power is the fact that the truck is changing dy-
namics when it is braking, which apparently cannot be captured by a simple PI-controller.
One possible way to handle this could be to use two models, one model for acceleration
and one model for braking.

It was assumed in Chapter 4 that the power at the wheels has a constant saturation limit.
As seen in Figure 6.18 the saturation is not constant and also includes outliers due to the
gear shifts, which violates the assumption. Consequently, problems arise to identify the
parameters since these behaviors are not captured by the driver model.

The bottleneck with this method is to fit a PI-controller on a very complex dynamics
including both the driver and the powertrain, which was shown to be intrinsically hard.
From the performed experiments, it can be concluded that the open loop identification
method is not favorable to use in this context.
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7.4 Closed loop parameter identification

As mentioned previously in Section 6.4, the closed loop identification approach is inher-
ently hard due to the nonlinearity and non-smoothness of the closed loop dynamics. The
main difficulty in the closed loop MHE, was the fact that the integrated error was not
available for measurement. Without the measurement of the integrated error, the driver
model parameters are unobservable. The integrated error was therefore constructed us-
ing the current measurements and the arrival parameters from the previous MHE run.
However, this approach was unsuccessful and resulted in instability of the MHE.

A possible approach that is worth investigating in future work is to replace the integrated
error in the objective function with the power at the wheels, which is indeed available for
measurement. However, this method would no longer be a pure closed loop identifica-
tion method but a mixture between open loop and closed loop. Consequently, it would
also give arise to similar issues, as experienced in the open loop identification, that the
power includes saturations and gear shifts. These issues could possibly be easier to han-
dle in the context of MHE.
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8
Conclusion

The prediction algorithm, without the identification routines, has been successfully im-
plemented in the GSP. The algorithm is able to predict the vehicle speed and the torque
at the wheels when the GSP is set on cruise controller mode. The model integrator, in the
algorithm, runs in the microsecond range.

The prediction algorithm can be improved by further developing the driver model. One
possible improvement is to include the powertrain dynamics and gear shift strategies in
the driver model.

The MHE scheme for identifying the truck model parameters is able to estimate the aero-
dynamic drag coefficient, the rolling friction coefficient and the average wind speed. The
MHE can be efficiently coded in C to most likely execute in the millisecond range.

The open loop parameter identification method for identifying the driver model param-
eters proved to be very difficult, since the dynamics of the driver and the powertrain had
a much higher degree of complexity than the driver model itself. Therefore, this method
is not favorable to use in this context.

The closed loop parameter identification for identifying the driver model parameters has
not yet been fully investigated. The main difficulty is the fact that the integrated er-
ror state is not available for measurement, which is needed for making the parameters
observable. The approach for constructing the integrated error from the current mea-
surements and the arrival parameters was unsuccessful and resulted in instability of the
MHE.
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9
Future work

The main area of improvement in this thesis is the driver parameter identifcation. In
order for the prediction algorithm to be useful in a real application, a robust method to
acquire the driver model parameters is needed. The closed loop MHE is one approach
that could be further developed and explored in a future work, by e.g. utilizing the power
measurements in the objective as discussed in 7.4.

When having a functioning identification method for the driver model parameters, the
driver model could be further developed to improve the predictions. The following sug-
gests possible improvements of the driver model that could be accomplished in a future
work:

• Include the powertrain dynamics and gear shift strategies.

• Extend the model by utilizing the preview information the driver actually sees on
the road, such as upcoming speed limits and road slopes.

Finally, the first order uncertainty propagation, described in Section 5.4.2, could be im-
plemented and verified to obtain a computationally inexpensive method for estimating
the covariance of the predictions.
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A
Road map data

The code below depicts the structure of the road map data which is included in the GSP
and is available for every drive cycle. In the thesis, the second column corresponds to the
position, denoted S̄. The third column corresponds to the speed limits, denoted V̄ . The
fourth column corresponds to the altitude, denoted Ā.

1 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
2 %
3 % row pos vlim a l t
4 % −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
5 % [ 1 ] [m] [m/s ] [m]
6 %
7 Road Matrix = [
8 1 .0000 , 0 .0000 , 23 .6111 , 128 .2000
9 2 .0000 , 1000 .0000 , 23 .6111 , 128 .2100

10 3 .0000 , 1028 .0500 , 23 .6111 , 127 .9200
11 4 .0000 , 1084 .1500 , 23 .6111 , 127 .8700
12 5 .0000 , 1140 .2400 , 23 .6111 , 127 .7300
13 6 .0000 , 1196 .3400 , 23 .6111 , 127 .2000
14 7 .0000 , 1252 .4400 , 23 .6111 , 126 .7600
15 8 .0000 , 1306 .54 , 23 .6111 , 126 .3800
16 9 .0000 , 1364 .6300 , 23 .6111 , 126 .5700
17 10 .0000 , 1420 .7300 , 23 .6111 , 126 .1900
18 11 .0000 , 1476 .8300 , 23 .6111 , 125 .3200
19 12 .0000 , 1532 .9300 , 23 .6111 , 125 .5900
20 13 .0000 , 1589 .0200 , 23 .6111 , 125 .4400
21 14 .0000 , 1645 .1200 , 23 .6111 , 125 .2100
22 15 .0000 , 1701 .2200 , 23 .6111 , 125 .2000
23 16 .0000 , 1757 .3200 , 23 .6111 , 124 .9600
24 17 .0000 , 1813 .4100 , 23 .6111 , 124 .9100
25 18 .0000 , 1869 .5100 , 23 .6111 , 125 .0700
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26 19 .0000 , 1925 .6100 , 23 .6111 , 125 .2700
27 20 .0000 , 1981 .7100 , 23 .6111 , 125 .7500
28 21 .0000 , 2037 .8000 , 23 .6111 , 126 .1400
29 22 .0000 , 2093 .9000 , 23 .6111 , 126 .2900
30 23 .0000 , 2150 .0000 , 23 .6111 , 126 .6300
31 24 .0000 , 2206 .1000 , 23 .6111 , 127 .5500
32 25 .0000 , 2262 .1900 , 23 .6111 , 128 .1700
33 26 .0000 , 2318 .2900 , 23 .6111 , 128 .7600
34 27 .0000 , 2374 .3900 , 23 .6111 , 129 .1900
35 28 .0000 , 2430 .4900 , 23 .6111 , 130 .1300
36 29 .0000 , 2486 .5800 , 23 .6111 , 130 .8200
37 30 .0000 , 2542 .6800 , 23 .6111 , 131 .4100
38 31 .0000 , 2598 .7800 , 23 .6111 , 132 .3700 ] ;
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B
GSP measurements

From the GSP set on cruise controller mode, data is extracted for the drive cycle Borås-
Landvetter. In figure B.1 the speed is shown, in B.2 the torque at the wheels is shown, in
B.3 the power at the wheels is shown, in B.4 the road slope is shown.
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Figure B.1.: Illustrates the measured speed.
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Figure B.2.: Illustrates the measured torque at the wheels.
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Figure B.3.: Illustrates the measured power at the wheels.
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Figure B.4.: Illustrates the measured road slope.
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