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Preface

In the creation of this project, generative Al has been used on occasion for the following purposes:
spell checking, synonyms, sentence restructuring and grammar improvements; code suggestions,
code review, and explanations; and initial brainstorming and research purposes.

Bold letters denote either vectors or matrices. All symbols are their definition can be found in
the nomenclature.

All figures and tables have been produced by the author unless there is a source in the caption.

During the making of this project, the following programs have been used:

Overleaf IATEX ... For text processing and layout of this report.

MathWorks MATLAB and Simulink .......... For calculations, modelling, simulation,
Real-time control and data processing.

INKSCaPe ..o For diagrams and illustrations.

SolidWorks ... To view model of FBoT.

Kasper Juhl Mortensen

Aalborg University, 30th of May 2025
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Abstract

This thesis explores e Lcieht control strategies for the Full Bridge Oscillation Transformer
(FBoT), a novel hydraulic transformer developed at Aalborg University. Hydraulic transformers
aim to improve the e Lciehcy of fluid power systems by replacing traditional proportional valves,
which are prone to throttling losses.

The FBoT operates by oscillating a free-floating piston, enabling energy transfer via controlled
actuation of On/0O [valves assisted by pressure-controlled check valves. A high-fidelity simulation
model of the system is developed to support analysis and control design. To minimise energy
loss when the On/O [Malves are opened or closed, a 12-step control sequence is proposed for
pump-mode operation, reducing the control problem to determining six control timings which
correspond to specific On/O [vklves being open.

Due to the system’s nonlinear dynamics and strong coupling, Reinforcement Learning (RL) is
selected as the control approach. The symmetric structure of the FBoT is exploited to double
the data collection rate by using both halves of each oscillation, which is critical since data
acquisition was the bottleneck during training. The RL policy is trained iteratively using a
reward function designed to minimise valve losses while achieving a centred oscillation at the
desired amplitude.

Simulation results show a wide range of policy behaviours depending on the training stage.
Notably, policies achieving the highest average rewards often fail to change the control timings
in response to error signals. This behaviour stems from the reward function favouring policies
that deliver near-optimal open-loop timings rather than learning to make corrections over time.
Consequently, significant steady-state errors emerge in piston position and chamber pressures,
leading to reduced e [ciehcy due to large energy losses when the valves are opened.

Experimental validation demonstrates that while the trained policy can generate piston
oscillations, it does so with large variations in the amplitude from oscillation to oscillation.
Furthermore, a subpar e Lciehcy was estimated.

Finally, a novel control framework is proposed to reduce system coupling through control signal
and error transformations. This structure may enable the application of classical Pl control
for error correction, with the initial feedforward control signal set based on intuition or via
reinforcement learning.




Aalborg University

Nomenclature

Symbol Definition

Ar; A FBoT piston areas

Agp Boom piston area

Amp Reference piston amplitude

Bp Piston viscous friction coe Lcieht

Dy Pump displacement

e Euler’s Number

g Gravitational acceleration

kvi.cv Orifice constant for check valve in transition

kv2.cv Orifice constant for check valve fully open

Kv:00 Orifice constant for on/o [valves

L Overlap between piston and housing

Lk Loss function for critic K

M Mini batch size

mp FBoT piston mass

Ny Noise added to action during training

No Poly-tropic index for bulk modulus

obs Vector containing the observations

obsy Vector containing the normalised observations

Po Initial pressure

P1;P1 Pressure and gradient in chamber 1

p2; P2 Pressure and gradient in chamber 2

P3; PR3 Pressure and gradient in chamber 3

Pa; Pa Pressure and gradient in chamber 4
P1:L Error in chamber 1’s pressure at the left end
P1.R Error in chamber 1’s pressure at the right end
p2:L Error in chamber 2’s pressure at the left end
P2:R Error in chamber 2’s pressure at the right end
p General pressure di[erknce

Pa Generalised pressure

Pe Generalised pressure

Pec Boom cylinder pressure and gradient

Pcv Pressure diLerknce to open check valve

PFo Pressure di[erence, check valve fully open

Pin Power into the FBoT

Pout Power out of the FBoT

Ps Supply pressure

pr Tank pressure

Q1s Supply flow to FBoT chamber 1

Qit Flow from chamber 1 to tank

Q2s Supply flow to FBoT chamber 2

Qor Flow from chamber 2 to tank

QsL Boom cylinder flow to chamber 3

Qst Flow from chamber 3 to tank

Continued on next page
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Symbol Definition
QaL Boom cylinder flow to chamber 4
Qur Flow from chamber 4 to tank
Ogc Boom cylinder flow
Qcv Check valve flow
Qin Flow into FBoT
Qx Value function number k
Qie;13 Leakage flow from chamber 1 to chamber 3
Qlear Leakage flow from chamber 1 to tank
Qle:24 Leakage flow from chamber 2 to chamber 4
Qle:2t Leakage flow from chamber 2 to tank
Qile;at Leakage flow from chamber 3 to tank
Qleat Leakage flow from chamber 4 to tank
Qout Flow out of FBoT
Qp Flow from pump
Quk Target value function number k
Qv On/0 Aklve flow
R Reward
S State in operation sequence
States Vector containing the measured states
t Time
ti:6 FBoT control timings
tend end time for each episode during training
1) Local time since last end value sample
tpo1,L Local time where where p; crosses ps while moving left
thir Local time where where p; crosses pr while moving right
TooL Local time where where p, crosses pt while moving left
th2:r Local time where where p, crosses ps while moving right
th1L Excess time with pressure above ps in chamber 1
1R Excess time with pressure below pt in chamber 1
T2, Excess time with pressure below pt in chamber 2
tp2:r Excess time with pressure above ps in chamber 2
ta Control timings from agent
tan Normalised control timings from agent
tetrl Vector containing control timings
tsat Saturated control timings
tsatN Normalised saturated control timings
Ty Valve opening dead time
Tfully open Time until valve fully opened
Ts Sample time
Trig Variable used to trigger the agent subsystem and define
measurement side
Vo1 Dead volume in FBoT chamber 1,4
Vo2 Dead volume in FBoT chamber 2,3
XBp ; XBP Boom piston position and velocity
Xps Xp; Xp FBoT piston position, velocity and acceleration

Continued on next page
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Symbol Definition

Xy Orifice valve opening

Xv:-ref Valve position reference

Xy:ref Vector containing valve position reference for all valves
Xp;L FBoT piston position error measured at the left end
Xp:R FBoT piston position error measured at the right end
Xpref:L FBoT piston position reference for the left end
Xpref:R FBoT piston position reference for the left end

Vi Value function target for i'th experience

Air volume fraction content of fluid

0 Constant bulk modulus
of f E Cedtive fluid bulk modulus
Gap between piston and housing
E [ciehcy
vp Volumetric e [Cciehcy of pump
Discount factor for future rewards
Viscosity
h Angular Speed of pump
Policy function
t Target policy function
K Parameters for the k’th critic
th Parameters for the k’th target critic
Density
Periodic smoothing factor
v Time constant for valve opening dynamics
Parameters for the actor
t Parameters for the target actor
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Abbreviations

Symbol Definition
DDPG Deep Deterministic Policy Gradient
EMSD Electro Mechanical Systems Design
FBoT Full-Bridge Oscillation Transformer
ILC Iterative Learning Control
MIMO Multiple Input Multiple Output
MPC Model Predictive Control
NN Neural Network
RGA Relative Gain Array
RL Reinforcement Learning
SISO Single Input Single Output
TD3 Twin-Delayed Deep Deterministic

Vi
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Introduction

The low energy e ciency of o -road hydraulics is increasingly under scrutiny due to its signi cant
contribution to environmental pollution. These machines typically have an average energy
e ciency of 21%, with excavators sometimes as low as 12% (Hansen and Schmidt 2024). The
primary source of energy loss in excavators lies in the hydraulic system, which operates at only
30% e ciency (Danfoss 2023, p. 17). The climate impact of these machines in the construction
sector is comparable to that of international aviation, which receives much greater attention and
scrutiny (Hansen and Schmidt 2024).

A key factor behind the ine ciency of traditional uid power systems is the widespread use of
conventional proportional valves. These valves restrict ow, resulting in signi cant throttling
losses. Alternatives being explored include electro-hydraulic drives and hydraulic transformers.

1.1 The Principle Behind Hydraulic Transformers

The concept of an ideal hydraulic transformer is to maintain a constant power leveP = p Q
by converting hydraulic power along its constant power curve, seen in Figure 1.1. This system
allows for the adjustment of pressure while maintaining a steady power output. In contrast,
throttle valves adjust the desired power output by reducing pressure without altering the ow,
as depicted in Figure 1.1. Here, an actuator requires a owQ and the pressurepg with a supply
pressure ofpa. With a throttle valve, a ow Q is required at the supply side, whereas with the
ideal transformer, a ow lower than Q on the supply side can be transformed to the desired ow.
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Figure 1.1. Plot showing the dierence between a power-conserving transformation and a throttle

valve. The power-conserving transformation follows the power-conserving line, where as the throttle
valve goes from a higher energy state to a lower power state to supply the desired oW at the pressure

ps . (Mortensen et al. 2025)

This pressure drop through the throttle valve corresponds to an energy loss. The e ciency of a
valve can be expressed using Equation (1.1):

_Pe Q_ ps

T pa Q pa
Valves operate most e ciently when the pressure drop across them is minimal, which can be
managed by regulating the supply pressure. However, in construction machinery, a common-
pressure rail is typically used to supply all cylinders, as there is only one pump serving them.
Since di erent cylinders require varying pressures to achieve the desired movement, it becomes
impractical to maintain low-pressure drops across all valves.

(1.1)

A more e cient alternative is the use of hydraulic transformers, which supply the required
ow to each cylinder with minimal energy loss. Additionally, hydraulic transformers enable
energy recovery. For instance, when lowering a load, the uid can be transformed from load
pressure to supply pressure and stored in a high-pressure accumulator until needed, thereby
further enhancing overall energy e ciency.

1.2 Initial Problem Statement

One of the potential transformer types is the Full-Bridge Oscillation Transformer (FBoT)
designed and tested by Anders Hedegaard Hansen and Per Johansen. The FBoT has a
mechanically simple design, but requires a complicated control system to work properly
(Johansen and Hansen 2023).

This leads to the initial problem statement:

How does the Full-Bridge oscillation Transformer work?




System Description

The FBoT consist of a free- oating piston in a housing. The movement of the piston is
controlled with 8 ON/OFF valves. For safety reasons and to simplify the control, 8 check
valves are implemented. This means that 4 valves are connected to each of the chambers, with
p1 corresponding to chamber 1, and so on in the general schematic of the FBoT can be seen in
Figure 2.1.

Figure 2.1. General schematic of the FBOT.

The FBOT can either transform from ps to pgc, called pump mode, or frompgc to ps called
regenerative mode. In pump modeps is used to drive the movement of the piston, whereas in
regenerative modepgc generates the movement.

The transformation consists of 12 distinct states, which are described below for pump mode. The
principle is the same for regenerative mode. An animation of the transformation can be found
with the following link: https://drive.google.com/file/d/150x8ZqvGdZykMchbXJ29rVbOOIHSdvWdE/
view?usp=sharing . The animation is at =500 of the real speed, with the arrows indicating the
ow of oil, tindicating the time and S indicating the state corresponding to the list below. Note
that transient valve dynamics have been ignored in the animation.
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11.

12.

. The kinetic energy of the piston is increased by connecting chamber 1 to the supply and

the rest to the tank.

. Chamber 4 is isolated so that pressure in it starts increasing, by converting the kinetic

energy to pressure energy.

The pressure in chamber 4 surpassgsc and oil starts to ow through the check valve.
Chamber 1 or 2 is isolated here, depending on which takes the longest time to reach the
desired pressure to minimise valve losses when going from state 6 to 7. (lllustrated with
chamber 1 being isolated rst)

Both chambers 1 and 2 are isolated so that chamber 1 reachgs at the same time as
chamber 2 reache®s.

The pressure in chamber 1 becomes lower than the tank pressuner( and the check valve

is opened. The pressure in chamber 2 becomes larger thpnand the check valve is opened.
The time in this state should be minimised since it is pure loss.

Chamber 2 is connected to supply and chambers 1 and 3 are connected to tank. This
increases the kinetic energy of the piston.

Chamber 3 is isolated so that pressure in it starts increasing, by converting the kinetic
energy to pressure energy.

. The pressure in chamber 3 surpassemc and oil starts to ow through the check valve.
10.

Chamber 1 or 2 is isolated here, depending on which takes the longest time to reach the
desired pressure to minimise valve losses when going from state 12 to 1. (lllustrated with
chamber 2 being isolated rst)

Both chambers 1 and 2 are isolated so that chamber 1 reaches at the same time as
chamber 2 reachegr

The pressure in chamber 2 becomes lower thgmy, and the check valve is opened. The
pressure in chamber 1 becomes larger thaps, and the check valve is opened. This ends
with the piston at a standstill.

Figure 2.2.  Still picture from the animation of the FBoOT operation principle available at https:

/[drive.google.com/file/d/150x8ZqvGdZykMcbXJ29rVbOOIHSdvWdE/view?usp=sharing . Arrows in-
dicate ow, t indicates the time, with S indicating the state from the list above. For the animation
ps = 60bar and pgc = 30bar
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2.1 Lab Setup

To evaluate the performance of the FBOT, it is integrated into a wheel loader within a laboratory
setting. In this setup, chambers 3 and 4 of the FBoT are connected to the wheel loader's boom
cylinder. The lifted mass can be adjusted by varying the number of weight plates on the pallet.
Figure 2.3a illustrates the wheel loader, while Figure 2.3b shows the FBoOT installed in the
system. The setup is equipped with position sensors to measurg and xgp along with pressure
sensors to measurg; to ps, pPs, pr and psc. An encoder is used to measure the pump speed.
All sensors are sampled atlO kHz

(a) Laboratory setup. (b) Implementation of the FBoT in the wheel
loader.

Figure 2.3. Laboratory setup (Johansen and Hansen 2023).
2.2 Problem Formulation
Based on the introduction and system description, the problem formulation is:

How is the FBOT controlled to minimise valve losses and accurately track a
positional amplitude reference?




System Modelling

In this chapter, the system is modelled so that it can be utilised to design a controller. The

modelling in this chapter is, unless otherwise stated, based on the book Fluid Power Systems:
A Lecture Note in Modelling, Analysis and Control by Anders Hedegaard Hansen (Hansen

2023). The modelling is based on the hydraulic diagram and notation shown in Figure 3.1.

Figure 3.1. Hydraulic diagram of FBoT in the laboratory setup
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3.1 Bulk Modulus

The sti ness of the uid is described with the bulk modulus. It varies considerably with pressure
due to the air content in the oil, particularly at low pressures. This is especially important
because the uid pressure in the FBoT's chambers ranges between tank pressure and supply
pressure. This can be modelled with Equation (3.1).

1
e Po Mo
(1 )eo+ T

(3.1)

no+l
— n
o+ Po °

3.2 Supply Manifold Model

The pump itself is a ow machine driven by a variable-speed electric motor. The ow of the
ideal pump is de ned by Equation (3.2).

Qp=Dp !p (3.2)

The speed of the motor is controlled with a frequency converter, which is controlled by the
computer in the laboratory. This is utilised with the feedback pressure controller designed by
(Mortensen et al. 2025) to achieve an approximately constant supply pressure, which leads to
the supply pressure being modelled as a constant.

3.3 Check Valves

The check valve's function is to only allow uid ow in one direction when a speci ¢ pressure

di erence, which varies depending on the valve, is reached. Assuming the valve's spring behaves
linearly, the opening will increase proportionally with the pressure di erence until it reaches its
fully open state.

In the FBOT, two di erent check valves are utilised: the Bucher RKVG-08, which is installed
between the tank and the FBoT, and the Bucher RKVE-G-08, used for the load and supply
connections. The datasheets for these valves are provided in Appendix D. The black dots in
Figure 3.2 represent the ow characteristics of both check valves. Rather than following the
standard ori ce equation from the initial opening at the check valve pressure di erence threshold
(pcv ), the data indicates a linear transition phase leading to what is assumed to be the fully open
pressure Pro). At the lower pressure di erences, this linear region may result from a laminar
ow regime. As the pressure drop increases so does the uid ow, which leads to a ow regime
dominated by turbulence, causing the nonlinear behaviour described by the ori ce equation.
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(@) Modelling of ow characteristic of RKVG-08 (b) Modelling of ow characteristic of RKVE-08
Figure 3.2. Modelling of ow characteristic of the check valves. (Mortensen et al. 2025)

The ow through a check valve will therefore be modelled as in Equation (3.3). Herga and pg
are pressures on each side of the check valve, as seen in Figure Bg3; is the minimum pressure
to overcome the spring tension andogo is the pressure where the check valve is fully opened.

8
E 0; (Pa  PB) <pcv
Qcv = 3 kvi:cv (Pa P8 Pcv); (Pa Pe) Pcv & <pro (3-3)
p
“kvzev  (Pa PB) Pcv: (Pa PB)  PFO

Figure 3.3. lllustration of a check valve. (Mortensen et al. 2025)

3.4 0On/O Valves

The On/O valves control the movement of the FBoOT piston. To model this, the ow through
the On/O valves has to be modelled, which can be done with the ori ce equation.
r

2. o
Quv=Xv Kvoo —jpa PpBj sign(pa Ps) (3.4)

Here, xy is the normalised valve position betweanio and 1. From Figure 3.4, which comes from
the data sheet in Appendix C, the term ky:qo 2 can be derived. Once the uid density is
known, Ky:.qo can be determined yieldingky.qo = 4:88 10 6
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Figure 3.4. Relation between ow and pressure drop for the on/o valves. (Mortensen et al. 2025)

The valve opening exhibits a transient response that consists of a time delay and a transient
response resembling a rst-order system (Andersen et al. 2023, p. 17). The time delay and
rst-order response can be modelled using Equation (3.5) (MathWorks 2025b).

Xy 1

- e TdS
Xy;ref 1+ s

(3.5)

The opening times given in the datasheet are very dependent on uid pressure, viscosity, and
ow. The approximate time constant and dead time of Tq = 0:0035% & = 0:0030 will be
used, which is at the fast end of the average time for energising and deenergising according to
the datasheet in Appendix C.

3.5 FBoT Chamber Models

The continuity equation is used to model the 4 chambers of the FBoT, which are not always
connected to the tank. This gives Equations (3.6) to (3.9).

Vo1 + Xp Ao

. qa = A - - 3.6

Qis Qet Qit Qerz= Xp Ao+ eff (o) Py (3.6)
_ V02 Xp A2

Q2s Qie2a Qo Qieot = Xp Azt Toff (pa) P2 (3.7
Vo2 + Xp A1

. . = A _— .

QaL + Q13 Q3r Qlest = Xp A+ off (p3) P3 (3.8)
Vi Xo A

Qi + Qeza Qar Quear = Xp A+ P 21 ) (3.9)
eff (P4)

The leakage ow depends on the piston's position and the pressure di erence between the two
chambers. The piston's position determines the overlap length between the piston and the
housing, which a ects the leakage. When the diameter is su ciently large, the leakage ow
resembles the ow between two parallel plates, as described by Equation (3.10). This equation
applies to a steady-state scenario, neglecting the e ects of uid inertia.
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3 D
T L

Equation (3.10) highlights the signi cant in uence of the gap between the piston and housing
on leakage. This gap is determined by the tolerances on the piston and the housing where the
mean of the two tolerances is used here. However, the steady-state assumption is invalid for the
FBoT as the piston direction changes rapidly, preventing the uid ow from fully developing a
steady-state pro le. Upon studying this in simulation, the actual leakage used was scaled by a
factor 10 4 giving more resemblance to the actual behaviour.

p (3.10)

The movement of the FBOT piston can be described using Newton's second law. This is done
in Equation (3.11) where a viscous friction model is utilized. Furthermore, gravity is included
since the piston moves vertically in the FBOT.

Xp Mp=(pr P2) Az+(ps psa) A1 Xp Bp mp g (3.11)

3.6 Load Model

The FBoT's load side is connected to the boom cylinder in the laboratory setup. The pressure
in the boom cylinder varies depending on the load and the position of the boom. To simplify
the training process in Chapter 4, the boom cylinder pressurepgc, is modelled as a constant
which can be varied during training.

10



Control

Throughout this chapter, a control approach is developed for the FBoT operating in pump mode.
The same principles can be used for regenerative mode by substituting and p, with p3 and pa.
The relevant state measurements are determined before dierent control approaches are
investigated. This leads to the implementation of a Reinforcement Learning (RL) based control
strategy.

4.1 Control Considerations

The frequency of the FBoT piston's movement is fairly high compared to the response times of
the valves. This makes it di cult to control it with classic feedback control since the valves will
close too late here due to their transient response. Furthermore, to reduce losses when the valves
are switched, pressure transition periods are needed where the chambers go from either high to
low pressure or low to high. This is illustrated with the 12 steps from Chapter 2 in Figure 4.1.
Due to this, it is determined that some sort of feed-forward control is required. To do this, the
timings for states 1-4 and 7-10 are used as control signals. States 5-6 and 11-12 have the same
ON/OFF valve positions, which are held until the piston is at standstill.

Furthermore, it should be noted that for states 4 and 10, there are two di erent options depending

on which chamber takes the longest to achieve the desired pressure at standstill. In states 4 and
10, the speci ¢ substate is chosen based on the sign of the corresponding time.

11
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Figure 4.1. FBoT states when operating in pump mode. A larger version can be seen in Appendix A.

12
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4.1.1 State Measurement

Due to the valves being fairly slow compared to the oscillation of the FBoT piston, the specic
movement cannot be controlled to, for example, a Sine wave.

Due to this, the states are only measured at each end of the piston oscillations, which here is
de ned as when the velocity is 0. It is desired to control the amplitude of the piston oscillation
while keeping it centred. The position error at the endpoints is therefore measured, as illustrated
in Figure 4.2 with separate reference values and measurements for the two ends. Here, the
subscript .r indicates that it is a measurement at the right end of the oscillation relative to
Figure 4.1, whereas the subscript._indicates that it is a measurement at the left end of the
oscillation.

Figure 4.2. Measurement of position error at the two ends poits wherex, = 0.

To reduce losses, it is desired that states 6 and 12, from gure 4.1, are reached so that the
pressure drops over the valves are minimised when they are opened. This is measured by the
pressure di erence between the desired pressur@s or pr, and the chamber pressure for each
side whenx, = 0. This is illustrated in Figure 4.3.

(&) Chamber 1 (b) Chamber 2

Figure 4.3. Measurement of the pressure di erence between desired pressupe,or pr, and the chamber
pressure when at end points where, =0

13
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However, spending excess time in states 6 and 12, where the desired pressure is reached, leads
to unnecessary losses. Due to the check valves, the pressure does not increase or decrease
signi cantly beyond the desired pressure. The time since the desired pressure has been reached
is therefore added as a state for each side and chamber. This is illustrated in Figure 4.4 where
the desired pressure is reached at the grey dashed line while the piston is at a standstill at the
black dashed line. It is desired that this time becomes as small as possible.

(&) Chamber 1 (b) Chamber 2

Figure 4.4. Excess time spent at the desired pressure state, corresponding to states 6 and 12, before
Xp = 0 is measured from the grey dashed line to the black dashed line.

4.1.2 MIMO System

The system has multiple inputs and multiple outputs and is therefore a MIMO system. For
MIMO systems, it is relevant to investigate the coupling between the inputs and outputs. This
is done to determine if SISO control can be utilised. This is usually done with an RGA analysis
but that is not possible here due to the choice of control signals.

The coupling has instead been investigated by increasinty, to and t3 independently by 2 ms at
three di erent reference points while measuring the change in error measurements. It is only done
for t; to t3 and the corresponding measurements at the right end, since the FBoT is symmetrical
except for gravity. Table 4.1 shows thatt; and t, e ects on the position error are similar at
the three reference points, whereas their e ect on the pressure-related states varies signi cantly.
While at some points being negligible, that is not the case for all situationstz generally has the
largest e ect on the pressure-related states, but the e ect varies signi cantly between the three
reference points. For the position-related errors, the e ect oftz changes a lot but is generally
lower than for t; and t.

Based on this, it is concluded that the system shows signi cant coupling and non-linearities at
times.

14
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Aalborg University

Reference Changed time | ( Xpr) [mm] p1r) [bar] P2r) [bar] | ( tpur) [ms] | ( tpor) [Ms]
1 359 1.00 0.160 0 1.10
t1=2,t,=2,tg=1 ta -2.83 -0.515 -0.0190 0 0.200
ts -1.29 -11.9 -0.868 0 2.20
1 411 1.77 7.75 0 0
t1=0,tp=4,t3= 1 to -2.50 0.331 212 0 0
ts 822 10 3 -6.31 -15.8 0 0
1 -4.61 6:58 10 2 271 0.500 0
t1=10,t,=0,tg= 1 t2 -3.78 4:48 10 4 0.944 -0.300 0
ts 2.12 -2.13 -11.8 -3.30 3.10
Table 4.1. The e ect of changing the control timings, ti, t, or t3, by 2ms at three di erent reference

points. Note that t3 being negative means that state 4.1 is used instead of state 4.2 in Figure 4.1.

4.1.3 Control Approaches

There are multiple possible control approaches for the FBoT, each with its advantages and
disadvantages. Here, Model Predictive Control (MPC), Reinforcement Learning (RL) and
Iterative Learning Control (ILC) are investigated.

MPC is an optimal control technique where the goal is to nd the control actions which minimise
the de ned cost function over a nite time horizon. To solve this optimisation problem, a fast
and accurate model of the system is needed to get the proper control signals. (MathWorks 2025¢)
Due to this, MPC has not been investigated further since the current model can only be executed
at approximately real time, which is too slow.

RL is a branch of machine learning which interacts with a dynamic environment and learns from
these interactions based on trial and error. A reward function is used to quantify if the applied
action was good or bad. This is then used to update the policy. Some advantages of RL are
that it can learn directly from the non-linear model and that once it is trained, the nal policy

is generally fast to execute. A disadvantage is that it is sample-ine cient, which means that it
can take a long time to train the algorithm.(MathWorks 2025f)

ILC updates the control parameters from iteration to iteration which is useful for systems that
repeat the same motion again and again as the FBoT. The initial conditions, however, have to
be the same, which is likely not the case for the FBoT since the movement in one direction can
start from di erent positions. To use ILC for MIMO systems, a model of the relation between
the control signals and errors is needed which as shown by (Mortensen et al. 2025) was di cult
to achieve.

Based on this initial investigation into di erent control approaches, it has been decided to move
forward with an RL-based control approach.

4.2 Reinforcement Learning

As stated earlier, reinforcement learning (RL) could potentially be an approach to control the
FBoT. Firstly, general terminology is explained, after which important choices are considered
and the general implementation is explained.
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4.2.1 RL Structure

RL is a subsection of machine learning, separate from unsupervised and supervised learning.
Resembling supervised learning, where an output is predicted, gets a correct or incorrect result
and updates the policy to learn the right patterns. RL uses a reward function to determine if the
applied control signals were good or bad. RL is therefore regarded as a data-driven control using
machine learning techniques. RL iterates towards an optimum through enough data exploration.
An illustration of an RL network is seen in Figure 4.5, and the RL terminology and the control
analogy then becomes (MathWorks 2025a):

Agent - The agent is a combination of a policy (control law) and a reinforcement learning
algorithm. The goal of the agent is to create a policy which can be deployed independently
of the agent.

Policy - Control law  The policy takes the observations as input and gives actions as output.
The goal of the training process is to determine the optimal policy.

Environment - Plant + more The environment is everything which is not the agent. This
includes system dynamics (plant), measurements, disturbances and reward calculations.
The environment can also include reference values if the desired behaviour changes.

Observation - measured output Not to be confused with observers, observation in RL is
everything that is given as input to the policy. This can be measured states, reference
values, integrals or derivatives of states, previous actions or whatever is needed to determine
the next appropriate action.

Action - Control signal The actions are similar to the control signals in control problems in
that it is signals that are applied to the environment. Depending on the type of agent,
both Discrete and Continuous actions can be applied.

Reward - Optimality criteria A custom function that RL agents try to maximise, i.e. take
actions that provide the highest reward.

Figure 4.5. Working principle of reinforcement learning.
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Beyond the reward function, there are multiple hyperparameters which aect the learning
process. This has todo with the optimisation process, exploration and utilisation of the sampled
data.

Optimizer Options

There are multiple optimization options that guide the learning process for RL. Some of them
are:

Learn Rate A ects how fast the actor and critic learns during training. A too-large learn rate
will lead to instability, whereas a too-low learn rate will make the training take a long time.

Gradient Threshold - This is used to clip the gradient to the speci ed value if it exceeds it.
This is done to limit how much the model parameters can change each iteration to improve
stability

Exploration vs. Exploitation

This is the tradeo between using what the agent has already learned (exploitation) and exploring
new actions to see if they are better. Initially, large exploration is desired to get the general area
of the optimal policy, whereas lowering the exploration will help ne-tune the parameters. The
exploration is done by adding a Gaussian-distributed noise signal to the action signal from the
Actor.

Experience Bu er

The agent stores the experiences, which consist of the Action, reward, observation and next
observation in the experience bu er. The length of the experience bu er can be varied. From
the experience bu er, a random batch of experiences is sampled. This batch is used to update
the Critic. A large experience bu er reduces variance but increases the computational expense.
The number of times the agent learns from the data in the experience bu er can also be changed,
which is known as the number of epochs.

The parameters related to the experience bu er are generally tuned based on whether the data
gathering or learning process takes the longest. For a slow data-gathering process, the number
of epochs is increased along with the mini-batch size.

Parallelisation

Parallelisation can be utilised to increase the creation of data from the environment, as multiple
combinations of environment and agents are simulated at the same time. This can greatly
increase the data available for the learning process.

The training can be run synchronously, where the workers wait until all workers have nished or

in asynchronous mode, where the worker gets a new set of agents and environment when it has
completed its task. Asynchronous is faster but less reproducible due to slight variation in worker
execution time, which can give signi cantly di erent results in the end (MathWorks 2025c).
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4.3 Reinforcement Learning For FBoT Control

With general information about RL given above, some speci ¢ choices can be made with regard
to implementing it to control the FBoT. To train the RL Agent, the data from the simulation
has to be read, the agent has to be executed at the right time, and the determined actions
have to be applied. To do this, the system shown in Figure 4.6 is used. The Agent and all the
functions within the grey dashed box in Figure 4.6 run at a variable sample time, double the
piston oscillation frequency, since it is only executed at each end. The State Measurement and
Timings To Valve Signals Algorithms are executed with a constant sample rate oflOkHz to
mimic the laboratory setup. The function of the di erent blocks is described in further detail in
the following paragraphs.

Figure 4.6. Block diagram of the setup for the training process.

State Measurement The states are measured with Algorithm 1. An initial state measurement
is done if the piston is at standstill and the joystick value is non-zero. Otherwise, it measures
the states at the endpoint of the piston oscillations, based on the change in sign of the piston
velocity, if the joystick signal is non-zero. Trig is a variable which is set to 0:5 at the left end
and 0:5 at the right end while keeping the value until the next end. This is illustrated in Figure
4.7.

Figure 4.7. lllustration showing how the Trig variable varies with the position oscillation.
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Algorithm 1. State Measurement

Determine the initial measurement side and movement direction at the rst sample after stick is

changed from 0
if Stick 6 0 then
if Trig ==0 :5then

1:pl;L =0; tp2;L =0
if P1<pPT & tpl;R ==0 & t; > 0:005then
| thr =
end
if P2 >pPs & tp2;R ==0 & t; > 0:005then
| tp2r = i
end
end
else if Trig == 0:5then
tor =0, toor =0
if pp>ps & tp1;L ==0 & t; > 0:005then
| Ty = 1
end
if pp<pt & tpor ==0 & t; > 0:005then
| tpor = 1
end
end
if sign(xp(t)) >sign (xp(t 1)) jj calg, ==1 then
XpiL = XpirefL Xps P1L = Ps  Pi1; PiL = Pr
if tp1;|_ ==0 then
\ tp1 =0
else
| e = U tprL
end
if tp2;|_ ==0 then
\ toor =0
else
| oo = 4 Tp2
end
Trig= 05
end
else if sign(xp(t)) <sign (xp(t 1)) jj calggr ==1 then
XpR = XprefR  Xp; Pir = PT P1; P1r = Ps
if tpl;R ==0 then
tpr =0
else
| tpr = U thir
end
if tpz;R ==0 then
tp2r =0
else
| tpor =t tpor
end
Trig =0:5
end
end

P2

P2
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Rearrange  During training, gravity is removed from the simulation model to achieve a symmetric
response since this doubles the number of samples. To do this, the order of the samples in the observation
vector has to be rearranged, which is done in Algorithm 2.

Algorithm 2:  Rearrange

if Trig==-0.5 then
gbs = i
Xp:R P1;r P2;r thrr th2r XpiL P1;L P2;L to1L tp2L Pec Ps AmMp

else
pbs = i
XpiL P2;L P1;L tp2L tp1L XpR P2:r P1;r th2r tp;R  Pec  Ps AmMp

end

Reward The reward function is the basis for the policy updates. This means that a good reward
function is essential for the RL algorithm to converge to a desirable result. It is in the reward function
that the di erent errors can be weighted. For this project, the reward function in Equation (4.1) is used.
Here, a positive reward of 100 is given every time step with a negative reward for di erent errors. Here,
a position error of 1 mm gives the same negative as a pressure error @D bar and a time error of 1 ms
Furthermore, a negative reward is given if the piston hits the end position of 0 and 0.035, respectively.
The penalty for hitting the end is dependent on the speed just before impact to guide the learning process.

8
2
Xp; P1; P2 tp1; tp2;
100 5ox 10 10° 10 105 0:001 0:001
(xp  0) (15+100 jxp(t 1)j); if Trig= 05
R = 4.1)
2
. . . tp1; tp2;
% 100 O:XOP(V)Rl 1opi'c?5 1opigs 5:001 5:001
(xp 0:035) (15+100 jxp(t 1)j); else

Saturation The Actions are saturated with Algorithm 3 which saturates t,(1 : 2) between0Oms and
20 mswhereast ;(3) is saturated between 10msand 10 ms To ensure that the piston always oscillates
during training, a combined minimum is set for ts4 (1) and tgy (2), which accelerates the piston, to
0:1ms

Algorithm 3:  Saturation L ;

tsat = Max min ty; 0:02 002 001 ; 0.0 0O 0:01

| tear (1) = 0:0001
end

Update Timings The saturated timings are given to Algorithm 4, which updates the vector ty ,
which contains t; to tg. At the left end, entrances 1 to 3 are updated, and at the right end, entrances 4
to 6 are updated. This can be seen in Algorithm 4
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Algorithm 4: Update Timings

if First Execution then
De ne tqy as a persistent variable
terr = zeros(6;1)

end

if Trig == 0:5then

‘ tewr (1:3) = tsat

else if Trig ==0 :5then

‘ tew (4:6) = tsat

end

Timings To Valve Signals The timings are converted to valve signals with Algorithm 5 according
to Figure 4.1. Xref IS @ vector which contains the reference value for the 8 On/O valves, where 1 is
open and 0 is closed. The reference values are sent to the system model described in Chapter 3.

Algorithm 5:  Determination of valve signals based on de ned timings and measured time.

if Trig = 0:5then

if t t theﬂ i
Xvreft = 1 0 1 0 0 1 0 O

Ise if t; > th & t  (t1 + tp) then i
Xyref = 0 01 0 0 1 0 O

D

(0]

Xyref = 0 0 1 0 0 0 O O

0]

Xvief = 0 01 0 0 0 0 O

else h i
Xv;ref:OOOOOOOO

end
Ise if Trig =0:5then
if t tg theH i
Xvief = 0 0 01 1 01 O
Ise if ft >tH & t  (ts + t5) then i
Xyief = 0 0 01 1 0 0 O

(0]

(0]

0

Xyref = 0 0 0 0 1 0 0 O

0]

Xvief = 0 0 0O 1 0 0 0 O

else h
Xv;ref:OOOOOOOO

end
else h
Xyref = 0 0 0 O OO OO

end

Ise if t; > (II|1+ t)) & t (tp+tz +ijt3j) & tz < Othen

Ise if t; > (IIIl + tz) & t (t]_ + 15 +ijt3j) & t3 > Othen

Ise if t; > (|I'4+ t5) & t (t4+ 5 +ijt6j) & tg < Othen

Ise if t; > (II|4+ t5) & t (t4+ 5 +ijt5j) & tg > 0then
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4.3.1 Agent

For this project, a Twin-Delayed Deep Deterministic (TD3) policy gradient agent has been chosen, which
is an improvement of the classic deep deterministic policy gradient (DDPG) agent. (MathWorks 2025d)
TD3 has a continuous deterministic policy, which means that the same observations will result in the same
actions as for a classical controller. This is appropriate for physical systems since they are deterministic
in nature. The observations can be both discrete and continuous, but in this case, all the observations
are continuous.

TD3 is an Actor-Critic method where the critic is used to guide the actors' learning by giving an estimate
of the expected long-term reward called the Q-value. To estimate the Q-value, the critic gets the current
observation and action as input and outputs a Q-value, which is compared to the reward received from the
environment after the action has been applied, which is illustrated in Figure 4.8. The Critic is updated
to minimise this di erence with a least squares method. The Actor is updated by gradient ascent, where
the gradient of the critic output with regards to the actions and the gradient of the actor with regards to
the actor parameters are used. (MathWorks 2025d) The speci ¢ details with regard to when the learning
takes place are described further down.

Figure 4.8. Block diagram illustrating the learning process for the actor and critic within the agent.

For this agent, there are multiple choices to take with regard to Actor, Critic, Optimiser Options and
Exploration vs Exploitation.

Actor

A deep Neural Network is used to represent the policy since they are great at representing the complicated
non-linear relations between the Observations and the desired Actions. More information on Neural
Networks can be found in Appendix B. It is desired to have as small a Neural Network as possible while
still being able to create desirable control signals. This leads to a network with 3 hidden layers, with
each hidden layer having a width of 64. This was found through trial and error.

For the actor, a sigmoid action function has been used, which gives an output between 0 and 1. This is
desirable since it can easily be scaled to the intervals of the control timings.

Critic
The TD3 agent uses 2 Q-value functions, which in this case are both represented with deep neural

networks since they are great at representing the complicated non-linear relations between action, state
and cumulative rewards. Each Q-value function is represented with a Neural Network with 4 hidden
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layers, each with a width of 64. The layers are fully connected with the RELU activation function being
utilised.

Training Process

With the overall update of the actor and critic described previously, the full training process can be
described. All the agents in this project have been trained using experience-based parallelisation. This
means that the di erent workers simulate the environment with an agent to create experiences, which
are stored in a combined experience bu er. The experience bu er is used to update the parameters of
the actor and the critic.

The training process is described in Algorithm 6 (MathwWorks 2025d). To improve reproducibility, the
same seed is used to create the random numbers that initialise the actor and critic every time a new
training process is started. The TD3 agent consists of the standard actor and critic, along with the target
actor and target critic. The target actor and critic are used to improve the stability of the optimisation
process by updating at a slower rate.
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Algorithm 6:  Training algorithm

Initialise the two critics, Qg(obsy; tan; k), with random parameters,  and the corresponding
target critic Qu (obsy; tan; w With random parameters

Initialise actor, (obsy; ), and target actor ((obsy; ) with the same random parameters and

t

while Training ==1 do

while StopEpisode==0 do

Calculate the Action based on the current observation and policy.tan; = (obsy;i; )+ Ng
where N 4 is the noise from the exploration model.

Execute the Action in the environment and measure the next observation,obso, and the
corresponding reward.

Add the experience obsy; ;tan:i ( 0bSn: ); Ri; obs?q;i to the experience bu er.

if Xpo 0:035]j X 00 ]Jj t teng then
| StopEpisode=1

end

end

if Nexperience M then
Sample a random mini batch of M experiences from the experience bu er

Calculate the value function target, y;, from the current reward and the discounted reward
from the next step based on the critic.

H 0 0 ",
yi=Ri+ min Quw Obsy;; tobsy;; ¢t +"

Update the critic by minimising the loss function

1 b 2
Lk = Ni:l Yi Qi obsn;i; tani; «

Update the policy every other episode using gradient ascent to maximise the discounted
cumulative long-term reward.
Update the target actor and critic every other time the critic is updated with periodic
smoothing
= k+(1 )tk
= (@ ) t

end

if Nepisodes MaXepisodes then
| Training =0
end

end
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Training and Test of RL-Agent

With the setup completed, a policy can be trained with the RL agent before it is implemented in it
simulation model and laboratory for testing.

5.1 Training of Policy

To test the possibility of RL being able to control the FBoT, a policy has to be trained. Before the
training process is started, multiple hyperparameters have to be set. During this project, many di erent
combinations of hyperparameters have been investigated. The combination which yielded the best results
can be seen in Table 5.1. The large mini-batch relative to the size of the experience bu er has been chosen
since the generation of data was slow relative to the time it takes to update the neural networks.

Parameter Learn | Gradient Mini- Experience | Number Standard De- | Min STD tend
rate threshold | batch | buer of epochs | viation (STD) STD | decay
Value 10 ° 1 10000 | 10000 2 0.1 0 0 0.5
Table 5.1. Hyperparameters which gave the best performing policies.

For the policy to work at di erent manifold pressures, it has to be trained with this in mind. To do
this, ps was set as a uniformly distributed random value betweerd0 bar and 80 bar at the start of each
episode whereapgc was set between20 bar and 40 bar

The episode reward and average episode reward, over 200 episodes, from the training with these
hyperparameters can be seen in Figure 5.1. Here, the mean reward is fairly constant until after 10000
episodes. This is because the experience bu er needs to be lled with 10000 experiences before the
training begins, since that is the size of the mini-batches used during training.

After the initial 10000 episodes, the training starts, where multiple spikes are observed in the mean reward,
but all below the threshold of 200, which was found to deliver agents that could operate continuously
in a simulation without gravity based on the current reward function. This leads to a maximum mean
reward just below 400 after 34400 episodes, whereafter the average reward is reduced before it starts
rising again.
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Figure 5.1. The episode reward and mean reward from the training of the agent.

5.2 Test of RL-Controller

With the training completed, the trained policy can be tested, which is done by replacing the agent with
the policy. Since the policy only needs the normalised observation as an input, the block diagram can be
simpli ed, which can be seen in Figure 5.2.

Figure 5.2. Block diagram for testing/implementing the policy.

The policy from the agents after 34400, 50000 and 57000 episodes is compared to each other to see how
the policy changes through the training and if the mean reward represents the best performing agent.
Firstly they are compared at ps = 50bar and pgc = 30bar which is shown in Figure 5.3. Here, it can
be seen that all the policies can oscillate the piston nicely, but with some steady-state error. The only
policy that somewhat corrects this over time is the one after 50000 episodes, which increasgsand ts
through the test. It however has the largest error for p,.r and p;.. which might have to do with the
signi cantly lower tz and tg which means that state 4.1 and 10.1 from Figure 4.1 is held signi cantly
longer.

Interestingly the policies keept; and t4 at O all the time even though an increase int; and corresponding
decrease int, will likely lead to lower pressure errors due to an increased amount of kinetic energy when
the chambers are isolated in state 5.
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Figure 5.3. Comparison of the trained policies after 34400, 50000 and 57000 episodes wjif = 50 bar
and pgc = 30bar.

Throughout the training, ps and psc have been varied so that the policies should work at di erent
manifold pressures. This is investigated in Figure 5.4 wher@s = 70bar and psc = 30bar. Interestingly,

it can be seen that the policy after 34400 episodes gives approximately the same control timings here,
which suggests that the control timings are minimally a ected by the manifold pressures, which are some
of the inputs. The policy after 50000 episodes again slowly corrects its amplitude, which suggests that
it might have learned how to correct its control timings based on the position error Xpr and  Xp.L .
Looking at the pressure error p;,. and pp.r is signi cantly reduced here compared to the simulation
with ps = 50bar this is likely due to the increased ratio betweenps and pgc which means that the
kinetic energy should be higher when going into states 5 and 11 which leads to an increased chamber
compression/decompression.
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Figure 5.4. Comparison of the trained policies after 34400, 50000 and 57000 episodes wjif = 70 bar
and pgc = 30bar.

To see how the policies handle a variation in oscillation amplitude, the amplitude is increased throughout
the simulation. Here, it can be seen that none of the policies change the control timings to keep the
oscillation centred based on the position error xpr and X . Both policies 50000 and 57000 seem to
have learned to increase, and ts as the amplitude increases, which is unexpected since the amplitude
was kept constant during training. This does however not lead to an oscillation that could be continued

since they are approaching the maximum position 0f35 mm quickly.
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