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Adaptive Control Of Hydraulic Drive System

Real Time Steady-State Estimation Using Kalman Filter
Robert Agvik, Sophie Vannman

Department of Mechanics and Maritime Sciences
Chalmers University of Technology

Abstract

This thesis investigates how an adaptive controller can be developed for a hydraulic
drive system. The currently used controller consists of a feed-forward component
and a PI component. The feed-forward component consists of tables describing
the steady-states of the vehicle, where the desired value is acquired through linear
interpolation between the table points. The problem being that the system be-
haviour changes with time, leading the table values to become inaccurate and as a
consequence the controller cannot control the system to satisfaction.

The goal of this thesis is to solve this adaptivity problem and develop a controller
that can handle the changes to the system over time. This is achieved by imple-
menting a Kalman filter-based algorithm that updates the steady-state values of
the feed-forward part of the controller to correct values, based on continuous mea-
surements from the system. Relevant tables values are chosen as Kalman states
which are updated based on measurements from the system and then reinserted
into the tables. Two further development concepts are investigated. In the first the
Kalman filter is updated with a batch of measurements and in the second a 3rd
order polynomial is used to find interpolated values instead of linear interpolation.

The conclusion is that the above mentioned algorithm results in an efficient sys-
tem controller that maintains a comfortable driving experience. It is shown in this
thesis that updated table values provide better control performance and that this
contributes to the adaptivity of the controller.

Keywords: Machine learning, Reinforcement learning, System control, Model-free
Control, Model-Based Control, Adaptive Control, Kalman Filter, Extended Kalman
Filter
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k Index for sample

t Index for time step
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Tetrl Control current
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K, Proportional control gain

K; Integral control gain

F. State transition model

By, Control-input model

Pk Estimate covariance

pk|k_1 Predicted estimate covariance

Qx Process noise covariance

H,; Observation model

Ry, Observation noise covariance

Sk Innovation covariance

Ky, Kalman gain
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1

Introduction

The hydraulic drive system investigated in this thesis utilizes a hydraulic pump to
generate a pressure that drive hydraulic motors that, in turn, actuates the wheels
of the vehicle. A Pl-controller with a feed forward block is implemented to regulate
the pressure of the pump. However, the current control system is not adaptive over
time which causes problems since there is considerable wear of the hydraulic pump
and engine. The controller is therefore at risk of becoming inaccurate and could fail
to control the system to satisfaction.

In a previous master thesis a machine learning based control system that uses a
reinforcement learning algorithm has been developed to adapt to the changes of
characteristics in the physical system [1]. The developed controller show promising
results but is not stable when tested on the physical system and requires further
development before it can replace the current control system.

The adaptivity problem remains to be solved and is further investigated in this thesis.
The goal is to develop a control system that successfully controls the hydraulic drive
system while maintaining stability.

1.1 Background

This thesis investigates control of a hydraulic drive system, which consists of a axial
piston variable pump, mounted on the main engine, and a radial piston motor. The
pump has several pistons mounted on a swashplate with a controllable angle. The
main engine will drive the rotation of the swashplate and as the pistons rotate they
move in and out of the cylinders, generating a pressure that then drives the radial
piston motor. The volumetric flow is controlled by adjusting the swashplate angle of
the pump, which is in turn actuated by two hydraulic cylinders with spring return
to the center position. Electrically controlled hydraulic valves actuate the cylinders
[1]. The pump generates a hydraulic flow, that drives the pistons in the hydraulic
motors and thereby actuate the wheels of the vehicle. To control this system, a work
pressure reference is provided to the controller, which outputs an electric current as
control signal.

Figure 1.1 show a schematic description of the system where the work pressure is
defined as the relative pressure between A and B.
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Figure 1.1: Hydraulic system overview [1].

The current applied to the hydraulic valves generate a specific control pressure. The
characteristics are shown in figure 1.2.

35
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Pressure differential Ap,, [bar]

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6
Control current I [A]

Figure 1.2: Characteristics curve of hydraulic valves with tolerance band. [2]

1.1.1 Current controller

The existing controller is a proportional-integral-regulator (PI) combined with static
feed-forward block. A schematic representation can be seen in figure 1.3.

Work Pressure ref

Feed-Forward:
Steady-State Tables

™ ﬁ G_ontrol
| PI signal N System States

Figure 1.3: Schematic view of the current hydraulic drive controller.




1. Introduction

The static feed-forward part of the controller consists of a number of tables that
correspond to specific reduction ratios. The reduction ratio is the angular velocity
ratio between the hydraulic pump and the wheels. The tables provide information
about which control pressure is necessary to acquire a specific work pressure given
an engine speed at steady-state, see fig 1.4. To acquire the control pressure value
for any data point, trilinear interpolation is used along the axes engine speed, work
pressure and reduction ratio. The tables were acquired through calibration runs a
few years ago. They were done by driving the vehicle at specific reduction ratios,
engine speeds and work pressures, for a certain amount of time, ensuring that steady-
state has been reached. The data points in the tables are carefully chosen to ensure
that the system behaviour between them can be approximated as linear. The tables
used in the current controller are referred to as "current tables'.

Work Values of
pressure Control
ref Pressure

\ 4

Engine speed

Figure 1.4: Schematic representation of one of the tables used in feed-forward part
of controller.

The Pl-part of the controller handles system dynamics and compensates for inac-
curacies in the table values. The PI controller has proportional and integral control
actions, described by K, and K;. The proportional control action adjusts the out-
put based on the difference between the desired reference and the current measured
value while the integral control action integrates the error over time to eliminate
steady-state errors.

The two control components are added to each other and describe the desired control
pressure, cq,. LThe control current, 7., needed to obtain a control pressure is found
through equation (1.1), which is based on the characteristics seen in figure 1.2.

, Cetrl + 10
betrl = 755775 (11)

1.2 Relevant research articles and literature re-
view directions

Previous work has been done in the field of system control using machine learning
and AI and on how hybrid control, using both machine learning and traditional
control methods, could be implemented. Some examples will be presented in this
literature review.
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1.2.1 Master thesis on front wheel drive control

A master thesis has been done previously at CPAC Systems AB by Oskar Johans-
son and Benjamin Lundgren, "Adaptive Model-Free Control Applied to Truck Front
Wheel Drive, Real time control with reinforcement learning utilising recurrent deter-
ministic policy gradient" [1]. The purpose being to solve the problem of adaptability,
where the front wheel drive controller becomes inaccurate with time. The goal of the
thesis was to emulate an existing, dynamical controller with a recurrent neural net-
work and supervised learning and to improve its performance by using reinforcement
learning.

In the thesis an Artificial Neural Network, trained with supervised learning, was
used to emulate the existing controller. Then the reinforcement learning algorithm
Recurrent Deterministic Policy Gradients (RDPG) is implemented to improve the
controller and make it adaptive.

The conclusion of the thesis was that emulating the existing controller was feasible
but the results were relatively poor. Using reinforcement learning to improve the
performance of the artificial neural network showed promising results. It was found
that the learning rate of the critic network affected whether the algorithm would
converge or not. When testing the method against the physical system the learning
would diverge, therefore further testing and tuning is necessary to allow the system
to converge [1].

1.2.2 Machine learning in control

Novel research has been done on how machine learning can be used to control com-
plex nonlinear systems. D. Kim et. al. published a review on machine learning
methods in soft robotics [4]. Soft robots are, compared to rigid robots, flexible,
adaptive and deformable, and exhibit complex behaviours caused by nonlinearities
and hysteresis. This creates problems when trying to model, calibrate and control
these robots, therefore methods using machine learning have been researched in re-
cent years. The review showed that machine learning can effectively solve problems
related to soft robots and is therefore critical in the field. Several limitations remain,
which are due to the large quantity of data needed to train the network, manufac-
turing errors in sensors and actuators and problems related to real-time applicability
[4].

Reinforcement learning is a useful tool in artificial domains, but the research made
is difficult to use in practice [5]. In the article "Challenges of Real-World Reinforce-
ment Learning" G. Dulac-Arnold et. al. present the main challenges connected to
implementations of reinforcement learning in real-world scenarios. The challenges
are related to, among other things, learning rates in relations to the amount of
samples, safety constraints, the demand from operators to have interpretable or
explainable policies and unknown or large delays in sensors or actuators.

To summarize the research on machine learning and system control, it can be said
that machine learning can be a very useful tool, especially when it comes to non-
linear, complex systems that are difficult to control with traditional methods [4, 6].

4
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With this being said, there are some important challenges that need to be addressed
in order to make it work in a real-world scenario.

1.2.3 Black-box problem and interpretability

A controller for a safety critical system needs to be proven safe. Therefore it is
relevant to look at research exploring the downsides of black-box algorithms and
how interpretable Al can be designed and used to improve the transparency of the
decision-making process.

There are inherent issues linked to using deep neural networks (DNN). It is often
impossible to trace back how their many parameters are interconnected and com-
bined to make decisions [7]. The conclusion is, that the DNN can be considered a
black-box: there is no way of making sense how it makes decisions and is referred
to as the black-box problem. This poses problems in safety-critical systems, such as
some control systems and in system’s making high stakes decisions, for example in
health care and criminal justice [8].

To solve this black-box problem, there has been a surge of work done on "explainable
ATI", which is when a second model is designed to explain what happens in the black-
box [8]. According to Cynthia Rudin, this is problematic since the explanations are
often unreliable and misleading. Instead she suggests that inherently interpretable
AT should be used. It is difficult to give interpretability an all-purpose definition
since it is highly domain-specific [8]. According to Mattias Wahde et al., an impor-
tant principle to apply, to achieve safe and interpretable conversational Al is to use
only interpretable primitives, which aligns with Cynthia Rudin’s conclusion [9)].

1.2.4 Hybrid control

In the reinforcement learning based control system developed by O. Johanssons and
B. Lundgren, there were problems during the initial training as the control policy
deteriorated at first before eventually improving [1]. A similar problem is described
by I. Koryakovskiy et. al. and J Yoo et. al. in their articles: the reinforcement
learning approach causes problem in the initial stages of training as it requires several
iterations of trial and error before learning the control policy, which causes problem
when it could potentially damage the systems being controlled [10, 11].

I. Koryakovskiy et. al. present a solution to solve this problem in robots, where
they combine reinforcement learning with model-based control [11]. They suggest a
combination of nonlinear model predictive control and reinforcement learning, where
the reinforcement learning is used to compensate for differences between the inter-
nal model and the real model. The model-based aspect of the algorithms improve
safety, without it the reinforcement learning algorithm would make the robot ex-
plore behaviours that would for example cause it to fall down and cause irreparable
damage to the robot itself [11].

Similarly J Yoo et. al. suggest combining a PD-controller or an LQR-controller
with PILCO, a model-based reinforcement learning algorithm, where they let the
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classic controllers (PD and LQR) complement the reinforcement learning policy
[10]. Testing showed promising results regarding both control performance and
convergence.

F. L. Lewis et. al. show in their article how optimal, adaptive controllers can be de-
signed using reinforcement learning [12]. Optimal controllers usually use knowledge
of the system dynamics to solve Hamilton—Jacobi—Bellman equations, which is diffi-
cult (or impossible) when the system is nonlinear. Adaptive controllers solve optimal
design equations after identifying the system parameters using system identification
techniques [13]. In the article it is shown that a new class of adaptive controllers
can be designed using reinforcement learning. These controllers have an actor-critic
structure, typical for reinforcement learning, that solves Hamilton-Jacobi-Bellman
equations online, i.e. under usage, in order to learn optimal control policies without
knowing the system dynamics [12].

1.2.5 The Kalman filter

In 1960, Rudolph E. Kélman published his paper describing the Kalman filter [14].
It has since then been used in many engineering fields such as for trajectory, state
and parameter estimation for control, diagnosis, data merging and signal processing,
to name a few examples [15]. Famously, the Kalman filter was used in the Apollo
Project to estimate the trajectories of the spacecraft to and from the moon [16]. Ac-
cording to Auger et al’s review of the applications of the Kalman filter in industrial
settings, the main drawback of the filter has been the computational load required.
With the availability of low-cost and more elaborate processors the authors believe
that the Kalman filter will likely become more commonly used in the future.

Huang Z. et al. show that an Extended Kalman Filter (EKF) can successfully
estimate the dynamic states of a power system [17], using a full dynamic system
model combined with Kalman filtering techniques. The authors expect that this
dynamic estimation of states will transform power systems operations. The EKF
has also been successful at estimating the states of a permanent magnet synchronous
motor and that the implementation can be used in real-time despite the heavy
computational requirements [18].

Kanieski et al. have in their paper implemented a control system for power quality
conditioning devices, that includes a Kalman-filter algorithm [19]. The Kalman filter
is used to generate correct references for the controller even under grid perturbations.

1.3 Purpose

The objective of this thesis is to investigate how the existing hydraulic drive PI-
controller can be replaced with an adaptive controller. It will investigate how re-
inforcement learning can be used and combined with traditional control methods
to improve adaptability and stability. Where and how is modelling of the system’s
dynamics necessary or useful?

Does this approach allow for more interpretability than a machine learning based
controller and if so how?
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1.3.1 Goals

1. Develop an adaptive controller, that can handle changes to the system over
time.

2. Obtain stability and adaptivity such that the controller provides a comfortable
driving experience and works for multiple scenarios.

1.3.2 Limitations

The controller has to be executable in real-time on a personal computer in order to
control the physical system. The system has a fixed cycle rate which will be used
for the controller developed in this thesis.
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2

Theory

The following section describes keys topics that are touched upon in this thesis.
Firstly the reinforcement learning algorithm PILCO will be described, followed by
an introduction to adaptive control, a description of the kalman filter and its imple-
mentation and finally description of different kind of interpolation methods.

2.1 PILCO

The PILCO algorithm, "Probabilistic Inference for Learning Control", is a model-
based reinforcement learning algorithm that is useful to control complex systems in
continuous-time [20]. Even though it is model-based, it does not require the system
dynamics to be known. The algorithm has shown to be successful in continous-time
control applications [10, 11] .

The algorithms learns a probabilistic model, a Gaussian process, that describes the
dynamics of the controlled system [20]. The Gaussian process is iteratively updated
based on observed data from the system. This model is then used to evaluate and
optimize a controller, also referred to as control policy. The algorithm is described
in Algorithm 1.

Algorithm 1 PILCO

Initialization : Sample controller parameters
Apply random control signals and record data
Repeat :
Learn probabilistic (GP) dynamics model using all data
Repeat :
Approximate inference for policy equation
Gradient-based policy improvement
Update policy parameters 6
Until convergence; return 6*
Set m «— m(0*)
Apply 7* to system and record data
Until task learned

Assume that there is a dynamical system described as in equation (2.1). The system
dynamics are described by the unknown function f(z;,u;) and w; is Gaussian noise.
When using the PILCO algorithm, the system dynamics are assumed to follow a
Gaussian process model, it can therefore be described by a mean and variance. This
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process model is learnt by the algorithm using a training set containing previous
states and corresponding control inputs.

Tir1 = f(l’t, ut) + wy (21)

The goal of this algorithm is to find an optimal control policy m(z,6) that controls
the system toward a reference. This is done by optimizing the parameter € so that
it minimizes the cost function J7(6) as in equation (2.2). Which cost function is
chosen depends on the system and application but it is here described by I(xy, u;).

min J"(0) = ZOE[l(xt, uy)] (2.2)

2.2 Adaptive control

An adaptive controller will adjust its parameters over time in order to cope with
changes in the physical system being controlled [13]. This could be changes in op-
erating conditions, disturbances or changing uncertainties. Adaptive control can be
very useful for ever changing and uncertain systems where designing a fixed control
strategy can be difficult. Adaptive control is done based on real-time feedback from
the system, often obtained from sensors or other measurements. The adjustment of
control parameters can be based on a pre-defined algorithm, or it can be learned
through machine learning techniques. Adaptive controllers are commonly used in
many engineering applications, such as automotive control and robotics [21].

2.3 Kalman Filter

The Kalman filter is a recursive, under specific assumptions, optimal data processing
algorithm [22]. Tts purpose being to produce optimal state estimates of a modeled
process using noisy measurement [14]. The filter considers known system dynamics,
statistical descriptions of process noise, available measurements and their error,
when estimating the future state [22].

Under the assumption that the state transition model can be described by linear
equations and that the process and measurement noise are described by independent
gaussian distributions, the Kalman filter will produce optimal state estimates [22].
These assumptions might not be commonly found in the real world, but the filter can
still deliver reasonable and useful estimates. For non-linear systems, the Extended
Kalman Filter (EKF) and Unscented Kalman Filter (UKF) can be useful tools to
estimate states [23, 24].

2.3.1 Implementation in discrete time

The Kalman filter consists of two part: the prediction step and the update step. In
the prediction step, the filter uses the previous estimate of the system to predict the
coming (a priori) state estimate ;1. The predicted (a priori) estimate covariance

10



2. Theory

Pyy_1 is also calculated. This is done according to equation (2.3) and (2.4), where
I}, is the state transition model, Bj the control input model, (J; describes the
covariance of the process noise.

Tpjp—1 = FrTp_1jk—1 + Brus (2.3)
151@|k—1 = FkPk—l\k—leT + Qr (2.4)

In the update step, the innovation g, and its covariance S are calculated as in
equation (2.5) and (2.6), where z; is the measurement and Ry, the corresponding
noise covariance . The innovation is the difference between the predicted state and
the measured state. The future state wy, is then estimated as in equation (2.8),
using the innovation and the Kalman gain K. The kalman gain is calculated as in
equation (2.7), it is needed to take the measurement and prediction uncertainties
into account when estimating the new state.

Uk = 2k — Hygjp— (2.5)
Sk = Hy Py HY + Ry, (2.6)
Ky = By HFS;? (2.7)
Tk = Tpjp—1 + Kl (2.8)
Py = (I — Ky Hy,) Py (2.9)

2.4 Interpolation

Given a set a of data points, interpolation is a mathematical method that can be used
to estimates values in between the known datapoints. Interpolation can be linear,
polynomial or spline, to name a few, and it can be done in several dimensions. The
method of interpolation affects the properties of the estimated value and should be
carefully considered to maximize the accuracy of the estimation. Extrapolation is a
related concept that is used to estimate values outside of the known samples.

2.4.1 Linear interpolation

Given two known data points (z¢,yo) and (z1,y;), linear interpolation will estimate
points to lay on the straight line going through both data points [25]. Linear inter-
polation guarantees a continuous function but the first derivative may take a discrete
step at the datapoints. This linear polynomial is described by equation (2.10).

r1T — X r — g

P(z) = Yo + i (2.10)
1 — 2o 1 — X

11



2. Theory

2.4.2 'Trilinear interpolation

Trilinear interpolation is used to estimate a function value at a point in 3D-space,
that is surrounded by eight known datapoints that are corners of a cube Cy, . -, , %, J, k €
{0,1}. See figure 2.1 for a visual representation of the interpolation point and the
known data points. The value is calculated by linear interpolation in three steps,
one for each dimension. In this explanation the order is x,y,z but the order does not
affect the resulting value.

011 111

COOI

101
Cce

COIO. CllO

C Cio0

L
000

Figure 2.1: Interpolation point C (red), surrounded by known data points C,y,
(blue). [3]

In the first step, linear interpolation is made in the x-direction, resulting in 4 values.
The second step is to linear interpolate between the y-value, resulting in two values.
The third and last step is to linear interpolate between the samples on the z-axis,
resulting in the desired value. A visual representation is seen in figure 2.2.

1 — X T — X .
step 1: Cy,zr = Cao s p— + C’zlvyﬁzkx — J.ke{0,1}  (2.11)
step 2: C, =Cpur—Yig, . 2= ke {01} (212)
Yo Y1 — Yo
7 —z z—z
step 3: C=0Cq, - ., 0 (2.13)
21 — R0 21 — 20
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Figure 2.2: Interpolation point C (red), surrounded by known data points
Cyyz(blue). [3]

2.4.3 Piecewise cubic hermite interpolating polynomial

Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) is a type of function
used to interpolate data points. PCHIP preserves the monotonicity, which means
that if the data points are increasing or decreasing, so will the function and there
will be no overshoot.

The algorithm generates a spline consisting of third degree polynomials P(x), defined
as in equation (2.14) and (2.15).

P(x) = At* + Bt* + Ct + D (2.14)
p= T Tk (2.15)
Tp41 — Tk

Between every pair of succeeding points, xy, rx11, the polynomial has to pass through
the data points while the first derivative remains continuous. However, the second
derivative may be discontinuous at the sample points. P(z) has to meet the condi-

tions (2.16)-(2.20) [26].

P(xy) =y (2.16)
P(2p41) = Yk (2.17)
P'(xy) = fi, (2.18)
Pl(zr41) = fr (2.19)
(2.20)

The parameters of the polynomials between succeeding points, see equation (2.14),
are then defined as in equations (2.21)-(2.25).
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3

Methods

This section describes the methods chosen to implement and verify a controller for
the hydraulic drive system investigated in this thesis. The intention is to develop an
adaptive controller as wear on the system causes the current controller to become
suboptimal over time.

An initial attempt was made to mathematically model the hydraulic system, since
that would be a helpful tool both in a simulator and when implementing a controller.
Due to lack of information about the physical components in the system, such as
the size of the pistons in the pump and motor and information about leakage and
loses in the system, the attempts were unsuccessful. The conclusion being that the
goals of this thesis need to be achieved without a mathematical model.

A simulator is implemented to allow for easier testing, the reinforcement learning
algorithm PILCO is investigated and a reinforcement learning based algorithm that
uses a Kalman filter is implemented.

3.1 Simulator

A simulator is implemented to allow for testing and evaluation of the controller’s
performance, without having to have access to the real system. For this specific
application the simulator needs to return a realistic work pressure given an engine
speed, reduction ratio and a control current. This is done by using the same tables
as in the current controller described in section 1.1.1. The behaviour of the con-
trol pressure is assumed to be linear between these data points, therefore trilinear
interpolation is used to acquire a work pressure given the previously mentioned pa-
rameters. The acquired work pressure is filtered in a first order low pass filter in
order to simulate dynamics of the physical system.

In order to get a more realistic simulation regarding the dynamics of the system,
a neural network was trained on real data. The goal being to provide work pres-
sure values given historic engine speed, reduction ratio and control current values.
This simulator showed fairly good results but the training data was limited which
made the simulator less reliable. The training was done using supervised learning,
implemented by O. Johansson et. al. [1].
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3.2 PILCO

PILCO controllers show good results on continuous-time model-free control applica-
tions [11, 10], which makes it a relevant algorithm for the application of this thesis.
The system model, learned by the PILCO algorithm, can be updated based on ob-
servations of the system. This would allow for adaptivity of the controller, which
is why this algorithm is initially chosen as approach to achieve the purpose of this
thesis.

The PILCO algorithm is implemented by using code written by Nikitas Rontsis and
Kyriakos Polymenakos [27]. It is a Python implementation of the original Matlab
implementation done by Marc Deisenroth et al. in 2013. The PILCO implementa-
tion generates an optimal controller, which is applied to the simulator of the system
and its performance is evaluated.

As suggested by Deisenroth et al. the saturating cost is used as cost function in
the algorithm [20]. The chosen states that were deemed as relevant for the model
to allow for control were engine speed, current work pressure, reduction ratio and
control current. These states were chosen since they are continuously measured and
they could potentially say something about the wear in the system, since the three
states affect the system in different ways.

In the original implementation by N. Rontsis et al. a Mujoco environment is used
as simulator to train the algorithm. Since the hydraulic system considered in this
thesis cannot be described by an existing mujoco environment, the simulator is
used instead. Relevant functions are written to allow for similar use to the Mujoco
environment to minimize the changes to the original code.

The machine-learning based simulator is used since it describes historic dependency
between states, as it takes states a few samples back as input when calculating the
new work pressure state.

3.3 Controller 1 : update of controller tables

The adaptivity of the currently used controller, described in section 1.1.1, could
be improved if the tables used for the feed-forward part of the controller stayed
accurate over time and evolved with the changing system. In order to achieve this,
a continous update of the table values is necessary. This is done by adding an
updater-block to the current controller, that takes measured states a input: engine
speed, reduction ratio and workpressure and controller output, and then returns
updated tables to the controller. A schematic overview can be seen in figure 3.1.
The controller described in this section will be referred to as "Controller 1".

16



3. Methods
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Figure 3.1: New hydraulic drive controller with updater block.

The main idea is to compare the expected control pressure, i.e. the control pres-
sure returned from the feed-forward block, and the actual control pressure delivered
from the controller. The expected control pressure is acquired by taking the mea-
sured work pressure, the engine speed driving the pump and the current reduction
ratio, and then do trilinear interpolation between the known table values to get
the expected value at that specific point. Note that the tables are only accurate at
steady-state, therefore a guard is required to ensure that the tables are only updated
based on measurements at steady-state.

To exemplify, assume that the reduction ratio and engine speed are fixed, figure 3.2
shows the relationship between work pressure and control pressure. The red dots
show how work pressure and control pressure are related according to the tables,
described in section 1.1.1. The green line shows the actual relationship between work
and control pressure in the physical system. The purple dot shows the measured
control pressure for a set engine speed, reduction ratio and measured work pressure,
it appears on the green line since that is the true control pressure needed in the
physical system. The purple dot show the expected control pressure value, acquired
by doing linear interpolation between the two known table values. The blue dots
show what the table values should be, i.e. the values that should be found by
the updating algorithm. After comparing the expected and actual control pressure
values (green and purple dot) the algorithm should make a decision on how to update
the table values.
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Figure 3.2: Update of table values.

3.3.1 Kalman filter for state estimation

The update of table values is done using a Kalman filter. This method is chosen
because the update step of the Kalman filter take into account the state innovation
and the state uncertainty, which is relevant for this application. It is desirable to
use an algorithm that will update the states both with regards to the new measure-
ment and the previous state, that also takes into account the measurement noise
and uncertainty of the estimate. Kalman filters are also commonly used for state
estimation. In this case it could be argued that the control pressure values found in
the tables, are subject to steady-state estimation.

The Kalman filter states x are the eight control pressure values corresponding to
the eight surrounding points in the tables. Figure 3.3 shows a visual representation
of the Kalman states and the measurement. In figure 3.3, the blue dots represent
points for which the tables contain a control pressure value. For any control pressure
measurement, a red dot in the figure, there will be a known engine speed, work
pressure and reduction ratio, which places the measurement in this 3D-space. Each
measurement will be surrounded by 8 points, as seen in figure 3.3. These are the
eight points whose control pressure value will be updated by the Kalman filter at
each iteration.
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Figure 3.3: For any control pressure measurement there are 8 points surrounding
it with corresponding table values.

For each Kalman iteration, the algorithm extracts the eight Kalman states from
the tables. The Kalman prediction and update is done, as described in Section
2.3, then the updated states are reinserted into the tables. The covariance matrix
P is handled in a similar way. A large covariance matrix is defined that contains
information about the covariance of all possible states, i.e. all table values. Elements
related to the specific states of the iteration are then extracted to create a smaller
covariance matrix that is used for the Kalman prediciton and update. The values
in the updated covariance matrix are then reinserted into the large matrix. Note
that, since only the eight values closest to a measured control pressure are updated
with this algorithm, the whole table will only be updated if relevant measurements,
covering the whole span of the tables are acquired.

In the prediction step a naive prediction is done, meaning that the state transition
matrix is an eye matrix. This means that the predicted states are assumed to be
equal to the previous state. Such an assumption is possible because the physical
process, the aging of the hydraulic system, is very slow so the changes are assumed
to be described within the system noise. The covariance matrix P is assumed to
be very low initially, i.e. it is assumed that the table values are correct. This is
necessary to avoid initial problem with unreasonably large updates.

In the update step the observation model-matrix H describes the trilinear interpo-
lation of the Kalman states. The matrix H describe how each state contributes to
the expected control pressure value. In the innovation step, the component HZ,
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i.e. the matrix multiplication between H and the predicted state, correspond to the
expected control pressure at a given point. This is subtracted from the measured
control pressure, z;, to form the innovation.

The Kalman filter can only handle linear systems, which in this case causes prob-
lems when the physical system exhibits non-linear behaviours, such as when the
work-pressure reference is changed. This was confirmed with the simulator, non-
linear behaviour was introduced in the simulator, which led to poor results for this
implementation of the Kalman filter. To handle this, a guard was introduced to
ensure that the system reached steady-state before measurements were used to up-
date table values. The guard prevents the tables to update if the work pressure, its
reference, the engine speed or the reduction ratio change too much. A reasonable
threshold for each parameter was obtained by looking at data from step-responses
from the physical system.

3.3.1.1 Observation matrix

The observation matrix, H, used in the Kalman filter for this application describe
how the eight table points surrounding the measured point contribute to the control
pressure value at the measurement. The observation matrix times the states result
in the expected control pressure value. The matrix is calculated using trilinear
interpolation, explained in section 2.4.2, where the first axis of interpolation is the
reduction ratio, the second work pressure and the third pump speed.

Any state value Cy, 4. .., will contribute to the expected value along the x-, y- and
z-axis with a factor v,,, 7, and =, respectively, which is calculated as in (3.1)-(3.4),
where i € {0,1}.

o — ————— 3.1
L — (3.1)
Yy —y
Vg = ———— (3.2)
Y Yi — Y1—i
Zi — %
= ————— 3.3
Vi = o (3.3)

(3.4)

The expected value C¢,p, is then calculated as the sum of every state value times it
contribution factors, see equation (3.5).

1 1 1
Cexp = Z Z Z Cafivijzk,yxi,yyj Yz (3'5)

i=0 j=0 k=0

As the table values are the Kalman filter states, the observation matrix can be
written as in equation (3.6)

H=]"-, Var; Vi Ve ] i,7,k €40,1} (3.6)
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As the states and contribution from each state varies over time, the observation
matrix is therefore time dependent and requires to be recalculated in every time
step.

3.3.1.2 Tuning of parameters

Kalman has two main parameters that need tuning to fit the application of the
filter, the process noise covariance )} and the measurement noise covariance Rj. For
many Kalman filter application, the measurement noise covariance can be found by
looking at actual measurements and estimating how much it varies in steady-state.
This is not possible in this case, because expected control pressure is not per se
a measurement. It is not affected by the noise caused by a sensor, but it is still
relevant to tell the filter how much it should trust the controller’s control pressure
compared to the transition model used to predict the future state.

Both covariance matrices are given initial guesses and then tuned while doing tests
in the physical system to find the best fitting values. The process covariance needed
to be relatively small compared to the noise covariance in order to avoid to large
update steps of table values in an erroneous direction. The found values are found
in (3.7) and (3.8). Note that the diagonal values in the Q matrix are larger because
every state is assumed to mostly affect itself and that the non diagonal elements are
non-zero as it can be assumed that the table values has some small covariance.

—_
—

Q=10" (3.7)

[—
e e e e i i =)
—
S S S S Y

el e =

—
— O ) /) B = = =
—

101

R =50 (3.8)

3.4 Controller 2: batch

In initial testing, Controller 1 that uses a Kalman filter to update the tables, showed
some undesirable behaviour where large overshoots caused large fluctuations in the
table values. In order to minimize this problem the controller was altered so that
the Kalman update was made on a batch of observations, instead of only one mea-
surement. The idea being that this would lead to more careful updates of the states

and therefore less jumpy tables. This altered controller is referred to a "Controller
2",
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3.4.1 Extended observation matrix

In order to update the filter with a batch of data, the observation vector, z, is
extended. As a consequence, the observation matrix H also has to be extended, as
well as the innovation .

g = |21 = 1| & (3.9)

Three different options regarding the implementation of this controller are presented
below.
e Only extend the batch with samples that utilize the same state vector.
+ Easy to implement.
— Does not benefit from samples around a table value, only in one octant.
o Extend the state vector to include all the control pressure values in the table.
+ Benefits from samples around each and every table value.
— Significant overhead as the H-matrix will consist of zeros where none of
the samples affect the table values.
e A dynamic state vector that only consist of relevant control pressure values
from the tables.
+ Less overhead than including all table values and each state can benefit
from samples in the eight octants around it.
— Increased complexity to implement.

The second approach, extending the state vector to include all control pressure values
in the tables, is chosen. Mainly because it allows for more samples to contribute
to the estimation while keeping the implementation simple. Tests on the simulator
show that the overhead in the observation matrix did not affect the calculation time
in a manner that affected the performance of the controller. Updating with a batch
size of 100 samples is feasible to maintain update frequency of the control signal.

3.4.1.1 Prediction step covariance

In the prediction step of the Kalman filter, the predicted estimate covariance is
affected by the covariance of the process noise, see equation (2.4). If the covariance
noise is applied to all the table values, the state covariance will over time increase
infinitely for the table values that are unaffected by the innovation step. As the
reference work pressure is fixed most of the time when driving, the major part of
the states will not be affected by a measurement. To avoid this problem the state
covariance for unaffected table values, the covariance of the process noise is zero for
all values that are not affected by a measurement.

3.5 Controller 3: nonlinear interpolation

If the system exhibits highly non-linear behaviours between the data points in the
tables, linear interpolation will yield poor results. This is highlighted in figure 3.4,
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where the purple x’s show which table values controller 1 will eventually find given
the measurement. The blue dots represent the true control pressure value at those

points, which do not align perfectly with the estimated values.
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Figure 3.4: Kalman estimation of states
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To solve this problem a third controller is developed that uses a higher order in-
terpolation method than controller 1 and 2. PCHIP is concluded to be a suitable
choice since it generates a reasonably smooth graph, which can be seen in figure 3.5
where linear interpolation, polynomial interpolation and PCHIP are compared. The
controller described in this section, is referred to as "Controller 3".
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Figure 3.5: Comparison between PCHIP, linear and polynomial interpolation of
the table values with zero reduction ratio and pump speed of 900 rpm

When designing a PCHIP function, the derivative in the sample points can be defined
in different ways [28]. For this application the "scipy.interpolate.PchipInterpolator’
is chosen as interpolator [29].

The slope dj, between two sample points, xy and x; is described by dy, = (yrr1 —
Yr)/ Pk, where hy, = x4 — xg. The derivative f} in a sample point xy, is then defined
as the weighted harmonic mean, described in equation 3.10, where wy, = 2hy + hi_1
and wy = hy + 2h_1.

wy +wy Wy " Wy

Ji di—1  dy

If the sign of d and dj_; are different or either of them is equal to zero, then the

derivative is described by f; = 0. At the endpoints, the derivative is set to the
noncentered, shape-preserving, three-point formula, seen in equation 3.11 [30].

(3.10)

fo = ((2xg + x1)dy — wody) /(o + 1) (3.11)
PCHIP generates an interpolated value from one variable. The method to gener-
ate values from three variables is conceptually similar to trilinear interpolation but
PCHIP interpolation is used instead of linear interpolation, thus the calculations
are made in three steps. All table data points are used to generate the splines used
for interpolation, compared to the linear case where only the eight enclosing points
are used. As a result, the first step results in 6-7 = 42 points, the second in 7 points
and the last step provides the desired interpolated value, Cpocgp.

3.5.1 Adding PCHIP spline in observation matrix

A non-linear observation function can be used in an EKF. If PCHIP were to be
used as observation function it would significantly increase the the complexity and
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computational load of the algorithm, since the derivative of the observation function
is needed to calculate the innovation [31]. To avoid unfeasible complex calculations,
the observation matrix remains as linear interpolation but with the addition of a
bias term, Cl;s, that is the difference between the linearly interpolated control
pressure (HyZy,—1) and the PCHIP interpolated control pressure, Cpcprp in the
desired point. The state vector is correspondingly extended with a constant 1 and
the estimate covariance matrix, P, and the process noise covariance, ), are padded
with zeros to account for the new state.

Chias = Crourp — HyZgjp—1 (3.12)
Hsplme - [H Cbias] (313)
X
T spline = 1‘| (314)
:P 0
Pspline = 0 O] (315)
Q 0
Qspline = CO‘2 0] (316)

3.6 Tests in simulator

For testing of the controllers implemented in this thesis the simulator based on
empirical calibration table is used. The simulator is mostly used to show proof of
concepts while developing the controllers and that the communication via CAN is
working properly to prepare for testing on the physical system. The following tests
is preformed to investigate properties of the controllers.

1. A general performance test to compare behaviour and investigate the conver-
gence time of the table values. A basic scenario of a few states involved is
designed to analyze the behaviour in a feasible manner.

2. A test to measure calculation time for the different controllers. The test is
required as the tables updates online and the calculation time must be within
the given control frequency. The test is useful to deduce a reasonable batch
size.

3.7 Physical testing

To investigate the performance of the controllers developed in this thesis, tests
are conducted on the physical system. The first test investigates if the controllers
can successfully find and update its table values, this will show if the adaptability
problem has been solved. Other tests aim to show and highlight how the performance
of the new controllers differ from the current controller as well as each other. This
is done by looking at the size of the contribution from the PI part of the current
controller compared to the contribution to the new controller.
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3.7.1 Test 1: find table

The first test aims to investigate if the controllers can successfully find correct
steady-state tables. A calibration script is written, going through a serie of workpres-
sure and engine speed points with a constant time interval, to ensure steady state.
Table values are continuously logged. These table values will then be compared to
the reference table. This test is conducted on all three implemented controllers. The
found tables are then compared to the reference table found by doing a calibration
run with the current controller. The specifics of the tests are described in Appendix

A.

3.7.2 Test 2: work pressure step-response

For this test the engine speed is kept constant at 800 rpm and a step is taken, up and
then down, by the work pressure reference. To ensure that steady-state is reached
after each step, there is 15 seconds between each step. For this test both the work
pressure and the Pl-controller’s contribution to the control signal are measured in
order to be able to evaluate the control performance.

In figure 4.5 it can be seen that for positive work pressures, all table values are very
similar, while they differ much more for negative work pressures. To evaluate how
the system is affected by this fact, two different work pressure step-response tests
are conducted. One on positive work pressure values, where the old and up-to-date
table values are very similar, and one with negative work pressure values, where
tables are significantly different. The tests are referred to as "positive work pressure
step response’ and "negative work pressure step response', respectively. The tests
are conducted on the controllers both with old and up-to-date table values.

Specific information about the test can be found in Appendix A.

3.7.3 Test 3: engine speed step-response

For this test the work pressure reference is kept constant at 100bar, the engine
speed takes a step up and down and then followed by a sinus wave. The steps are
unrealistic behaviours for a true driving scenario, therefor a second test including a
sinus wave is done to show a more realistic driving pattern. For this test both the
work pressure and the PI-controller’s contribution to the control signal are measured
in order to be able to evaluate the control performance.

Specific information about the test can be found in Appendix A.
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Results

The following chapter accounts for all results found in this thesis. Starting with the
results from the reinforcement learning algortihm PILCO, followed by results from
tests, both in simulator and in truck, related to the three controllers using Kalman
filter.

4.1 PILCO

The implementation of the PILCO algorithm got poor results. The controller gen-
erated could not successfully control against either simulator. It showed signs of
trying to control the system as it converged to a work pressure value, but it was
not the desired one. When trying to identify the reason it was found that many
of the examples provided in the code could not be controlled successfully either.
The potential reasons for this failure are further discussed in section 5.1, but these
results led to this algorithm being abandoned.

4.2 Simulations of Kalman controllers

Initial testing of Controller 1 with the simulator show promising results. The con-
troller can successfully update controller table values to the correct values expected
from the simulator. This can be done even if the initial table used in the controller
is far from the correct values. As long as the Pl-controller can generate a correct
control signal for the desired action, the table values will eventually converge to the
true values. Controller 2 and 3 was also tested against the simulator and generated
similar behaviour.

4.2.1 State convergence

State convergence is investigated in the simulator under different scenarios. In the
first test the work pressure reference is set to 55 bar with a varying noise component,
a fixed engine speed and reduction ratio. There are two table points that will be
updated in this scenario, where the work pressure is 10 and 100 bar.
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Figure 4.1: State convergence with work pressure reference at 55 bar with normal
distributed noise, standard deviation = 5.67.

Figure 4.1 show how the states converge given a noise with a standard deviation of
5.67 bar, which is a reasonable value based on data from the physical system. The
plots show that all controllers manage to successfully estimate the state values as
they converge to the correct values. Controller 1 and 3 have similar performance
while Controller 2 has a slower and more careful convergence. It is also visible that
it is taking "steps" which might be a cause for problems in the real system since it
will lead to discontinuous behaviour in the control signal.

Control Pressure [bar]
PP - S -

Control Pressure [bar]

State 1

State 2

Controller 1
Controller 2
Controller 3
Ref

Control Pressure [bar]

Controller 1
Controller 2
Controller 3
Ref

5000

10000 1500

Sample

0 20000

25000 0

Control pressure at last sample

5000 10000 15000

Sample

20000

25000

Controller 1
Controller 2
Controller 3
Ref States
Start States |

80
Work Pressure [bar]

100 120

140

Figure 4.2: State convergence with work pressure reference at 55 bar with normal
distributed noise, standard deviation = 0.1.
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Figure 4.2 show the state convergence with a noise with a standard deviation of 0.1
bar. For this test, none of the controllers manage to converge to the correct values
within the time span. After the initial step, where both states overshoots, the state
values are considered accurate by the algorithm since the line going through the
two states passes close to the measured point, which leads to very slow convergence.
This is a potential problem with the chosen algorithm and interpolation methods but
these two tests show that the presence of noise minimizes the issue. Is is unlikely that

this becomes a problem in the physical system since there is a significant amount of
noise.

Next the convergence with a varying work pressure reference is investigated. The
work pressure varies back and forth between 10 and 100 bar. In figure 4.3, each step
takes 10 samples and in figure 4.4 every step takes 1000 samples .
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Figure 4.3: State convergence with high frequency changes in work pressure refer-
ence (10 samples/step).
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Figure 4.4: State convergence with low frequency changes in work pressure refer-
ence (1000 samples/step).

The test results, seen in figure 4.3 and 4.4, show that variations in the work pressure
reference affects the convergence of a state. The convergence is faster for the test
with more reference variations, seen in figure 4.3, but also more careful with less
overshoot. This is expected behaviour since the difference between each sample is
larger and therefor there is an even contribution to both states so they both converge
at approximately the same rate.

For slower changes in work pressure, the contribution to each state is more uneven.
The first 500 samples contribute mainly to changes in the first state and less so to
changes in the second state, and for the next 500 to 1500 states it is the other way
around. This behaviour is visible in the plots, as the first state has a high derivative
for the first 500 samples, while the second state has a very slow convergence rate
and then the convergence of the first state slows down while the convergence of the
second state accelerates. At sample 1000, the derivative of state 1 is 0 since there is
no contribution to that state at that sample.

4.2.2 Calculation time

The calculation time for each controller should be below the period time of the
system cycle. Table 4.1 show the average time necessary to calculate a new update
in percentage of the system cycle time, where Controller 2 has a batchsize of 100
samples.

Controller 1 | Controller 2, batch=100 | Controller 3
% of cycle time 7.5 96 17,5

Table 4.1: Calculation times
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The calculation time for Controller 2 varies with the batch size. The algorithm
always waits to have a full batch before updating its table values, therefore a larger
batch leads to less frequent updates of the table values. A batch size larger than 100
samples can not be calculated within the control frequency, indicating that larger
batch sizes require another approach to successfully control the system, further
discussed in Section 5.2.1.

4.3 Physical testing

The results from the tests done on the physical system are presented in this section.
The test results will be used to evaluate the performance and adaptivity of the
controllers and to compare them with the current controller.

4.3.1 Update of controller tables

In this test the controllers are initiated with the current tables that were acquired a
few years ago through a calibration run. The same calibration run is done again at
a specific reduction ratio, to see how the table have changed in these years, this new
table is referred to as "reference table". In figure 4.5 the orange surface represents
the initial table in the controllers, the blue surface the new reference, the green
and red surface show the tables found by Controller 1 and 3 after running the test

described in Appendix A.1.

Reference

Controller table

Controller 1
mm Controller 3

Control Pressure [bar]

Figure 4.5: Table values found by Controller 1 and 3.
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These results show that the controller can successfully find the correct reference
table while running the calibration script. Both controllers successfully updated
their table values to match the reference. The standard deviation from the reference
table values is 0.73 bar and 0.76 bar for Controller 1 and 3 respectively.

The standard deviation could suggest that Controller 1 is more accurate at estimat-
ing the steady-state. It should be noted that the steady-state value is affected by
system parameters whose effects are not evaluated in this thesis, for example the
oil temperature. For this reason, these results are not enough to prove that Con-
troller 1 always performs better estimations. Further testing in a better controlled
environment is necessary to evaluate the performance of the two controllers.

For Controller 2 the control performance was poor which led to jerky driving be-
haviour and therefore this test could not be completed, which is why it is not eval-
uated.

4.3.2 Performance tests

In the following section the performance oriented test results are presented. This
include the work pressure step responses and the engine speed variance test, see
Appendix A.2 and A.3. All three controllers are evaluated initially but Controller 1
and 3 showed better performance and are therefore more thoroughly evaluated.

4.3.2.1 Work pressure step-response

The two work pressure step-response tests are conducted on the physical system,
the tests are more thoroughly described in section 3.7.2. First the results from the
positive step-response test are presented, followed by the results from the negative
step-response test.
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Figure 4.6: Positive work pressure step-response test results.
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Figure 4.7: Control signal contribution from the Pl-part of the controller for
positive work pressure step-response test.

Current Controller

Average error [bar] 3.05 3.50 7.29 3.15

Controller 1 | Controller 2 | Controller 3

Table 4.2: Average error for positive work pressure step-response test.

Figure 4.6 show the control performance for all four controllers initiated with the
current controller tables. The average error for each controller is presented in table
4.3. The current controller had the best performance as it had the smallest average
error, the reason for this is further discussed in section 5.2. Controller 1 and 3 could
both control the work pressure while the driving experience remained comfortable.
This was not the case for Controller 2, the driving experience was noticeably worse
than for the other controllers tested. It made the vehicle behaviour jumpy and
uncomfortable.

Figure 4.7 show the control current contribution from the PI-part of each controller
for the test seen in figure 4.7. Note that the contribution in the current controller has
a bias, which is expected since the table values less accurate which is compensated for
by the PI-controller. Controller 1 and 3 have more overshoot and slower convergence
time at reference steps than the current controller.

Control current in Controller 2 has an initial bias, which is likely related to the
slower rate of update of the table values. It eventually converges to zero, which
points towards the table values converging to their correct value. Both the control
current and the work pressure are much more noisy and there are spikes in the signal
that are not related to changes in reference. This will be further discussed in section
5.2.1.

33



4. Results

Current Controller Current Table w Current Controller Reference Table
—— Requested —— Requested
-1 Actual 100 Actual
= =
© © i
3 il R 3 [P\IILY LA R TP A
v e i ‘
=3 | 3
(4 14
I | T
X V X
(<} (<} I [
g VPRIV, v g A\ st it Aot by LY
» “ % % ) E)
Time [s] Time [s]
Controller 1 Current Table Controller 1 Reference Table
—— Requested —— Requested
- Actual -100 | Actual
5 | T ‘
2. Y LA A ‘ 2., {1 Arstel et
S e
5 | | 5
14 14 ‘ |
T I
X -1 X -1 1
o | o
= TR VgAY = TV e TITT¥ o
30 a0 50 60 - 20 0 a0
Time [s] Time [s]

Figure 4.8: Negative step response test, comparison between current controller
and Controller 1 with reference and current controller table values.

Current Controller Controller 1
Current tables | Reference tables | Current tables | Reference tables
Average 4.87 2.68 3.14 2.87
error [bar]

Table 4.3: Standard deviations for negative work pressure step-response test.

Figure 4.8 show the negative step-responses for the currently used controller and
Controller 1, both with current table values and the new reference table. The driving
experience with all controllers is comfortable. The average error is highest for the
currently used controller and lowest for the current controller with new table values.
Controller 1 with the current controller’s table has noticeably better performance
than the current controller with the same tables while being only marginally worse
than Controller 1 with reference tables. This shows that updated tables leads to
better performance and that the updating of table values is fast and efficient.

These results show that updated table values are important to maintain satisfying
performance of the controller, that the updating is quick enough that initial errors
in table values do not have a considerable effect on the performance and finally that
good performance can be achieved when using a controller that is not updated live
but that has up-to-date tables.

4.3.2.2 Engine speed variance testing

The affect of changes in engine speed are investigated for all three implemented
controllers. The results from the step-response test, described in section 3.7.3, can
be seen in figure 4.9 and table 4.4. Controller 1 performs best as the work pressure
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manages to follow the reference even when there are changes in engine speed, com-
pared to the current controller and Controller 3 where there are disturbances when

the engine speed takes a step.
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Figure 4.9: Engine speed step response.

Current Controller | Controller 1 | Controller 3
Average Error [bar] 3.97 2.45 4.60

Table 4.4: Average error from engine speed step test.

The second engine speed test, where the engine speed follows a sinus wave while
the work pressure reference remains fixed is further described in section 3.7.3. The
results can be seen in figure 4.10 and table 4.5. In this test Controller 3 shows
the best results as the error has the smallest average error of the three controllers.
The current controller did not manage to keep the work pressure at 100 bar as the
acceleration changed and it is possible to see that the work pressure follow a sinus
wave. Controller 1 had no bias but is very noisy and it has the largest average error.
A continuously changing engine speed is a more realistic driving scenario than a
step, which makes these results more relevant when evaluating which controller is
better fitted for the application. These results are further discussed in section 5.2.
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Figure 4.10: Engine speed sine response.

Current Controller | Controller 1 | Controller 3
Average error [bar] 1.56 1.99 1.33

Table 4.5: Average error from engine speed sine test.
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Discussion

The purpose of this thesis is to implement a stable and adaptive controller for a
hydraulic drive system. This resulted in three controllers that use state-estimation
to deliver an appropriate control signal. This section will discuss the results, the
performance of the controllers and future work.

5.1 PILCO

The poor results by the PILCO controller found were difficult to explain. The
controller shows signs of trying to control the system as it converges to a value but
it is not the correct one. A simple system with only two states was implemented,
where the first state consists of the control signal added to the previous state and
the second state is the derivative of the first state, i.e. the control signal. This
system could not be successfully controlled by the algorithm.

The fact that most examples and very simple dynamics could not be controlled by
the PILCO generated controller points towards some kind of implementation error
in the code used. The complexity of the algorithm and code made it difficult to
debug and pinpoint where the problem lays. The problem could be related either to
the implementation of the cost function or rewards used to optimize the controller,
that could explain why the controller seems to try to do something, even though it
is unsuccessful.

The choice of states is also considered as a potential source of error, as the states
chosen do include the derivatives of the states. It is potentially easier for the algo-
rithm to learn the time dependency of the states if the derivatives are included as
states. In the simple system implemented and tested the derivative is a state and it
still doesn’t allow for successful control meaning that if this is a problem, it is not
the only one.

5.2 Controller analysis

The results from the tests on the physical testing show that Controller 1 and 3
both manage to successfully and comfortably control the vehicle while keeping their
tables up-to-date. Controller 2 can control the system and can successfully update
its table but the driving experience is uncomfortable and jerky and the control
current exhibits strange behaviors, as can be seen in figure 4.7.
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The results seen in figure 4.8 supports the idea that up-to-date table values results
in better control and less requirements from the PI-part of the controller. When the
system ages, the tables become less accurate and the PI-controller has to compensate
for that. This means that the overall behaviour of the controller will change with
time and that either the table values need to be updated or the PI parameters need
to be re-calibrated to fit the system. With this new algorithm, the tables always
give a true representation of the steady-state, which means that the PI-part never
has to compensate for a bias and will only ever handle system dynamics.

When looking at the plots of the step-responses in figure 4.6, a slight difference in
convergence time can be seen between the current controller and the Kalman-based
controllers, where the later are slightly slower to converge. The differences likely
depend on the tuning of the Pl-part. With updated tables the feed-forward part
of the controller delivers a more accurate control value, which means that the PI-
controller should control the signal slightly slower than what is necessary when the
feed-forward value has an offset caused by inaccurate table values. This explains
why the current controller has the best control performance, the PI-parameters are
tuned to fit that controller. The driving experience when using the controllers is
satisfactory, so it could be argued that there is no need to remedy this, but for
optimal performance it would be beneficial to tune the parameters K, and K; to fit
the new algorithm. Even without tuning, the results presented in section 4.8 show
that the new algorithm provides significantly better control of the system when the
tables are inaccurate, compared to the currently used controller.

The difference in performance between Controller 1 and 3 is very limited, when
looking both at simulated behaviours and testing in the physical system, the results
are very similar. The purpose of Controller 3 was to investigate if a non-linear repre-
sentation of the system would yield significant improvement to the state estimation.
The engine speed sinus test showed slightly better results with Controller 3, with
a smaller error standard deviation. The conclusion being that both controllers are
well suited to control the system, but there is no significant result pointing towards
one being much better suited than the other. Theoretically, it is possible that the
differences in the states found by Controller 1 and 3 could be larger, especially if the
non-linearities of the system become more prevalent and in that case further testing
should be done to evaluate which is better suited.

The test results of Controller 1 for the engine speed step-response and the sine wave
need further investigation. For step response, Controller 1 exhibits near perfect
behaviour, it manages to perfectly follow the reference even though the engine speed
has taken a step, while the noise remains low. In the sine test, Controller 1 is very
noisy when the acceleration is large, which does not align with the test results from
the other test. For this reason, it would be beneficial to do more extensive testing
to determine the actual behaviour of the controller when the engine speed varies.

5.2.1 Controller 2

Unfortunately Controller 2 could not be fully evaluated because of its control per-
formance while testing on the physical system. The spikes seen in figure 4.6 when
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doing the positive work pressure step-response test resulted in jumpy and uncom-
fortable behaviour. It was eventually discovered that the problem was caused by
the calculation time of the update step being to large, which blocked the controller
so no control signal was sent to the system. When the system does not receive
any control signal for more that 5 cycles, the controller already implemented in the
vehicle takes over, which led to the strange behaviour. This was partly expected
as the simulation results indicated that the calculation time occasionally exceeded
the cycle time but since it was only marginally longer it was expected to still be
calculated within the 5 cycles before the current controller takes over.

Further work and testing is needed to implement and evaluate Controller 2. One
suggestion is to let the calculations be done in another process than the controller.
This would allow the calculation to take the time they need while the controller
itself can still send control messages every system cycle. When that is done, the
tests presented in this thesis can be run again to evaluate the performance of the
final implementation. The simulation results show that this controller is slower at
converging at has larger overshoot, suggesting it is not relevant to look further into
this controller implementation since Controller 1 and 3 have better performance.

5.2.2 Future work

In order to make this algorithm ready for implementation and use in the physical
system, it should be further tested in cases where the reduction ratio varies. As
of now the algorithm has only been tested with fixed reduction ratios. As the
interpolation along the reduction ratio-axis is done in the same way as along the
engine speed and work pressure axes, it could be argued that it should work in a
similar way. On the other hand, the knowledge about how the system behaves along
that axis is sparse, so it is possible that the chosen interpolation methods does not
fit the real system.

This thesis has shown that as time ages the hydraulic drive system, the steady-states
used in this controller have changed significantly in the last years. The algorithm
implemented in this thesis provides a way of handling these changes but if the
steady-states change it is also very likely that the system dynamics do as well. The
system dynamics are handled by the Pl-part of the controller, which at this point
is static, therefore frequent tuning is necessary to maintain the system behaviour.
In order to obtain a truly adaptive controller, further testing is needed to evaluate
how important this part is over time and how an adaptive Pl-controller can be
implemented.

Another aspect that should be further investigated is the chosen data points in the
tables. As of now, the data points have been chosen by CPAC because the system
exhibits behaviour that is close to linear between all points. It is possible that this
will change with the aging of the system and that linear interpolation between those
points will not provide a good representation of the system behaviour. That would
significantly reduce the performance of the algorithm and it is therefore important
to investigate the matter. One way of minimizing this problem would be to populate
the tables with more points. This would probably require some modification of the
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algorithm to get a update behaviour that fits the application.

Lastly further work could be done regarding the handling of the P matrix outside
of the Kalman filter. A guard should be inserted to catch iterations where the
covariance is unusually large and stop those updates from being reinserted in the
tables. This would be an extra safety measure to avoid nonsense values. In this
thesis this was not implemented because the filter always delivered reasonable update
values and the need for this guard never occurred.

5.2.3 Extend system knowledge

Further investigation should be done on how the tables found in this thesis can be
used to gain knowledge about the system. It might be possible to draw conclusions
about which kind of driving causes the most wear on the system. In a shorter
time perspective it could also show changes related to other parameters such as oil
temperature. If the knowledge in this area is extended it could be possible to foresee
when maintenance is needed, which could avoid both unnecessary maintenance and
damage caused by it not being done in time.

5.2.4 Comparison to reinforcement learning based controller

In 2021 Oskar Johansson et. al. developped a machine and reinforcement learning
based controller for this system [1]. It showed promising results but had stability
and convergence issues, which require further work in order for it to be ready for
implementation in the real system. The main difference between that controller and
the one implemented in this thesis is the implementation complexity. The machine
learning based controller uses different kind of neural networks, first for supervised
learning and then for reinforcement learning, RDPG, to allow for adaptivity. This
approach could probably yield good results if trained properly but it requires much
more work in terms of tuning, training and training data collection. It is also
quite difficult to get a good understanding of how the algorithm works and where
potential problems occur. The controller in this thesis on the other hand is much
simpler and as a consequence it is more interpretable, making it better suited for a
safety critical application. It is also easier to debug and requires less work before
being ready for final implementation in a real system, while showing satisfactory
control performance.

5.3 Usage of the algorithm

The algorithm developed in this thesis could be used in different ways in a physical
application. The results seen in section 4.3.2.1 suggest that a controller with updated
tables but without continuous updates provides the best control performance. This
points towards the algorithm being used as a calibration tool, where it is used once
in a while to update the tables. This would require further investigation on how
often it is suitable to do a calibration run. This would provide good enough control
performance but require more maintenance work on the controller.
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The algorithm could also be continuously used, meaning that the table values are
constantly updated while driving. The results show that continuously updated ta-
bles provide good performance and it is believed to be improved if the Pl-part is
tuned to fit the system. This solution would show good enough performance while
requiring minimal maintenance and tuning. The fast update rate points towards
this algorithm being able to handle short-term changes to the system. One such
example is changes in oil temperature which affects the control of the system on a
daily basis.
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Conclusion

The goal of this thesis is to develop a controller with satisfying stability and adapt-
ability. In order to achieve these goals a Kalman filter-based algorithm is chosen
to update tables representing the steady-states of the hydraulic drive system. The
chosen algorithm can successfully control the system and maintaining a good driving
experience. It can be claimed that the goals of the thesis have been obtained, since
the controller is stable and the ability to handle changes to the system’s steady-states
points towards it being adaptive.

With the goal of improving the controller, two different approaches of further devel-
opment are tested. The first approach involves using several data points to update
the table values. This lead to worse control performance with slower convergence
and more over-shoot in simulations. It could not be fully evaluated in the physical
system due to poor performance. The second approach includes using a 3rd order
spline instead of linear interpolation. It showed similar performance to the origi-
nal implementation but results points towards it being slightly better at following
a constantly changing engine speed. Further testing is necessary to confirm these
results.

The time required to update the table-values to a correct values is very low, which
shows that the algorithm is also fitted to compensate for temporary changes to
the system, such as changes in oil temperature. The continuously updated tables
also make it possible to learn more about the aging and behaviour of the system,
which could make it possible to foresee when system maintenance is needed. Further
testing at a wider range of reduction ratios, both fixed and varying, is necessary to
confirm the functionality before implementing it in the real system.
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A

Performance Tests

A.1 Test 1: Find Table

[ [55 75 100 130 160 190 ]
220 250 280 300 280 250
220 190 160 130 100 80
50 20 10 0 —10 —40
-70 —-80 —100 —130 —160 —190

—220 —250 —280 —300 —280 —250

—220 —-190 —-160 —130 —100 —80

| —50 —-20 —10 0 10 20] |

span__engineSpeed = [900.0, 1250.0, 1500.0, 1900.0, 2250.0, 2600.0]/1.26
for es in span__engineSpeed do
engine__speed <— es
for wp in span__wp do
work__pressure_reference <— wp
Wait 2s;

span_wp =

A.2 Test 2: Work pressure step-response

Positive step-response test

engine__speed < 800
work__pressure_reference < 70
Wait 25s
work__pressure_reference < 120
Wait 15s
work__pressure_reference < 70
Wait 15s
work__pressure__reference < 120
Wait 15s
work__pressure_reference < 70
Wait 15s

Negative step-response test

engine__speed <+ 800
work__pressure_reference <— —120
Wait 25s
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work__pressure_reference < —170
Wait 15s
work__pressure_reference < —120
Wait 15s
work__pressure_reference < —170
Wait 15s
work__pressure_reference < —120
Wait 15s

A.3 Test 3: Engine speed step-response

work__pressure_reference <— 55
engine_ speed < 1100/1.26
Wait 15s

engine__speed < 1400/1.26
Wait 15s

engine__speed < 1100/1.26
Wait 25s

Fs =100

T=1

np.arange(0, T, 1/fs)

F=1

2 = np.sin(2np.pift)100 4+ 1100/1.26

for j in range(2) do
for i in range(len(x)) do
engine_speed < xli]
Wait 1s;

IT
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