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Summary 

In practice, many hydraulically-driven machines operate under different cyclic load sequences 
which are completely changed from time to time. Conventional hydraulic transmissions are 
difficult to adjust for variable load sequences and that results in low efficiencies. The purpose 
of this research project was to develop a hydraulic system which adjusts itself automatically 
to changing load sequences with considerable energy savings as result. The system has to be 
suitable for existing machines without radical modification. 

The solution is to use the so-called "Learning Hydraulic System" which includes intelligent 
energy accumulation to produce an optimal transmission with respect to energy consump
tion. The hydraulic energy supply comprises fixed displacement pumps and accumulators, 
which can be by-passed or disconnected, respectively, by means of on/off-valves, the inputs 
to the on/off-valves being the control parameters. If the load cycle changes, the system has 
to be adjusted. The load pressure and flow have to be measured and after a few cycles, the 
system learns how to control the transmission optimally for subsequent cycles. Despite the 
bang-bang character of the control, the system is capable of adjusting both pressure and flow. 
Compared with conventional energy-saving measures which usually adjust either pressure or 
How, the Learning Hydraulic System can save more energy. 

For control purposes, a special optimization algorithm was developed based on a mathemati
cal model of the hydraulic system. Experimental optimization studies of Learning Hydraulic 
Systems were carried out using that algorithm. Theoretical and measured sequences were 
used as the load cycles. Theoretical energy savings could be obtained in the order of 50 % 
for those sequences. 

When optimizing the transmission, two types of constraints have to be considered; the load 
has to be delivered and the system has to show a cyclic behaviour. These constraints may 
be violated due to inconsistencies caused by the use of the results from a model-based opti
mization in practice, and the factc that small load variations may occur. Therefore, a control 
strategy was developed for using the Learning Hydraulic System in practice, in order to pre
vent constraint violations and to react to changes in the load sequence. The optimization 
is supported by an identification procedure which determines ·the uncertain parameters of 
the Learning Hydraulic System in order to form a reliable model of it. Load variations and 
changes are determined with a load characterization procedure. Subsequent model inaccura
cies and rapid load variations are taken care of by a correction procedure based on a Fuzzy 
Control. The action of and interaction between the sub-procedures is controlled by a super
visor. 

A prototype of a Learning Hydraulic System was developed on a laboratory scale. With 
experiments, the theoretical results were confirmed and the functioning of the total control 
was verified. Measurements showed that the Learning Hydraulic System behaves as predicted, 
and the expected energy savings were confirmed. In the development of the test-rig, digital 
control, transducers and interfacing played a significant role. 

As a result of the research, it can be concluded that the proposed Learning Hydraulic System 
is appropriate in practice and that energy will be saved with it. 
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Samenvatting 

In de praktijk komen vee! hydraulisch aangedreven machines voor welke onder verschillende 
cyclisch varierende lastprocessen opereren. Per cyclus treden variaties op en vaak wordt op 
een geheel andere cyclus overgegaan. Conventionele hydraulische aandrijvingen zijn moeilijk 
op dergelijke wisselingen af te stemmen, met als gevolg !age rendementen. In het kader van 
dit onderzoek is een hydraulisch systeem ontwikkeld dat zich automatisch op deze cyclische 
lasten afstemt en door observatie leert zichzelf op volgende varierende cycli af te stemmen. 
Dit resulteert in aanzienlijke energiebesparingen. Het systeem is geschikt voor toepassing op 
bestaande machines zonder ingrijpende aanpassingen. 

Het basis-idee voor de oplossing is het zogenaamde "Learning Hydraulic System" dat gebruik 
maakt van intelligente energie-accumulatie om een optimale aandrijving met betrekking tot 
energieverbruik te realiseren. De hardware voor de hydraulische energievoorziening bestaat 
enkel uit pompen met een constant slagvolume en accumulatoren die door middel van aan/uit
kleppen bij- en afgeschakeld kunnen worden. De ingangssignalen van deze kleppen vormen 
de te optimaliseren regelparameters. Als de lastcyclus verandert moet het systeem aangepast 
worden. De lastdruk en -volumestroom worden bepaald en na enkele cycli leert het systeem 
zichzelf optimaal te regelen voor volgende cycli. Ondanks het aan/uit-karakter van de regeling 
kunnen met het system zowel druk als volumestroom aangepast worden. Vergeleken met con
ventionele energiebesparende maatregelen, waarmee meestal maar een van de twee aangepast 
wordt, kan het Learning Hydraulic System meer energie besparen. 

Voor de bepaling van de optimale regelparameters is een optimalisatie-algoritme ontwikkeld 
dat gebruik maakt van een mathematisch model van het systeem. Met behulp van dit algo
ritme zijn optimalisatiestudies uitgevoerd ter bepaling van de haalbare winsten. Voor zowel 
theoretische als gemeten lasten zijn rendementsverbeteringen tot 50 % aangeto~nd. 

Bij het optimaliseren moet aan twee soorten randvoorwaarden worden voldaan: de last moet 
geleverd worden en het systeem moet een cyclisch gedrag vertonen. Door toepassing van 
optimalisatieresultaten die verkregen zijn op basis van een model en ten gevolge van de ver
anderende last, wordt in de praktijk niet geheel aan deze randvoorwaarden voldaan. Om dit 
tegen te gaan en om op veranderende lastprocessen te kunnen reageren is een regelstrategie 
ontwikkeld. Ter verkrijging van een betrouwbaar model wordt de optimalisatie ondersteund 
door parameter-identificatie. De lastvariaties en -veranderingen worden door een lastkarak
teriseringsprocedure bepaald. Nog resulterende modelfouten en "snelle" lastvariaties worden 
door een correctiemechanisme op basis van Fuzzy Control opgevangen en het geheel wordt 
door een supervisor in goede banen geleid. 

Een testopstelling van· het Learning Hydraulic System is ontwikkeld waarmee de theoretische 
resultaten en de werking van de totale regeling zijn getoetst. Metingen toonden aan dat het 
Learning Hydraulic System zich gedraagt als voorspeld met de voorspelde besparingen. Bij 
de ontwikkeling van de testopstelling speelden digitale regeltechniek, sensoren en interfacing 
een belangrijke rol. 

Er kan geconcludeerd worden dat het voorgestelde Learning Hydraulic System geschikt is 
voor praktische toepassingen en dat door gebruikmaking ervan energie bespaard zal worden. 
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Preface 

Purpose of Research 

The purpose of the research described in this thesis was to develop and test a new energy
saving concept for cyclic loaded hydraulic systems. The resulting energy-saving concept has 
to show a considerable efficiency improvement of the hydraulic system, on the one hand, 
and on the other, it has to produce an automatic re-adjustment of the system to different 
variable load conditions. The last property will have an impact on energy saving in practice. 
Compared to conventional energy-saving concepts that are only optimally adjusted for a single 
load cycle and result in low efficiencies for other load cycles, the new energy-saving concept 
affects optimal efficiencies for all load cycles. 

Structure of the Thesis 

The results of the research are described in this thesis according to the following structure. 

In Chapter 1, the background (scope) of the project is discussed. The different energy
saving concepts which have been used in hydraulic transmissions until now, are summarized. 
A brief discussion of the conventional concepts shows that further energy-saving measures 
are needed, especially for cyclic-variably loaded machines. Accordingly, the main purpose 
(problem) of the research described in this thesis is stated. 

Chapter 2 starts with an analysis of conventional energy-saving measures. The analysis 
results in the formulation of the basic solution strategy, the Learning Hydraulic System. An 
essential part of the solution is optimization of the cyclic loaded hydraulic system. For opti
mizing its control, a mathematical model of the hydraulic system is used. Some comments are 
given on that model. A definition of the optimization problem is given and the accompanying 
optimality conditions are described. General descriptions are also given of the optimization 
algorithm and software used for solving the problem. The optimization algorithm is based on 
the projected gradient method. With the help of that algorithm, some optimization studies 
were carried out. At the end of Chapter 2, the optimization results are discussed and energy 
savings are predicted. 

The Learuing Hydraulic System cannot be used alone in practice; it needs to be supported. 
In Chapter 3, the problems (inconsistencies) that may occur in a practical situation are anal
ysed. As a result of the analysis, the necessary supporting sub-procedures can be defined. 
Combining those sub-procedures results in a strategy for controlling the total system. The 
sub-procedures have to be coordinated by a supervisor. Possible solutions for the individual 
sub-procedures and the supervisor are described separately. For certain implementations the 
control strategy may be quite complex, therefore, at the end of Chapter 3 some suggestioll!l 
are made for less complicated strategies. 

In Chapter 4, studies are described about the actual behaviour of an optimally controlled 
cyclic loaded hydraulic system. For that purpose, a detailed dynamic model was derived. 
Simulations show the sensitivity of the system to model inaccuracies and variations in the 
load. Those simulations also show that sub-procedures are needed. Furthermore, the per
formance of the individual sub-procedures is predicted with simulations. The results of the 
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sensitivity study and the predicted performance of the sub-procedures are used to find the 
adjustments of the supervisor and to predict the performance of the total system. 

Verification of the theoretical results in practice is described in Chapter 5. The design and 
operation of the test-rig are discussed. For testing the total system, the cyclic load is imitated 
by a device called Load Simulator. Measurements with the practical Learning Hydraulic Sys
tem were obtained while loading it with the Load Simulator. The measured results show 
the actual performances of the individual sub-procedures, also, of the total system and they 
confirm the theoretical results (predicted performances and energy savings). At the end of 
Chapter 5, some of the problems that have to be solved when using the Learning Hydraulic 
System for an industrial production machine are discussed. 

Finally, the main conclusions are summarized in Chapter 6. Also, some recommendations 
are given for using a Learning Hydraulic System in practice. 
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Nomenclature 

The most important symbols and indices used are listed below. More specific symbols and 
indices are explained in the text. Some of them have different meanings. In the text, however, 
it is obvious which meaning is intended. 

Notation 

A 
.a. 
I 
O,D. 
Aii 
ILi 
AT,g_T 
A-1 

A, a 
A, a 
ii 
ii 
/(a) 
A, a 
A 
a 
v 

: Matrices are denoted by capitals. 
: Vectors are denoted by underlined lower-case letters . 
: Unit matrix. 
: Zero matrix, Zero vector. 
: Element of A row i column j. 
: i'th element of g_. 
: Transposition. 
: Inversion. 
: Variables are denoted by capitals and lower-case letters. 
: First order time derivative of A and a. 
: Second order time derivative of a. 
: Estimate of a. 
: Function of a. 
: Parameters are denoted by bold letters. 
: Difference (small). 
: Partial derivative. 
: Gradient operator. 

Variables 

E : Energy [Nm] 
F : Force [N] 
I : Frequency [1/s] 
M : Torque [Nm] 
n : Rotational Velocity [rev /s) 
p :Power (Nm/s] 
p : Pressure (N/m2J 
q :Flow [m3/s] 
T : Temperature [KJ 
t :Time [s] 

xi 
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u 
'U 

v 
v 
w 
X 

w 

: Internal Energy 
: Charge, Voltage 
:Volume 
: Velocity 
:Work 
: Position 
: Density 
: Efficiency 
: Switch-time 
:Heat 
: Angle of Rotation 
: Angular Frequency, Angular Velocity 

Parameters 

A : Surface Area. 
b : Damping Rate 
c : Capacity 
G : Hydraulic Conductance 
H : Hydraulic Resistance 
K : Transfer Constant 
k : Spring Stiffness 
L : Leakage Factor 
m :Mass 
p : Pressure 
q :Flow 
R : Gas Constant 
v :Volume 
p : Compression Modulus 

' : Damping Factor 
T : (Thermal) Time-constant 

Symbols 

Control 

A :Analog 
D · : Digital 
G : Hessian Matrix 
!l. : Vector of Gradients 
J : Criterion Function 
k :Sample 
L :Limit 
n : Noise Vector 
PID : Standard PID-controller 
l : Vector of Constitutive Variables 

[Nm] 
[V] 
[m3] 
[m/s) 
[Nm] 
[m] 
[kg/m3J 
1-1 
[s] 
[Nm] 
[rad] 
[rad/s] 

[m2] 
[Ns/m] 
[m5/N] 
[Jm7 /kg] 
[kg/m7] 
[m/V], [N/(m2V)] 
[N/m] 
[m5 /(Ns)], [Jm7 /kg] 
[kg] 
[N/m2] 

[m3/s) 
[Nm/(kgK)] 
[m3], [m3 /rev] 
[N/m2] 

[-] 
[s] 
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l. : Input Vector Load Simulator 
y_ :·Variable Input Vector 
1l : Output Vector Load Simulator 
1M: : Forced Input Vector, Load Sequence 
*- : State Vector 
1!. : Output Vector 
~ : Input Vector Supply System 
a : Weighting Factor 
1 : Vector of System Equations 
!b{ : Vector of Residuals 
fl. : Parameter Vector 
!!:. : Vector of Output Equations 
'II : Residual Gradient Matrix 

Optimization 

c : Constraint 
d : Direction Vector 
ES : Energy Saving 
l : Vector of Lagrange Functions 
N : Basis Matrix of Gradient Vectors 
Z : Orthogonal Basis Matrix 
~ : Step-size 
.6. : Vector of Lagrange Multipliers 

Transmission 

C : Conductive Part of a Transmission 
E : Energy Supply 
G : Generative Part of a Transmission 
L : Load 
LHS : Learning Hydraulic System 
LS : Load Simulator 
M : Motive Part of a Transmission 
T : Transmission 

Indices 

subscript 

a : Accumulator 
act : Actual 
adj : Adjusted, Adjustable 
amb : Ambient 
bp :By-pass 
c : Corrected 
ch : Characterized 
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con 
cv 
d(es) 
e 
i 
I 
LHS, lhs 
LS,ls 
m 
max 
min 
n 
nom 
0 

opt 
p 
pr 
pre 
prv 
q 
r 
ref 
rei 
rv 
s 
set 
sim 
th 
thr 
tot 
u 
2w 
4w 

: Conventional 
: Check Valve 
: Desired 
:End 
: Inlet 
:Load 
: Learning Hydraulic System 
: Load Simulator 
: Model 
:Maximal 
:Minimal 
: Natural 
:Nominal 
: Outlet, Return 
:Optimal 
:Pump 
: Pressure 
: Pre-charge 
: Proportional Pressure Relief Valve 
:Flow 
: Reduced 
: Reference 
: Relief 
: Pressure Relief Valve 
: Supply System 
: Settling 
:Simulated 
: Theoretical 
: Throttle 
:Total 
: Uncertain 
: 2/2-Way Valve 
: 4/3-Way Valve 

superscript 

: i'th Iteration 
* :Optimal 
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Chapter 1 

· Introductio11 

A review of the World's conventional energy resources shows that supplies are lim
ited and future prosperity is threatened. Energy saving is necessary. The objective 
of this research was to investigate a method for reducing energy consumption in 
hydraulic systems. The conventional energy-saving measures for hydraulic sys
tems are summarized and plans for achieving the objective are made after a short 
analysis of those measures. 

1.1 Scope 

Prosperity and welfare depend directly on energy. In a crowded society, like in the Western 
World (which again is a consequence of increased prosperity), prosperity can only be main
tained with the help of high energy consumption. In comparison with primitive times the 
energy consumption per head has increased by a factor of approximately 111:1 (Cook, 71). 
At present, the World's energy demand is mainly supplied by fossil energy sources (80-90 %). 
With the World's present energy consumption, these fossil energy sources will be exhausted 
in the near future. In Figure 1.1, the fossil energy reserves, related to the 1992 energy con
sumption, are illustrated (British Petroleum, 93). 

Coal 

Natural gas 

Oil 

2000 2050 2100 2150 2200 

Figure 1.1: The World's fossil fuel reserves known in 1992 

year 

2250 

Nuclear energy is also limited. Energy supplied by nuclear fission will depend on the enrich
ment of uranium 238 since uranium 235 is as scarce as oil. Nuclear fusion seems still far away. 
It mnst be concluded that the conventional energy sources are finite, even in the short term 
which means that prosperity is finite too. 

1 



2 CHAPTER 1. INTRODUCTION 

The lack of riew energy sources produces higher energy prices. In industry a high kWh 
price reduces competitiveness. That can cause unemployment which further decreases pros
perity. Increasing energy consumption has another big disadvantage: environmental pollution 
caused by emissions (solid, liquid, gaseous) and physical contamination (noise, heat, radia
tion). Nowadays, this problem is getting bigger and bigger, take for example air pollution by 
exhaust gases, soil pollution, nuclear disasters and the greenhouse effect. So, environmental 
pollution has a negative effect on prosperity. 

Society is convinced that action is necessary. Two alternatives are available: 

• Economic management of the existing energy supplies (saving and recovering energy); 

efficient generation of usable high level energy (second order energy supplies), 

- efficiency and quality improvements related to production processes and products, 

recycling of products and materials, etc. 

• Search for and development of new (inexhaustible) and cleaner energy sources (solar 
energy, hydrogen, nuclear fusion). 

These actions will be most effective when properly controlled by the government (for example 
by giving advice and by setting the energy price policy). Also organizational measures on a 
local scale (company management) will increase the effect and its impact. 

The first alternative, economic management of the existing energy, can be inftuenced greatly 
by Mechanical Engineering particularly for designing new and improving old products. Me
chanical Engineering includes power transmissions among which hydraulic powertransmis
sions form an important part. Hydraulic transmission systems are found in a wide range of 
mass produced products which have a high power demand. So, improving the efficiency of hy
draulic systems will have great impact, and this is where the attention of this thesis is focosed. 

A study of hydraulically-driven plastic moulding machines used in Dutch companies clearly 
shows that efficiency improvements are needed. Roughly estimated, these companies have 
about 2500 machines which consume on average about 12 kW of electric energy just for their 
hydraulic transmissions. In the production process, at least 8 kW is lost. For an average of 
4500 production hours per year, this means that in Holland alone about 90 GWh is wasted 
each year. 

1.2 Saving Energy in Hydraulic Systems 

In the past, when energy was available at low prices, only the functional performance of hy
draulic components and systems was important, but that has changed in the past few decades 
due to increased energy prices and continued tightening of environmental legislation. Now, 
more attention is being paid to efficiency improvement. 

In any hydraulic system where the transformation and transport of energy take place (see 
Figure 1.2), energy losses will occur. The process itself may be influenced and, energy losses 
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E : Energy supply, 
T : Hydraulic Transmission, 
G : Generative part, transforms mechanical energy into hydraulic energy, 
C : Conductive part, transports the hydraulic energy, 
M : Motive part, transforms the hydraulic energy back into mechanical energy, 
L :Load. 

Figure 1.2: Four-pole notation of hydraulic transmissions {Schlosser, 74) 

always result in higher costs, because of wasted energy. Often increased wear and decreased 
life-time raise costs too. Consequently, it is important to reduce energy losses in hydraulic 
systems as much as possible. For the user of hydraulic systems, it is important in the long 
term that financial savings exceed energy-saving investments. 

Different ways of saving energy in hydraulic systems have been developed. Table 1.1, based 
on (Backe, 82), gives a survey of the most important energy-saving measures separated into 
the different places iu hydraulic systems where interference occurs according to Figure 1.2. 

Tabl e 1.1: E s nergy- aviDg M easures ID lY• rau tc systems. · H d r s 
~e Generative Conductive Motive 

G part part part 

Efficiency Reduction of Efficiency 
Component improvement losses in improvement 

Construction of pumps network and of motors and 
valves cylinders 

I Choice of 
Selection of components and their dimensions 

s • Interaction 
y ! Components • Optimal efficiency range 
s i • Accumulation 
t • Multiple pump • 3-Way flow control • Variable displac~ 
e Control • Variable displace- • Puls~width ment motor 
m ment pump modulation • Cylinder 

• Load-sensing pump • Load-sensing valve controls 

One way to decrease energy consumption in a hydraulic system is efficiency improvement 
of its separate components by improving or completely changing their construction. With 
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the present state of development, however, this is attainable only with very much effort and 
the related very high costs. Even then the efficiency improvements will still be relatively small. 

In hydraulic systems, however, much bigger energy savings can be achieved with system 
measures. These measures improve the overall efficiency of the complete system by aiming 
at a better internal tuning of its components (under consideration of the load sequence). In 
this way, the throttle losses which occur due to the pressure difference between the system 
and the load, and/or by-pass losses which occur due to the flow difference between the supply 
and the load, are reduced. 

In the first place, big energy savings can be achieved by dimensioning and selecting the 
components of a hydraulic system correctly. For that purpose, various computer programs 
have been developed that can be of great help, especially, with very complex systems, see for 
example (Blumauer, 90). For systems that operate at one single working point the resulting 
efficiencies will be high. In practice, however, hydraulic systems are often used because of 
their llexibility, which means regularly changing operating conditions. The overall efficiency 
of these variably loaded systems is low. In that kind of system, the use of an accumulator for 
temporary energy storage can save some energy. 

Further; iii that kind of system considerable energy savings can result from continuously 
tuning the components with each other and the load using the control systems that have 
been developed. The most important solutions are shown in Table 1.1 according to the place 
of interference. Also, combining measures in various places of interference is possible. 

In addition to the division of the control measures according to the place of interference, 
another division is also possible (Post, 88): 

Loss-lean measures: the energy flow into and/or mrt 2f the hydraulic system is controlled. 
The only losses are control losses and losses due to non-ideal behaviour of the compo
nents. These measures reduce both throttle and by-pass losses. Measures for generative 
and motive control pertain to this group. 

Non-loss-lean measures: the energy llow m the hydraulic system is controlled. The throt
tle losses are reduced but the by-pass losses remain high. The total efficiency, however, 
increases slightly. Conductive measures pertain to this group. 

The selection of a control measure seems quite simple: choose a loss-lean measure. In prac
tice, however, the choice is not as simple as it seems. Both groups have their advantages 
and disadvantages. In medium and large power systems for stationary and quasi-stationary 
applications, the loss-lean measures will perform very well. However, when more demand is 
made on the dynamic behaviour of the system, commonly the non-loss-lean measures will be 
more appropriate (in Section 2.1 this is explained further). 

Most of the above mentioned computer programs use some of those control measures. For 
variably loaded systems, it can be useful to expand them with an optimization procedure for 

. determining the component dimensions that can give optimal system efficiency. In Section 
3.4, a suitable procedure is discussed briefly. Verification of the dynamic behaviour of the 
system will often be necessary. 
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As already mentioned, costs play a very important role. Many of the energy-saving mea
sures require big investments in multiple pumps, variable displacement pumps and motors, 
accumulators, control valves, sensors and micro--computers. Cost-profit analysis should be 
included here. 

In the development phase of new energy-saving concepts, costs may not be a limiting factor, 
but the limited energy resources ~Figure 1.1) related to increasing energy costs can jus
tify more complicated system measures and bigger investments in future. Micro--electronics 
(micro--computer) for hydraulic systems that can operate intelligent pressure-oil supplies will 
contribute to reduced energy losses. 

1.3 Problem Formulation 

With the help of conventional energy-saving measures, considerable amounts of energy can be 
saved, but they have their disadvantages. The relatively slow dynamic response of most loss
lean measures and the remaining losses of the non-loss-lean measures have been mentioned 
already. Such losses are considerable with fluctuating load sequences. Conventional hydraulic 
systems are difficult to adjust under variable load sequences so that poor efficiencies will result. 

An additional disadvantage of conventional energy-saving measures iS that hydraulic systems 
have to be adjusted manually to a certain load sequence (passive). And furthermore, they 
have to be re-adjusted each time the load sequence is changed. In practice, this rarely hap
pens due to lack of knowledge, equipment and particularly time. Hydraulic systems can also 
be under-loaded, for example: in practice in a production environment frequently overdimen
sioned machines are used, just because the machines are available at that moment. Despite 
the energy-saving measures on such machines considerable but unnecessary energy losses arise 
(Erriu, 91), (NOVEM, NFK, 93). 

Only conceptual alterations of hydraulic systems will result in further structural possibili
ties of energy saving. The aim of this study is to develop and test an energy-saving 
concept for hydraulic systems which, on the one hand, shows a considerable efficiency 
improvement in comparison to conventional concepts and, on the other, produces an auto
matic re-adjustment of the system to different variable load conditions {active without 
manual involvement, learning ability). In practice, this should result in considerable energy 
savings. Application to existing hydraulic systems without radical modifications is a priority 
and fast response rates must be possible. 

During the development of this concept, the study was restricted to cyclic loaded systems 
operating in the first quadrant (no energy recovery). Those systems occur frequently in in· 
dustrial production machines such as plastic moulding machines, hydraulic presses, etc. An 
extension to general load sequences, including energy recovery, has to be a next step. 
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Chapter 2 

Analysis and Basic Approach 

Prom an energy point of view, hydraulic systems are difficult to adjust to variable 
(cyclic) load conditions. Each time a new load sequence is introduced, the system 
has to be manually re-adjusted. In practice, this rarely happens which results in 
lo'IJ1 efficiencies. An energy-saving concept which can give a higher efficiency and 
automatic re-adjustment of the system is described in general terms. 

2.1 Analysis of the Conventional Measures 

In hydraulically-driven machines with variable load conditions, the various control facilities 
are used to control the load usually. Priority is given to fulfilling the load demands and the 
energy used is rarely considered. Sometimes, controls are used to increase the efficiency of a 
machine. In Table 1.1, the most important conventional energy-saving control measures are 
shown. 

Great energy savings can be obtained, especially by applying loss-lean measures; how
ever, the relatively slow dynamic response has already been mentioned as a disadvantage of 
such measures. For measures that affect the generative part (see Figure 2.1.a) of a hydraulic 
system, that is caused by both the slow dynamic behaviour of the components and, for the 
greater part, by the longer distance between the variable controlled (for example the load 
speed) and the place of interference (pump): a weak control system results (Hahmann, 73). 
In this context, the combination of a fixed or variable displacement pump and a variable
speed electro-motor must also he mentioned. Although the control distance is even longer, 
recent developments show interesting results (O'Bryan, 91). If a multiple pump is used, faster 
response rates can be obtained because the load is controlled separately. Due to the stepped 
flow supply, which is rarely adjusted to the demand, still there is excess flow which introduces 
energy losses (see Figure 2.1.b). One problem of motive control measures, especially variable 
displacement motors, is their dynamic stabilization. Due to little internal damping, such 
systems are very susceptible to vibrations (Backe, 82). 

In addition to the above disadvantages, some energy losses will also arise. In order to change 
the displacement volume of pumps and motors, additional power is required, especially for 
quick responses. Consequently, separate pressure systems are often used and that results in 
control losses. Further, a considerable amount of energy is lost if a variable displacement 

7 
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pump or motor is only partially loaded. At relatively low flow levels, those components nor
mally show efficiencies of less then 50% (O'Bryan, 91). 

In hydraulically-driven production machines, hydraulic cylinders are often used. Since they 
have a fixed displacement surface, control systems are needed to avoid throttle losses as much 
as possible. Very complex systems result that show relatively great control losses and slow 
responses. For a small specific operating range, higher efficiencies can be obtained (80 %), but 
outside that range, the efficiency decreases greatly (hydraulic regeneration concept, (Backe, 
82), (Dlukiz, 85), (Murrenhof, 82)). 

Thanks to improved variable displacement components, recent developments have resulted 
in relatively rapid-adjustable variable displacement pumps Un ~ 20-50 Hz, (Lechner, 89), 
(Mannesmann Rexroth, 90)) and thanks to the use of electronics and more advanced controls 
(digital), in recent years, the dynamic response rates of systems with loss-lean measures have 
increased and they can be stabilized better (Backe, 88). 

In total, the overall efficiency of a variably loaded system with loss-lean measures will still 
turn out badly, especially for fluctuating loads that are composed for the greater part of 
small partial loads. In general, the dynamic response of a system remains relatively slow. 
Additional disadvantages of loss-lean measures are their higher investment costs, due to more 
advanced components and/or complex systems. 

Also, considerable energy savings can be obtained by applying non-loss-lean measures. 
However, since only one hydraulic variable is controlled, still considerable throttle and by
pass losses remain: 

• Throttle losses: l
tend ltend 

Ethr = (Pthr(t))dt = (ql(t)-(ps(t)-p!(t)))dt 
t,ta,.t t..ta:rt 

(2.1) 

• By-pass losses: (2.2) 

where E denotes energy, P denotes power, p and q denote pressure and flow, respectively, and 
indices s and l denote supply and load, respectively. This can be explained with an example. 

3-Way flow control: In a 3-way flow controlled system, the system pressure is kept just high 
enough to deliver the required load pressure (in fact this is a kind ofload-sensing system). 
Since a pressure difference between the system and load still occurs, throttle losses will 
occur. That loss is reduced by this energy-saving measure (see Figure 2.1.c). The excess 
flow is by-passed at the system pressure. Those by-pass losses can be considerable if 
the load requires small flows temporarily (Henke, 83/8~), {Zii.he, 90). 

Also, some losses may arise from controlling the different valves; in order to achieve a faster 
response, the valves are often operated by a separate pressure system. That faster response 
with valve controls is an important advantage of non-loss-lean measure.S. Furthermore, all 
the components used have their own internal losses which of course will influence the overall 

. efficiency. 

Another interesting development in non-loss-lean measures is ftow control with the help of 
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a: Constant flow control with variable displacement pump 
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b: Multiple pump 
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c: 3-Way flow control 
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d: Accumulator system with unloader valve 

Figure 2.1: Control measures 
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pulse-width modulated valves (Wennmacher, 92). A disadvantage of such a measure is the 
pulsating flow that results; therefore few practical applications are available. 

In total, the overall efficiency of a variably loaded system with non-loss-lean measures, will 
remain very low, especially for strongly fluctuating loads. By locating fast control valves close 
to the load to be controlled, very fast responses can be realized. Since relatively simple compo
nents are used in non-loss-lean controlled systems, in general, the investment costs remain low. 

Combinations of loss-lean and non-loss-lean measures can be used with hydraulic systems 
too. Advantage can be taken of the best of both measures. For example, combining 3-way 
flow control with a multiple pump, reduces the by-pass losses of the 3-way flow controlled sys
tem. However, unfavourable situations always will arise. A relatively fast response rate can 
be obtained, but compared to pure loss-lean measures, more energy will be lost (Berbuer, 85). 

A common energy-saving measure is temporary energy storage using a hydraulic accumulator. 
In combination with loss-lean and/or non-loss-lean measures, in certain cases, a considerable 
amount of energy can be saved. A hydraulic accumulator is normally used in "constant" pres
sure systems. With the help of either a fixed displacement pump or a variable displacement 
pump, the accumulator pressure is kept "constant" and fewer by-pass losses will occur (see 
Figure 2.1.d). However, if relatively small load pressures are required greater throttle losses 
will occur, due to the pressure difference between the accumulator and load (Erriu, 91). The 
use of pulse-width modulated valves can reduce those losses. 

Summarizing, it can be concluded that the use of conventional energy-saving measures will 
give higher efficiencies (70-80 %); especially, in the design field. Otherwise, outside this 
relatively small field the efficiency will decrease quickly. In practice, for fluctuating load se
quences, very often situations occur in which a certain measure may turn out badly and the 
integrated efficiency will be low ( « 50%). Re-adjustment (manually, passive control) of the 
measure used would be necessary, but it rarely happens. Another measure might perform 
even better in that range. The performance of the measure used depends greatly on the load 
conditions. 

2.2 Formulation of a Solution Strategy 

Since information about the load conditions is essential for using an energy-saving measure 
properly, it will be useful to analyse the load conditions when developing a new energy-saving 
concept. 

2.2.1 Load Specification 

Many industrial production processes include cyclic variable load conditions. As already 
mentioned in Chapter 1, the development of the energy-saving concept is restricted to those 
cyclic loaded systems. Although in practice non-cyclic load conditions occur too, nevertheless 
many of the widely used processes are included. Expanding the concept to cover general load 
conditions will be valuable. Some deviations to cyclic load conditions are permitted: 
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Quasi-cyclic: Due to medium- and high-frequency dynamics and disturbances, each cycle 
will differ in detail (load variations). 

Slow cycle changes: Long-term variations in operating conditions of a machine such as 
temperature changes in the transient period, obsolescence or wear, will produce small 
changes in the cycle. 

Different cycle: A machine can be turned over to producing a different product and that 
will result in a completely different cycle (load changes). 

Although some energy can be saved with recovery of energy, for example, the recovery of 
braking-energy, in this thesis, only resistive (non-overrunning) loads operating in the first 
quadrant are considered. 

In further parts of this thesis it will be more convenient to use the concept of 'hydraulic 
load'. The proposed definition of a hydraulic load differs from the usual definition. Here, a 
hydraulic load is defined as the flow q1(t) and pressure Pt(t) needed to deliver a mechanical 
load. The hydraulic load is formed by the mechanical load, given by a velocity v(t) and force 
F(t) or an angular velocity w(t) and torque M(t), which is transformed into hydraulic terms 
by the motive part, according to the adjustment of the conductive part. In Figure 2.2 this is 
explained. 

The .Hydraulic Load 

valves 
motors mechanical 

PI (rotative, M,F load 

I 
~ translative) w,v 

c M L 

Figure 2.2: The hydraulic load 

The hydraulic load as a function of time is defined as the hydraulic load sequence. Typical 
of industrial cyclic processes are ratios of about 1 : 10 for minimal and maximal load fiows 
and pressures. An appropriate example of a machine subjected to a hydraulic load sequence 
that answers the above requirements is the hydraulically-driven Plastic Moulding Machine. 
In Appendix B, the hydraulic load sequence of such a machine is described. 

2.2.2 New Energy-Saving Concept 

Since considerable differences occur in the load sequence, conventional energy-saving measures 
will perform badly in much of the sequence and great losses can result. Reducing the losses 
as much as possible, means that the measure used should be re-adjusted (automatically) o~ 
another measure should be used. If a hydraulic system can choose from a number of different 
measures that can be automatically re-adjusted according to the load conditions, energy will 
be saved (active control). 

Energy Supply 
So, in order to develop an energy-saving concept, the hydraulic energy supply must be au
tomatically re-adjustable. Both the supply pressure p,(t) and the supply flow q.(t) of the 
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hydraulic system have to be controllable. So, the system must consist of a "pressure-system" 
and a "flow-system" which are interchangeable. For that purpose, the following components 
can be used: 

Variable Displacement Pump: With the help of a load-sensing pump, the energy sup
plied can be adjusted to the energy requirements. Both throttle and by-pass losses are 
reduced. 

Fixed Displacement Pumps: By combining several fixed displacement pumps (multiple 
pump), in a progression 1 : 2 : 4 : etc. of the displacement volume, a finely divided 
flow control is possible. The stepped flow, however, can be disadvantageous. A fast flow 
control can be obtained. By-pass losses are reduced. 

Hydraulic Accumulator: A hydraulic accumulator allows hydraulic energy to be stored 
temporarily. If an accumulator is incorporated, smaller pumps can be used. By-pass 
losses are reduced. 

3-Way Flow Control Valve: This component controls the load flow and any excess (pump 
flow minus the load flow) is by-passed. The system pressure is made slightly higher then 
the load pressure. Throttle and by-pass losses are reduced. 

Load-Sensing Valve: This component controls the supply pressure in relation to the load 
pressure (for example a proportional pressure relief valve). Throttle and by-pass losses 
are reduced. 

Although the variable displacement pump has interesting energy saving possibilities, in this 
research it will not be considered. The slow dynamic response of systems containing variable 
displacement pumps has already been mentioned as a disadvantage. Because of that charac
teristic, and the other disadvantages mentioned in Section 2.1, variable displacement pumps 
{possibly driven by a variable electro-motor), are less suitable for the stated purpose. The 
3-way flow control valve and the load-sensing valve have comparable effects on the system. 
Due to its faster response rate, here, the load-sensing valve is more appropriate. By com
bining this component with the other components, and nsing on/off-valves (2/2-way valves), 
the desired adjustable hydraulic energy supply can be obtained. In Figure 2.3, an example 
of such an energy supply with two fixed displacement pumps, a proportional pressure relief 
valve, and a single accumulator is drawn diagrammatically. 

r····················~;~~·~~;~~··~-~~~~-~:;;;;····················1 

I I 
l ~--- : _;_ ---- :i 

1 I i t 

Figure 2.3: Controllable energy supply 

Of course, any number of fixed displacement pumps and/or accumulators can be nsed. By 
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operating the on/off-valves, different energy-saving concepts can be chosen; an accumulator 
system together with a multiple pump (the adjustment of the proportional pressure relief 
valve is maximized); the "pressure-system", or a pressure controlled system {with the help of 
the proportional pressure relief valve) together with a multiple pump; the "flow-system". By 
choosing the most suitable pump combination and/or controlling the supply pressure, autq
matic re-adjustment is realized. The optimal choice, which means taking advantage of the best 
of both concepts, and re-adjustment should be based on information about the load sequence. 

The relatively low cost of the components must be mentioned as an additional advantage 
of this system. 

Hydraulic Load 
In order to create an efficiently operating system, it is necessary to know in advance ·the 
amount of energy, required 'for driving the cyclic load. The hydraulic energy required de
pends on the time integration of the product of flow and pressure on each instant. This 
means that the hydraulic load sequence, q1(t) and p1(t), as defined and specified in Subsection 
2.2.1, must be completely known in advance. Consequently, the measurements of a complete 
cycle must be taken to determine the load sequence. Monitoring the hydraulic load sequence 
continuously enables the system to react with changing load conditions and to re-adjust au
tomatically. 

Control Unit 
The main task of the control unit is to adjust the controllable energy supply to the changing 
hydraulic load sequence. Therefore, the control-unit must receive data from the actual load 
sequence. With the help of this data, it can determine the optimal control signals (the on/off
signals of the 2/2-way valves) in order to minimize the energy consumption of the complete 
system, while delivering the load sequence. An optimal combination is determined for the 
different energy-saving measures in the variable energy supply. For that purpose, in Section 
2.3 an optimization procedure is presented. The suggested procedure needs some knowledge 
of the system in the form of a mathematical model. 

In order to obtain a practical working system, in addition to the main task of optimizing, 
some other tasks need to be done by the control unit. Here, two important tasks can be 
mentioned: 

• In order to obtain reliable optimization results, the mathematical model used in the 
optimization procedure must be fitted to the measurements (identification). 

• Any difference between model and system and rapid load variations within a cycle may 
cause irregularities in the actual behaviour of the system; therefore, they have to be 
taken into account. 

In Chapter 3, the other tasks, which have to be done in by the control unit, are discussed 
extensively. 

Combination; The Learning Hydraulic System 
Now, by combining the controllable energy supply, the cyclic hydraulic load sequence and 
the control unit, the new energy-saving concept can be realized. The system based on this 
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concept is further called a "Learning Hydraulic System". The term "Learning" will become 
clear in the next chapter when the total concept, the control strategy, is discussed. In Figure 
2.4, a diagram of the basic concept is given. It has a controllable energy supply that contains 
a single fixed displacement pump and an accumulator. 

hydraulic supply system 

I 
I 

: control signals : 
I I I 
I I 

I 
I 
I 
I 
I 

,_ 

•----- Control Unit 

loading cycle 

t 

I 

.. -"" - - ~ measured data 

... --- -- constraints 

Figure 2.4: The Learning Hydraulic System (LHS) 

The task of the system and its sub-blocks are summarized now: 

Objective: The energy consumption of the system has to be minimized under the constraint 
that the hydraulic load sequence is delivered as required. 

Load Sequence: The study is restricted to cyclic load sequences. However, some deviations 
are allowed. The actual load sequence is continuously measured which enables the 
system to react with changing load conditions. 

Energy Supply: The hydraulic energy supply system consists of some interchangeable basic 
energy-saving subsystems: an accumulator system in combination with a (set of) fixed 
displacement pump(s); the "pressure-system", and a supply pressure controlled system 
in combination with (set of) fixed displacement pump(s); the "flow-system". 

Control Unit: The optimal choice of the energy-saving subsystems at each instant, estab
lished by a set of optimal switch-times in the control signals of the 2/2-way valves, is 
determined with the help of an optimization procedure using the load measurements 
and a mathematical model. 

In conclusion, the suggested concept meets the requirements stated at the end of Chapter 1, 
and furthermore, the investment costs will be relatively low thanks to the relatively simple 
and .cheap components used. For applications in existing machines, only small adjustments 
of the energy supply have to be carried out and the control has to be changed. In modern 
machines, the latter aspect involves software adjustments mainly. 
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An essential part of the basic concept, namely the optimization procedure, is discussed in the 
next section. Later on, with the help of the optimization studies, the theoretically attainable 
energy savings are discussed. 

2.3 On Optimization (Control Unit) 

The main objective of the Learning Hydraulic System is to save energy. Since the state of the 
Learning Hydraulic System, and the energy losses depend on the operation of the 2/2-wa.y 
valves, so this objective can be realized by using an optimal set of switch-times that yield the 
least energy consumption. Optimization of the switch-times on the basis of a mathematical 
model that describes the state of the Learning Hydraulic System will be discussed in general 
terms. Firstly however, some comments will be made on the model. · 

2.3.1 Modelling (Gill, 81) 

Mathematical models are frequently used to study real-life phenomena because analysis or 
experiments cannot explain them adequately. Models play an important role in optimization. 
A model is formulated in order to determine the values of free parameters that produce an 
optimal measure of" goodness". For example, the most stable system, or the fastest response. 
A model used in optimization should be developed by striving for a reasonable balance be
tween the aims of compliance with reality (this usually implies extra complexity in the model) 
and ease of optimization (for practical applications, particularly with the Learning Hydraulic 
System this should mean little computation time). It is often the case that numerous ar
bitrary decisions have to be made that do not effect the realisticness of the model, yet are 
crucial to whether a model makes it possible to obtain rapid solutions with an optimization 
algorithm. Besides these general aspects, the model must be genera.lly applicable. Since the 
main difference between the various applications of the Learning Hydraulic System involves 
its loading, especially the load needs to be modelled in a general way. 

Considering the above aspects, the mathematical model used for optimizing the Learning 
Hydraulic System resulted in a low-frequency dynamic model. In general state space terms, 
the model for a system with a single fixed displacement pump· and an accumulator can be 
written as 

where: 
u(t) = 
!!!( t) = 
*r(t) = 
1lr(t) 
D.,. 

.tr(t) = l,.{*r(t),y(t),l!l(t),!lr) fort~ to; *r(to) = *rO• 

ll,.(t) = ~(*r(t),y(t),l!l(t),!lr) fort~ to 

(2.3) 
(2.4) 

[ u,.(t) ua(t) JT ; variable input (control signals of the 2/2-wa.y valves), 
f Pt(t) q,(t) JT ; forced input (load pressure and flow), 
[ Va(t) Ta(t) IT ; reduced state (accumulator volume and temperature), 
[ p,(t) p4 (t) p8 (t) ]T ; reduced output (pump, accumulator and system pressure), 
[ 81 62 . . Or JT ; reduced parameter vector, 

and 1r represents the .reduced system equations and l:!..r the reduced output equations. In 
Appendix A, Section A.l, the decisions (considerations) on which the model is based and the 
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formulation of the model are discussed. In Equation A.8 the total low-frequency dynamic 
model is described in detail. 

2.3.2 Problem Definition 

The {hydraulic) efficiency of the Learning Hydraulic System is defined as follows 

(Ecmt) ( E1) 1/- - - -
- Ein cycle - Ep cycle 

(2.5) 

So, optimization of the Learning Hydraulic System (= increasing the efficiency) consists of 
minimizing the energy losses in the system. The energy loss E1ou in the hydraulic system 
being defined as the energy delivered by the pump Ep minus the energy consumed by the 
load E1 during a cycle time tcycle ( = te to) 

or r· Eloss =ito (pp(t) · (qp(t) + q2wp(t))- pl(t) • ql(t))dt. (2.6) 

The hydraulic load, Pl(t) and q1(t), of the second expression has to be known in advance. 
The pump pressure Pp(t) and flow qp(t) depend on the controls (variable input) of the system 
(Up(t),u .. (t)) according to Equations 2.3 and 2.4 (or equivalently, Equation A.8) and the 
initial state of the system (initial state of the accumulator, v .. 0 , T40). In particular 

Pp(t) = Pp(Up(t), u .. (t), V..o, T..o) = Pp(Y(t),~), 
qp{2w)(t) = qp(up(t), u .. (t), V..o, T..o) = qp(2w)(Y(t},~ .. o). 

Hence, the loss of energy E1oss can be written as 

E1oss = Eloss(controls, V .. o,Tao) = Eloss(Y(t},~ .. o). 

By substituting the switched states v; of the system: 

Vj =1 ~ 
Vj =2 ~ 

u,.(t) = 1, Up(t) = 1 
u4 (t) = 1, Up{t) = 0 

Vj =3 ~ 
v;=4 ~ 

u4 (t) = 0, Up(t) = 1 
u4 (t) = 0, Up(t) = 0 

where 1 and 0 indicate whether the component involved is switched on or off, respectively, 
Equation 2.6 can also be written as 

i=111"J+l re.. E,..,.=L · [Pp(r;~,.j,Vj)·(qp(-r;~;.vi)+q2wp(r;~i,vi))]d-r- it. [p,(-r)·ql(-r)Jd-r 
j~ ~ to 

(2.7) 
where I denotes the total number of different switched states. 

Now, the minimization of the energy loss in the Learning Hydraulic System requires the 
determination of the control signals, up(t) and u .. (t) characterized by the switch-times u; of 
the 2/2-way valves, and the initial state of the accumulator, V..o and T..o (~), such that 
Equation 2.6 (or equivalently, Equation 2.7) will be minimized. 

During minimization, some constraints c; have to be met: 
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• The hydraulic load sequence should be delivered at all t E [to, te]: 

where LlPmin denotes a minimal difference between system pressure p.(t) and load 
pressure Pl(t) and qa(t) denotes the accumulator flow. 

• The system has to be periodic (the state of the accumulator should be the same at both 
ends of the cycle t = to and t = t.,, ~0 = :!Cre): 

Ta(t =to) = Ta(t = t.,) } 
Pa(t =to) = Pa(t = te) 

Va(t =to} = Va(t = te} 

Furthermore, a set of linear and trivial constraints can be derived to guarantee that the 
switch-times are well-defined. That is, they do not overlap and they are restricted by the 
start 11Jld end of a cycle. 

2.3.3 Nonlinearly Constrained Optimization 

The optimization problem as stated in the previous section can be considered to belong to the 
class of nonlinearly constrained optimization problems for which the general problem 
formulation reads 

minimize {/(:!C) I ;&e E S C Rn} 

where S is determined by the constraints: 

c;(;&e) = 0, i = 1, .. , m1; 
c;(;&e) ;:::: 0, i = m 1 + 1, .. , m. 

(equalities) 
(inequalities) 

(2.8) 

In such a formulation for the Learning Hydraulic System, the function to be minimized /(;&e) 
which is known as the objective function, equals Eloss(:!C) (Equations 2.6 or 2.7), and the 
vector of variables ;&e consists of the switch-times Uj in the variable input y_(t) .!md the initial 
state of the accumulator ~0• 

Optimality Conditions1 

In order to select candidates for the optimal solution, use can be made of optimality condi
tions. Optimality conditions are used in two ways: firstly, to verify whether or not a given 
point is optimal, and secondly, to select (subclasses of) points that may be optimal. 

In the case of a constrained optimization problem, the solution should be found inside or 
on the boundary Qf the subset of the solution space determined by the constraints. If the 
solution does not belong to the boundary of the subset, the corresponding constraints can 
be disregarded. At a feasible point, which is any point satisfying all the constraints, equality 

complete description .of practical details on optimality conditions is beyond the scope of this thesis, but 
for more detailed information the interested reader may wish to consult (Fletcher, 87) or (Gill, 81). 
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constraints are always active and inequality constraints become active when they are satisfied 
as an equality. A constraint function defines a hypersurface in a n-dimensional (Euclidean) 
space. For the formulation of the optimality conditions the following definitions are custom
ary: - Let N9 (;J;.*) be a matrix of q columns [.n.1 .n.2 ..• .n.q] for the gradient vectors of the 
active constraints ~(;I;.*) at the optimal point ;I;.* that form the basis for the normals on the 
hyperplanes tangent to the active constraints. - Let Zq(;J;.*) be furthermore a matrix which 
columns are orthogonal to the columns of Nq(;I;.*), which means that 

Nq(;J;.*)T Zq(;I;.*) = 0. (2.9) 

At the optimal point ;I;.*, there will be no feasible direction 4 such that V /(;J;.*)T d < 0 or, for 
all feasible directions 

(2.10) 

This condition implies that there exists a vector of Lagrange multipliers},_* such that 

Aj ~ 0, i = l, .. ,q. (2.11) 

This condition is equivalent to the requirement that the gradient (with respect to ;I;.) of the 
Lagrange function corresponding to the optimization problem 

l(;J;.,)!) = /(;!;.) -)!T ~(;!;.) (2.12) 

is equal to zero (at the optimal point) 

(2.13) 

Without further proof, it is noted that a second-order necessary condition for optimality with 
non-linear constraints is given by 

Zq(;J;.*)TV21(;J;.*,)!*)Z9(;J;.*) ~ Q. (2.14) 

In summarizing, the most often quoted necessary conditions (Karnsh-Kuhn-Tucker condi
tions) for a regular point** to be optimal, in a nonlinearly constrained optimization problem, 
are 

NCl: 

NC2: 
NC3: 

NC4: 

V /(;I;.*)= Nq(;J;.*)l!*; 

A0
i ~ O,i l, .. ,q; 

.k(;J;.*) ~ 0, with~(;!;.*)= D. (;I;.* is feasible); 

Zq(a<*)TV2l(;J;.*, l!*)Zq(;J;.*) is positive semi-definite. 

(2.15) 

(2.16) 

(2.17) 

(2.18) 

The necessary conditions are often invoked in order to show that a given point is not optimal 
and thus to limit the subset of possible optimal points. Interesting from a theoretical point of 
view, but as a result of their inherent restrictiveness of less interest for practica.l use, are the 
analogous sufficient conditions, whose satisfaction guarantees that a certain point ill optimal. 

Suppose q is the number of gradient vectors corresponding to positive Langrange multipliers, 
then, the sufficient conditions are, without further proof, given by 

SCI: 

SC2: 

SC3: 

SC4: 

V /(;I;.*) = N9 (;J;.*)l!*; 

A*i ~ O,i = l, .. ,q; 

~(;!;.•) ~ 0, with ~(;!;.•) = {! (;!;.• is feasible}; 

Zq-(;J;.*)TV2l(;J;.*,l!*)Zq-(;J;.*) is positive definite. 

(2.19) 

(2.20) 

(2.21) 

(2.22) 
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Optimization Algorithm and Software (Seebregts, 88) 

In order to solve the energy minimization (optimization) problem in the Learning Hydraulic 
System, or equivalently, to minimize the objective function of Problem 2.8, use can be made 
of a Penalty Function method (Veldman, 86). Impractically long computation times are 
needed. For on-line applications of the Learning Hydraulic System, a faster method is re
quired. For this purpose, an algorithm and its related software have been developed in the 
Faculty of Mathematics and Computing Science at Eindhoven University of Technology. The 
software consists of a program, called ANLM, which is an abbreviation of Adapted Non
Linear Minimization, based on the implementation of a projected gradient method. Since 
that program gave satisfactory results, it was used in the research described in this thesis. 
Here, only a brief description of the projected gradient method and the main algorithm of 
this program are given2. 

Search Directions (the active set strategy) 
In a constrained optimization, in general the solution will be found at the intersection of a 
number of constraints (in the case of a solution inside the space determined by the constraints, 
the constraints can as well be excluded). As the set of active constraints in the solution will 
not be known beforehand, an arbitrary feasible choice has to be used for the active set and the 
active set can be revised as the optimization process proceeds. At a feasible point ;c.', only the 
steps satisfying N9(;c_i)T l!J.;c_i = 0, or equivalently, only the steps in the tangent hyperspace, 
which is the subspace generated by all tangents to the hypersurfaces of the current active 
constraints, are allowed. Removing the passive constraints (Ci(~r•) > 0) will not change the 
solution of the problem. Whenever a subsequent optimization violates a previously passive 
constraint, the constraint must be incorporated into the active set. When the optimum is 
found for the current active set, it has to be checked in order to see if excluding one or more 
constraints might give better results. Now, Problem 2.8 can be restated as an equality 

. . ·T . . 
min{f(;c_' + ll.;c_') I N9(;c.') ll.;r' = Q, ll.;r' € .R"}. (2.23} 

Using the orthogonal basis matrix Zq(;c_i), Equation 2.23 can be stated as 

{2.24) 

The linear version of this problem in the neighbourhood of ;r• is 

(2.25) 

The usual numerical approach to solve this problem is to look for better points along a line 

(2.26) 

where giz denotes a search direction and a: denotes a step-size. A common choice for the 
search direction in this case is to the negative (projected) gradient 

. . T . 
!fz = -Zq(;r') V/(;r'). (2.27) 

2 A complete description of the details of this program is beyond the scope of this thesis. For more detailed 
information the interested reader should consult (Seebregts, 88). 
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The corresponding search direction in Rn is 

fi = -Zq(;r.i)Zq(;r.i{\7 f(;ri). (2.28) 

This is known rul Gill and Murray's formulation of the projected gradient method. 

In general, in the presence of non-linear constraints, a step along the search vector d/ will not 
produce a ferulible point. Therefore, a correction step is needed to restore ferulibility within a 
certain tolerance. This process is known as the restoration process, see (Seebregts, 88). 

Main Algorithm 
The main steps in the ANLM algorithm are: 

1. i := 0, Generate a initial ferulible point ;r0 and determine the initial value of the objective 
function f(;r0). 

2. Compute the gradient vector V /(;ri) of the objective function. 

3. Determine the set of constraints that are regarded as active. 

4. Compute (if necessary) the gradient vectors of the active constraints A9(;r') and a basis 
Nq(;r'). 

5. Compute an orthogonal basis for the tangent hyperspace Z9{;r'). 

6. Construct the projection of the gradient vector V /(;r') of the objective function into 
. . T . 

the tangent hyperspace; Zq(;r*)Z9(;r') V /(12'). 

7. Check whether or not a minimum is reached in the current active set within a given 
tolerance. If converged, determine the vector of Lagrange multipliers 

· T · -1 · T · 
(N9 (;r') N9 (;r')) Nq(12') \7 f(;r.') and check the Lagrange multipliers for non-negativity 
and possibly mark the corresponding constraints to be deleted from the active set (and 
go to step 3). If no convergence, go to step 8. 

8. Compute a search direction If that lies in the tangent hyperspace (for example, the 
negative projected gradient). 

9. Compute a maximum step a......, in the search direction and determine an interval that 
limits the minimum and use it to find the approximate minimum by quadratic interpo
lation. 

10. Make a possible non-feasible point feasible (restore feasibility). If no feasible point can 
be generated, reduce the step-size. 

11. Compute a new value for the objective function. If it is smaller than the former then 
i := i + 1 and go to step 3, otherwise reduce the step-size and go to step 9. 

2.4 Optimization Studies 

With the help of the ANLM program, some optimizations were carried out for the low
frequency dynamic model of the Learning Hydraulic System. This was done for different 
configurations of the system, for different component sizes and for different load cycles. The 



2.4. OPTIMIZATION STUDIES 21 

results of these optimization studies are reported below (Subsectio11 2.4.2). Using the results, 
some hypothetical energy savings were computed (Subsection 2.4.3). Firstly, however, some 
general aspects on the optimization with the ANLM program will be discussed. 

2.4.1 General Aspects 

Some general conclusions can he drawn for the optimization with the help of the ANLM 
program, see also (Seebregts, 88): 

• In general, increasing the number of switch-times does not always result in better solu
tions (lower value of the objective function). Yet, the computation time that is required 
increases. The choice of a good starting point ;c_0 appears to be more important. 

• Different starting points, with the same number of switch-times, can yield different 
solutions (local optima). 

• A good starting point (in the neighbourhood of an optimum) can save computation 
time. A good starting point should be based on the experience of an expert. In the 
practical application, this means that once an optimal point is determined for a given 
cycle, a new optimal point will be evaluated very quickly for small variations in that 
cycle. 

• The computation time can be reduced by selecting; 
F 

- convergence criteria that are not to rigid, 

- larger constraint tolerances in the minimization process, 

- less accuracy than desired in the minimization process. 

The final result has to be re-evaluated with the desired smaller tolerances and the desired 
accuracy. 

• Changing the start and end points of a cycle has no influence on an optimum, but the 
computation time can differ. 

• The ANLM program gives a feasible point after each iteration. In a practical appli
cation, when computation time may be limited, the results of each iteration should be 
used directly. · 

• The standard ANLM program uses the Euler integration algorithm for solving the low
frequency dynamic model; however, experiments with the use of a fifth order Runge
Kutta integration algorithm with variable step-sizes, made no significant difference to 
the final solution ( < 0.1 % ). However, the computation time increased. 

Some of those features can he recognized in the optimization results that follow. In developing 
the control strategy, discussed in the next chapter, and for tuning the control in practice (as 
is discussed in Chapter 5), these aspects must be considered. 

2.4.2 Optimization Results 

Optimization~ were performed for implementations of the Learning Hydraulic System using a 
single fixed displacement pump and an accumulator (System no. 1) and using a combination 
of two fixed displacement pumps and an accumulator (System no. 2). The systems were 
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loaded with two theoretical load sequence examples, and also, with an actual example. In 
Figure 2.5, a cyclic load sequence example is given. That example is called Theoretical Load 
Sequence no. 1. 

10 x J06 8 r-xl,_,0,_-4_,..---="¥'=-.---, 

8 
,... 

6 

~ 
0.. 

0 
0 5 

';;;' 

]. 
cr 

0 
10 IS 20 0 5 

1 [s] 

Figure 2.5: Cyclic load sequence no. 1 
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This loading example, the second theoretical load sequence and the actual load sequence are . 
described in detail in Appendix B, Section B.l. 

Optimizations with Theoretical Load Sequence no. 1 
The optimization results of the Learning Hydraulic System with the first loading example 
(Etoadl = 21.35 kJfcycle) are summarized in Table 2.1. In Appendix B, Subsection B.2.1, 
more detailed information about these results is given. 

Table 2.1: Energy Losses per Cycle [kJ/c] and Efficiencies[-] (load sequence no. 1). 
n. _,. II 2 pump/4 accu (System no. 1) 4 pump/4 accu (System no. 1) 

v .. [fj =iE/ou 1 

~10 
1 4 10 

v, 1~1 T/ Elo•s 1J E1o .. T/ Elo•• T/ E1o .. 
11 * * 27.35 0.44 "' * 36.07 0.37 25.98 
14 * * 22.28 0.49 * * 20.65 0.51 19.97 
16 * * 22.83 0.48 24.19 0.47 * * 19.51 0.52 25.19 
19 59.82 0.26 30.86 0.41 35.16 0.37 59.93 0.26 26.48 0.44 33.10 

22.5 81.68 0.21 35.24 0.37 37.19 0.36 83.98 0.20 37.64 0.36 41.71 
n. -+ 2 pumpl/6 pump2/4 accu 4 pumpl/6 pump2/4 accu 

V,l[#.{;) v,2IFi!VI (System no. 2) (System no. 2) 
11 5.5 * * 16.26 0.56 23.83 0.47 * * 15.60 0.57 21.87 
11 8 * * 17.62 0.54 25.42 0.45 * * 17.10 0.55 23.35 
14 8 * * 23.07 0.48 29.98 0.41 * * 22.22 0.49 26.76 

In practice, the system is fixed (both V P and Va are constant) and for each different hydraulic 
load it has to be optimized. As the table shows, for a fixed system, a different number of 
switch-times n. will yield different solutions. The influence of different pump and accumulator 
sizes has been studied for different numbers of switch-times. Since the one litre accumulator 
seemed unsuitable for the single pump case, it was excluded from the studies with multiple 
pumps. 

Single Pump and Accumulator (System no. 1) 
In the results listed in Table 2.1, the following trends can be recognized for the system with 
a. single fixed displacement pump and an accumulator loaded with load sequence no. 1: 

T/ 
0.45 
0.51 
0.46 
0.39 
0.34 

0.49 
0.47 
0.44 
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• Combining a. hydraulic accumulator of 41 with a pump of either 16 or 14ccjrev gave the 
best results (least energy losses). 

• For a bigger accumulator, a combination with a smaller pump gave better efficiencies. 

• For a small accumulator, greater energy losses occurred. The pressure increases or 
decreases rapidly due to the small accumulator volume which gives larger throttle losses. 
For a small accumulator in combination with a small pump (marked with *) intolerably 
high pressures occurred. 

• Increasing the number of switch-times did not necessarily give better results. 

• With the combination that gave the best results (Va = 41, Vp = 16ccjrev), opti
mizations with six pump and six accumulator switch-times gave no better results (not 
tabulated). Since two pump and accumulator switch-times coincided, the best result 
was equal to the result for four pump and accumulator switch-times. 

• More energy can be saved by switching the pump off during the "empty" intervals. 
(14- 16 sand 17- 18 s, given the pump size about 0.5 kJjcycle) 

Combination of Pumps and Accumulator (System no. 2) 
In the results listed in Table 2.1, the following trends can be recognized for the system with a 
combination of two fixed displa.cement pumps and an accumulator loaded with load sequence 
no. 1: 

• The four litre accumulator gave the best results. 

• More energy could be saved, if the biggest pump had a greater number of switch-times. 

• Since fewer by-pass losses occurred, about 5 kJ /cycle extra energy was saved in compar
ison with the system that included only one pump (System no. 1) and for this particular 
hydraulic load. 

• Compared to System no. 1, the pump intervals are almost equal in the optimum. But 
those intervals are spread over the different pumps. 

• More energy can be saved by switching off the pumps in the "empty" intervals. 

It may be concluded that, for both system configurations, the attainable result for a given 
cycle· depend largely on the different . component sizes. 

Optimizations with Theoretical Load Sequence no. 2 
With the component sizes of the Learning Hydraulic System that gave the best results for 
Load Sequence no. 1 (System no. 1 with V11=16cc/rev, Va=41 and System no. 2 with 
Vpl=llccjrev, V112=5.5cc/rev, Va=41), optimization studies were carried out with a com
pletely different cycle (Theoretical Load Sequence no. 2, E1oatt2 = 19.00 kJjcycle). The most 
important results of this study are summarized in Table 2.2. Appendix B, Table B.3, gives 
more detailed information about these results. Although the component sizes are not opti
mally tuned to this load sequence, however, as a results of the Learning Hydraulic System, a 
respectable efficiency results. For this particular case, which is also given in Figure B.5, no 
extra energy can be saved in the "empty" intervals. 
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Optimization Results (load sequence no. 2). 
System V p2 V a number of switch-times 

no. [.!;£..] mp 1 pump 2 accu 
4 2 

16 4 4 4 
4 6 
4 8 
4 4 2 

2 11 5.5 4 4 6 4 
4 6 6 

Optimizations with the Actual Load Sequence (load sequence no. 3) 
Optimization studies were carried out for the implementation of the Learning Hydraulic Sys
tem using an actual load sequence (see Section B.l). For that load sequence, when compared 
with its original constant pressure accumulator system, the Learning Hydraulic System saved 
about 32 to 33 % energy. In the Learning Hydraulic System both accumulator and pump 
can deliver the load flow simultaneously, so, an apparent capacity increase occurs compared 
with the constant pressure accumulator system. In fact, a smaller pump can be used in the 
Learning Hydraulic system. For the adjusted component sizes, efficiency increased by about 
50 %. Tl).e optimization results are summarized in Appendix B, Subsection 8.2.2. 

2.4.3 Hypothetical Energy Savings 

By using the results presented in the previous subsection, some hypothetical energy savings 
were computed for the Learning Hydraulic System. In order to determine the actual energy 
savings for the Learning Hydraulic System, those results are compared with results from two 
conventional energy-saving measures: 

Accumulator driven system: The load flow is provided entirely by an accumulator whose 
pressure is controlled by a variable displacement pump or a fixed displacement pump 
with unloader valve (see Figure 2.1.d). The energy losses depend on the accumulator 
pressure. 

Supply pressure controlled system: The excess flow is a by-passed by a proportional 
pressure relief valve. The system pressure is slightly higher than the load pressure. The 
Bow is delivered by a single or multiple fixed displacement pump. 

The energy losses Econ were approximated in those systems loaded with the two theoretical 
hydraulic load sequences. The results are summarized in Table 2.3 and compared with the 
Learning Hydraulic System. The energy savings obtained by the Learning Hydraulic System 
ESLHS were determined according to 

Energy Saving= ESLHS;:: 100, (Econ- ELHS) = 100· (Etoss.con...:.. Etoss.LHS) [%] 
Econ cycle Etood + EtO&•.con cycle 

(2.29) 
Table 2.3 shows that the Learning Hydraulic System theoretically can save up to 50 % energy 
for the investigated systems and load sequences. In comparison with a system tuned to the 
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e . : ypo Tabl 2 3 H tb t• alE etc s nergy avmgs. 
system system load sequence no. 1 load sequence no. 2 

type specifications Ezos• !¥.1 1/ [-) ESLHS [%1 Ezos• !¥.1 1/ [-) ESLHS (%) 
1 pump 16 ccfrev 20 0.52 * 21 0.48 * LHS 2 pumps 16 0.57 * 19 0.50 * 11 and 5.5 ccfrev 

accu~ p,. = 120 bar 30 0.41 20-27 43 0.31 35-39 
sy p,. = 150 bar 43 0.33 36-42 56 0.25 46-49 

1 pump 28 ccfrev 43 0.33 36-42 46 0.30 38-42 
pressure 2 pumps 19 0.53 0-7 19 0.50 0-5 

controlled 11 and 16 ccfrev 
system 2 pumps 24 0.47 9-19 25 0.44 9-14 

11 and 19 ccfrev 

load (the second supply pressure controlled system is tuned to the load sequence), only small 
savings can be obtained. In normal practice, a machine is not loaded with a single cycle. 
A conventional system can impossibly be tuned to every loading cycle. In the case of the 
Learning Hydraulic System a machine is optimized every time the loading cycle is changed 
which leads to big energy savings (it is a flexible system). The optimization results of a fixed 
Learning Hydraulic System loaded with different cycles, compar-ed to a badly tuned system, 
shows this (see Table 2.3). No cases occurred in which the Learning Hydraulic System per
formed worse than the conventional energy-saving measures. As the optimizations with the 
actual load sequence show, also in practice considerable savings (up to 50%) are attainable. 

Due to lack of reliable information, no comparison with systems based on variable displace
ment pumps or completely different transmissions (for example electro-mechanical) could be 
carried out. In literature, cases of such systems saving up to 50 % are claimed (O'Bryan, 
91), (Ra.aijmakers, 90), {Smith, 87). It may be concluded that with the Learning Hydraulic 
system about the same amount of energy can be saved. 

2.5 Conclusions 

The energy-saving concept presented here answers the requirements stated at the end of 
Chapter 1. In the first place, compared to conventional energy-saving measures, considerable 
energy savings were demonstrated in.cyclic loaded hydraulic systems. The savings depend on 
the cycle and the system's dimensions. Secondly, the basic energy-saving concept is composed 
in such a way that it offers an opportunity to detect and react to changing load conditions 
automatically (learning ability). In order to realize automatic re-adjustment in practice, other 
actions are necessary. In the next chapter, a control strategy that provides automatic re
adjustment, and also takes care of further inconsistencies, is discussed. 

Although the energy-saving concept presented here saves considerable energy by adjusting 
a particular s.ystem with "fixed dimensions", the results above show that much energy can 
be saved by choosing the right dimensions for a given loading cycle (in mass production a 
machine is often used to produce a single product for its entire life-time). 
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Chapter 3 

Total System Control 

The newly suggested energy-saving concept can be applied in practice with a con
trol. From a brief analysis of the problems which occur in practice, the actions 
needed can be recognized. The sub-procedures which produce those actions are de
veloped, together they compose the control strategy. Finally, some strategies are 
discussed which are less complex but still save energy. 

3.1 Problem Description 

In Chapter 2, a new energy-saving concept is discussed, but it will be clear that, in order 
to put that energy-saving concept into practice, certain actions need to be taken before a 
properly working system can result which deals with the basic objectives of the Learning 
Hydraulic System. Those objectives are: 

• To minimize energy losses increasing the total efficiency, 11tot i). 
The load sequence required has to be delivered with minimal energy loss in the system. 

• Th be flexible. 
The system has to react quickly to changes in the system and to changing load condi
tions, thereby giving automatic readjustment (learning characteristic). 

Furthermore, but not less important, the system must show a st'able behaviour, which means 
that the total system has to show a cyclic or a cyclic converging behaviour (as a matter of fact, 
the load already does). Finally, in order to decrease the investment costs for this concept, 
the design of the ultimate configuration must be as simple as possible. 

In order to recognize the actions needed, the unwanted phenomena that occur in the ac
tual system will be listed. 

3.1.1 Phenomena in Practice 

The optimization procedure of Chapter 2 is based on a low-frequency dynamic model of the 
system in which high-frequency dynamics are neglected. Due to unmodelled dynamics, and 
other mode~ inaccuracies such as parametric uncertainties (for example due to wear or 
fluctuations in oil temperature, the system parameters may change slowly in the course of 

27 
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time), thus, differences between model and reality do exist. Using optimization results that 
are based on a "wrong" model will always give "wrong" solutions. ' 

Furthermore, the· cyclic load sequence to be delivered was taken as a forced input for 
the optimization procedure in the form of a constraint. In practice, the load is subject to 
variations, for example, caused by wear or temperature fluctuations, or the load may even 
change completely when a different product is made. 

The optimization results of Chapter 2 (and also Appendix B) show that the optimization 
is a rather slow process. This means that rapid variations in the system or load sequence 
cannot be taken care of immediately by the optimization process. 

Due to the phenomena described, the Learning Hydraulic System will not show an ideal 
behaviour, because the constraints imposed in the theoretical optimization process are vi
olated; the load sequence is not delivered as required and/or the system does not behave 
cyclically. Also, the true value of the objective function may differ from the theoretical one; 
the actual energy consumption may be higher (which in fact does not influence the func
tion, but does affect the basic objective). 

3.1.2 Actions Needed 

The unwanted phenomena need to be eliminated otherwise the Learning Hydraulic System 
will not behave acceptably. The following actions must be taken: 

Optimization: 
The energy consumption of the Learning Hydraulic System has to be minimized with respect 
to the constraints. In Chapter 2 an appropriate optimization procedure has been described 
for determining the optimal switch-times for the control signals and the initial state of the 
accumulator. The optimization procedure uses a model (with uncertainties) of the supply 
part of the Learning Hydraulic System and measurements of the loading cycle. Perhaps the 
optimization process can be directly based on measured supply information too, instead of 
the model. However, optimization on the basis of direct measurements has an essential dis
advantage; practical evaluation of the gradients of the objective function and the constraint 
gradients is very time consuming (for each function evaluation in the optimization one cycle 
should be measured). This means that for the intended purpose, only the model-based opti
mization will be appropriate. 

Model Fitting: 
In order to obtain the most practical results from the optimization procedure, it needs to be 
based on a reliable model of the system. Since the loading-part of the Learning Hydraulic 
System is replaced by measurements, the component models and their interaction can be 
described accurately and the unmodelled high-frequency dynamics appear to be redundant 
for the optimization, uncertainty exists only in the parameters of the model. 

Determining the parameters involved by fitting the model to the measurements offers an 
opportunity to find the most reliable model. On-line determination of the parameters with 
the help of a parameter identification procedure has the advantage of detecting para-
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metric variations too. It is essential for the definitive procedure that the mean values of 
parameters iu a complete cycle, are determined. The model has to be fitted to the measured 
data for a complete cycle. Parametric variations within a cycle are less important. 

Load Characterization: 
The forced input lll(t) to the optimization procedure is the hydraulic load~ sequence (p,(t) and 
q1(t)). This sequence has to be continuously characterized from the measured data, so that 
the system is able to adapt to changing load conditions. Three alternatives are possible: 

• Measuring p1(t} and q,(t) directly, 

• Measuring Pt(t) and reconstructing q,(t), 

• Estimating the desired load sequence from machine adjustments (from the machine's 
control unit). 

Measurement of both p,(t) and q,(t) should give the most realistic sequence (first alternative). 
However, due to the slow characteristic of flow transducers, dynamic flow measurements will 
be problematic. Reconstruction of the flow from other variables, such as: the cylinder dis
placement, or the angle velocity of a motor, can solve this problem (second alternative}, but, 
the result will be inaccurate. Estimation of pz(t) and q,(t) from machine adjustments will 
give the desired load sequence (third alternative}. The desiredload sequence contains only 
static information and, often, insufficient information will be available for estimation of the 
complete cycle, while variations in the actual cycle will not be detected. 

For each application, the load characterization procedure will be different. It has to 
be adjusted for each application. Probably, the best procedure will involve a combination 
of the alternatives. It is important that all variations and changes in the load sequence are 
detected and that medium- and high-frequency dynamics are filtered out. 

Correction: 
Despite the actions described above, when using optimal switch-times that are determined 
from the optimization procedure based on a low-frequency dynamic model, in practice the con
straints may still be violated for various reasons. In the first place, small differences between 
the theoretical model and the actual system are inevitable since in the low-frequency dy
namic model the high-frequency dynamics are excluded, and the characterized load sequence 
is always based on "old" information. Secondly, due to its relatively slow characteristic, the 
optimization process cannot react immediately to rapid variations in the system. 

A procedure for monitoring the constraints and, if necessary, for correcting them is needed. 
If, after a while, the optimization procedure has incorporated the variations, the correction 
procedure ceases until new variations occur. The main purpose of a correction procedure 
is to prevent constraints being violated. Minimal energy losses in the system is only of sec
ondary importance at this stage, nevertheless, excess energy losses caused by the action of 
this procedure must be prevented. 

Measurement: 
All the variables needed for operating the Learning Hydraulic System have to be measured 
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continuously by sensors. The signals measured have to be conditioned (amplified and/or fil
tered). The conditioned signals must contain sufficient information for proper functioning of 
the Learning Hydraulic System: 

• Static and low-frequency effects, 

• Medium- and long-term phenomena (slowly-varying parameters), 

• Medium- and high-frequency dynamics have to be filtered out. 

Normally, taking measurements and conditioning is a matter for the hardware. The configu
ration of the hardware depends on the application of the Learning Hydraulic System. Which 
variables need to be measured will depend on the information that is needed for the actions 
described above and, also, on the application. 

3.2 Control Strategy 

By combining the sub-procedures described in the previous section and adding a supervisor 
for controlling actions and interactions of them, the control strategy can be composed. Figure 
3.1 shows the structure of the control for the Learning Hydraulic System applied to a practical 
machine. 

In Figure 3.1, the following notations are used: 

• y(t): the variable Input to the system, formed by the control signals for the 2/2-way 
valves ( u,.( t) and 'Up( t) ). The optimal input is determined by the optimization procedure. 

• 6y(t): a small correction to the variable input, determined by the correction procedure. 

• Yc(t): thnorrected control signals for the 2/2-wa.y valves (Yc(t) = y(t) + 6y(t)). 

• J&t(t): the forced input to the system, formed by the cyclic load sequence (Pl(t) and 
q,(t)) as determined by the load characterization procedure. This sequence is always 
based on a completed cycle. Small variations to the load in more recent sequences are 
represented by disturbances. 

• ]l(t): the output from the system is usually measured pressures and flow(s) at different 
places in the system. 

• i.: the parameters of the best-fit model, which are determined by the identification 
procedure. 

• Demands: 
(1) The demands on the optimization procedure are formed by the objective of the 
Learning Hydraulic System, namely, to minimize energy losses, imd the constraints 
that must not be violated . 

. {2} The demands on the correction procedure are only formed by the constraints that 
must not be violated. 
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Figure 3.1: Total control structure 

The effects that cause differences between the low-frequency dynamic model and the 
actual system, are: 

- unmodelled dynamics, uncertainties (parametric, structural), 

load variations (as already mentioned), 

noise, environmental disturbances, and suchlike. 

They make correction necessary. 

• Info: 
Information from the machine adjustments which is useful for the characterization of 
the load. 

• Supervisor: 
The supervisor cOntrols the actions and interactions of the different sub-procedures. 
The sub-procedures are activated according to measured information about the state of 
the system and the load sequence. 
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In the control, two loops can be recognized: 

1. system ==> load characterization ==> 
parameter identification ==> optimization 

2. system ==> correction 

In Figure 3.2, they are shown schematically. 

adaptation 
(slow} 

PROCESS 

feedback 
(fast} 

: slow open loop control (adaptation), 

: fast closed loop control (feedback). 

Figure 3.2: Control loops 

A system that is controlled according to this strategy is able to meet all the requirements of 
the Learning Hydraulic System and should eliminate any unwanted phenomena (see Section 
3.1}: 

1. The energy losses are minimized with the help of the optimization procedure that uses 
a reliable low-frequency dynamic model which is fitted to the measured output by 
identification of the parameters involved (adaptation loop). 

2. Changing load conditions are detected by the load characterization procedure, which 
enables the system to react (learning ability, adaptation loop). Small variations in the 
load are taken care of by the correction procedure (feedback loop). 

3. The correction procedure also takes care of other disturbances, such as differences be-
tween model and reality, that cause violated constraints (feedback loop). 

In certain applications, the strategy is quite complex, and, therefore will not meet the objec
tive of producing a simple system. In Section 3.4, some strategies are presented, for achieving 
this objective better. 

3.3 Description Sub-Procedures 

In order to implement the suggested control strategy, different sub-procedures need to be 
develope,d. The optimization procedure has already been discussed in detail in Chapter 2. 
Possible versions of the supervisor and the load characterization procedure, the parameter 
identification procedure and the correction procedure will be discussed next. Since the exact 
configurations of those procedures will depend on their applications, only a general description 
is given here. In the next chapter, the configurations for a particular application, namely, a 
hydraulic test-bed, have been worked out and tested theoretically. 
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3.3.1 Load Characterization 

The Learning Hydraulic System can only react to variable and changed load conditions if the 
load characterization procedure continuously determines the hydraulic load sequence. This 
characterization can be divided into three main parts. Firstly, the information needed has 
to be collected {and filtered). Whic,h information is needed, i.e. which measurements and/or 
adjustment information, will depend on the application. Secondly, the information has to be 
transformed into the form of a pressure sequence PI(t) and a flow sequence q,(t). Thirdly, 
the low-frequency and static effects have to be extracted from the resultant hydraulic load 
sequence. 

Since the first two main parts depend on the application, it would be restricting to discuss 
one particular example. In the application discussed in Chapter 5, the hydraulic test-bed, the 
hydraulic load sequence can be measured. So, for that particular application, the first two 
parts are excluded. The third part, however, is the same for each application. Here, a way 
of achieving this part will be presented. The procedure is based on a mechanism for filtering 
the unnecessary medium- and high-frequency dynamics and it can be divided into 2 stages: 

1. The measurements are smoothed. The high-frequency dynamics are filtered out with 
the help of a moving average filter. For the test-rig, a. 5-point moving average filter 
proved suitable 

1 k+2 
x(k) = S :E (x(i)), 

i=k-2 

xE(p,q). (3.1) 

2. The medium-frequency dynamics are filtered out by fitting the smoothed pressure and 
flow sequences to piecewise linear functions with the help of the Method of Least 
Squares. The result is a set of linear intervals. In order to obtain a great data-reduction 
so that a useful set of information results, a single linear interval must contain a min
imum number of measurements which all lay within a certain band-width. In many 
cases, a search procedure for determining the linear intervals will be necessary, but 
for some applications, a search process is redundant since the linear intervals in fact 
represent a certain sub-load that can be taken from the machine's control unit. 

The outcome of the characterization procedure is a "short" file of useful information which 
contains the start and end times plus the y-intercepts and slopes of the different linear inter
vals. Obviously, higher-order functions also can be used in the least squares fitting process. 
However in such cases, the search procedure for the intervals has to be adjusted too. The 
search procedure used in the characterization procedure of this thesis is described in (Bie
maus, 93). In the next chapter, the performance of the characterization procedure is studied 
with the help of simulated measurements. 

3.3.2 Parameter Identification 

In order to obtain reliable solutions from the model-based optimization, an identification 
procedure is needed for determining the parameters of the best-fit model, called the uncertain 
parameters. This subsection deals with the development of such a procedure. Two possible 
approaches are disc11ssed. From a theoretical review, the most suitable approach can be 
chosen. Firstly, the identification problem of the Learning Hydraulic System is stated. 
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Problem Definition 

Suppose the uncertain parameters which need to be estimated with the help of an identifica
tion procedure are constant. They are summarized in vector flu(!!.,. [!!.~ Ou+l .. lqr). 

In Appendix B, a low-frequency dynamic model has been prepared in which only low-frequency 
dynamics (accumulator) and static effects (rest of the system) are modelled. With the help of 
the variable input u(t), the forced input 1Q(t), the reduced state ;!;:(t) and the reduced output 
u(t), it is rewritten as (see also Appendix B) 

~(t) = Ir(i~<:r(t),y(t),1Q(t),f!.r) fort~ to; i!lr(to) = illrO• 

Ur(t) = f!r(i!lr(t),y(t),1Q(t),flr) fort~ to 

(3.2) 

(3.3) 

where 1r represents the reduced system equations that directly result from the low-frequency 

dynamic model, and l!r represents the reduced output equation. Let ~.r(t) and b.,. be estimates 

of the state and the parameters, respectively (b.r = [b.~ Ou+l .. OrJT). Usually, they will not 
fit exactly into the model equations and residuals !l.(t) and {(t) of the estimate model 

!l.(t) = 4:r(t) - :r.r(~(t),u(t),1Q(t),b.,.), (3.4) 

~{t) 'IL.ct(t) - U,.(t); U,.(t) = f!r(~(t),u(t),1Q(t),b.,.) (3.5) 

will not equal Q for all t ~to, the prediction errors ('IL.c
1
(t) denotes the measurements). There 

are many reasons for this in addition to the uncertainty of the parameters: 

• uncertainties occur when modelling the system's interaction with its surroundings (ex
ternal disturbances), 

• uncertainties occur when modelling the system's components and/or their interactions 
(model order), 

• inaccuracies occur in the measurements themselves (accuracy of the sensors, noise), and 
suchlike. 

In further investigations, however, it will be assumed that the state equations "Y are exact 
(the structure is definite). Therefore, !l.(t) is assumed to be Q, which is permitted-;-becausean 
exact system state is of minor importance. 

Now, the question arises: how to determine a good approximation of parameters flu from 
measurements JL..,

1
(t)? A general aspect of all parameter identification methods is that an ap

proximation of the parameters is made such that some norm of the residual ~(t), the criterion 
function J, is minimized (prediction-error-based methods). In Figure 3.3 s;;:ch an identifica
tion strategy is shown diagrammatically. 

In the next paragraph, two different approaches to parameter identification for the Learning 
Hydraulic System will be discussed. For both approaches snitable norms. are given. 

Different Identification Approaches: Literature Review 

The control strategy for the Learning Hydraulic System has a typical on-line character. This 
offers an opportunity for the Learning Hydraulic System to adapt to changing conditions (for 
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Figure 3.3: Identification strategy 

example, changing load conditions). Due to temperature fluctuations, wear and such factors, 
the uncertain parameters of the system will change slowly and the parameter identification 
procedure has to detect them. In order to be able to do this, the procedure must be applied 
on-line. Within the group of on-line parameter identification methods, two sub-groups can 
be distinguished: 

• non-real-time methods (Linden, 90), (Nash, 92}, (Norton, 86}, 

• real-time methods (Kok, 91), (Linden, 90), (Ljung, 87), (Wellstead, 91), ... 

The first sub-group requires an iterative approach, while, the second sub-group leads to a 
recursive approach. Both approaches, and their influence on the control strategy of the 
Learning Hydraulic System, are discussed in the following paragraphs. 

Iterative Approach; Finding the "Best-Fit" Model 
Typical of the iterative approach is a large set of measurements that is obtained just before 
identification takes place (batch algorithm). The model has to be fitted to those measure
ments by determining the parameters fl. which minimize a certain criterion function J, a 
measure for "goodness" (performance index). In this criterion function all measurements are 
represented. In fact, this approach has a partial-on-line character, since identification is car
ried out .1!:fi.!l.r. the measurements took place (non-real-time), parallel to the real process. The 
results (estimates}, however, are (almost) directly available for the real process. 

For applying the iterative identification approach to the Learning Hydraulic System, a suit
able criterion function has to be selected. Since only parameters describing the low-frequency 
and static behaviour need to be estimated, static failures alone are of interest (see Figure 3.4). 
Failures caused by the dynamics may not be counted too heavily. Further, all measurements 
of the same variable must be counted equally, but measurements of different variables may 
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0 t 

Figure 3.4: Dynamic and static failures 

be rated differently. A suitable criterion function is the Integral sum of the Weighted 
Absolute Errors (IWAE) (Hezemans, 91) 

n m 

min J 

~ 
L L a;l{j{k)l 
k=li=l 

(3.6) 

where m denotes the number of measured variables, n the number of measurements (n = 
tcycle ·!sample) and 'a a weighting factor (=constant). Criterion J is a non-linear function and 
its minimum cannot be determined analytically (unconstrained optimization). Several 
numerical optimization techniques have been developed (Bryson, 75), (Gill, 81), but here, 
only the gradient and Newton techniques will be discussed briefly. 

The criterion function will be minimized if the parameter estimates t in the i'th iteration 
are updated in the steepest descent direction of the criterion function (gradient estimator) 

t+l = ~i ci g.(J(t)), (3.7) 

•i fJJ(b.') 
g;(J(O.)) = --:-r 

00; 

or, using second order derivatives with a Newton technique (Linden, 90) 

(3.8) 

where 8 (> 0) denotes the step-size and G denotes the Hessian. 

A major disadvantage of the iterative approach occurs if the criterion function has local 
minima (non-convexity) in the neighbourhood of the global minimum; it is quite likely that 
a local minimum will be found. In such a case, it is important that good approximations 
of the parameters are available which can be used as a starting point for the minimization 
process (Jong, 89). Another disadvantage is that sudden parametric variations, for example; 
variations within one cycle, cannot be detected. A single estimate of the parameter vector is 
produced. Also, the time-consuming calculations of the optimization procedure restrict the 
chances of detecting rapid parameter variations. A large computation power and "problem 
specific" software can reduce this problem. Batch algorithms are only suitable when estimates 
are required once and for all time, or at long intervals (Norton, 86). 
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Since the parameters of the Learning Hydraulic System change only "slowly" and good initial 
approximations can be made (from suppliers' catalogues), the above disadvantages will not in
fluence the performance of the Learning Hydraulic System adversely, if an iterative approach 
is chosen. In order to determine the uncertain parameters (which may change slowly), the 
iterative identification- procedure can be implemented in the control strategy of the Learning 
Hydraulic System according to the, following scheme: 

1. Define a measure for a good model (criterion function), 

2. Collect and, if necessary, filter the measurements during a complete cycle, 

3. Check that the present model is good (according to the criterion function); 
if good, then skip step 4 and go immediately to step 5, otherwise go to step 4, 

4. Fit the model to the measurements with the help an iterative minimization process, 

5. Send the model parameters to the optimization procedure and return to step 2. 

Recursive Approach 
The r~ursive identification approach consists of continuously updating the estimated param
eter values i, each update processing only one new measurement of k). In literature (for 
example (Ljung, 87)) different updating techniques are discussed. , only the recursive 
least squares algorithm, which is often called the .b.i!§k identification algorithm, will be dis
cussed. In the standard least-squares method, the estimate of the parameters is generated by 
minimizing the total squared prediction error, criterion function J, with respect to parameters 

fl. 
l k m 

m!n J = 2 L: L:C):j{j(i)2 
fl. i=lj=l 

(3.9) 

where k denotes the current sample (k = t ·!sample)· 

By neglecting the high-order terms of the Hessian, which is allowed near the optimum, from 
Equation 3.8, the recursive Gauss-,Newton algorithm can be derived (Linden, 90) 

~(k) = ~(k-1)- o(k)[G(k;J(&(k l)))r1a:(J(~(k-l))), (3.10) 

G(k; J(~(k- 1))) = G(k- 1; J(.~(k- 2))) + ll!(k)w(k)T 

where W{k) forms the gradient of the prediction error (residuals} (W;j(k) = - ::~;1~~>; i = 
l..p, j = Lm, p = number of parameters). Applying the matrix inversion lemma, this 
recursive identification algorithm becomes: 

1. create {(k) and w(k) using new data, 

2. create (G(k;J(~(k -l)))r1 
using 

[G(k; J(f(k -1)))] -
1 = 

[G(k- 1; J(i_(k- 2)))] -
1 [1- t)(k) ( 1 + t)(A:)T [G(k 1; J(~(k 2)))]-

1 
t)(k)) -

1 
lll(k)T [G(k- I; J(~(k- 2)))]-

1
] 
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(as a result of using the matrix.inversion lemma, supposed that 
G and if!TGiJ! are nonsingular square), 

3. update ft. and return to step 1. 

A major disadvantage of the recursive approach is the fact that the update computation can 
be very time-consuming; before a new measurement is available, the update process must be 
ready. Especially, numerical computation of the residual gradient w(k) can cost a lot of time. 
By using analytically derived (approximate) gradients, a lot of time can be saved (Slotine, 
91), (Wellstead, 91). 

The recursive approach has a problem specific disadvantage. Measurements from the actual 
Learning Hydraulic System which contain dynamics may introduce large residuals temporar
ily. A recursive identification algorithm will try to minimize those residuals, resulting in 
temporary fluctuations in the parameter estimates. By reducing the step-size o, the fluc
tuations can be reduced. However, the identification algorithm will converge more slowly. 
Another way to reduce the fluctuations is to introduce a "forgetting" factor. Since the Hes
sian is an indicator of the excitation level of the system, the "forgetting" factor can be related 
to it. However, this factor will decrease the robustness of a Least Squares identifier to noise 
and disturbances (Slotine, 91), (Wellstead, 91). 

Due to that specific disadvantage, the recursive approach is less suitable for use with the 
Learning Hydraulic System. Also, by the fact that the Learning Hydraulic System has no 
persistent excitation, which is essential for good recursive identification (Slotine, 91), the 
performance of a recursive estimator is reduced. 

Conclusion 
When comparing the iterative approach with the recursive approach, it may be concluded 
that the former seems most suitable for identifying the uncertain parameters of the Learning 
Hydraulic System. As the scheme explained on page 37 suggests, the relatively slow char
acteristic of the iterative approach fits very well into the control strategy for the Learning 
Hydraulic System. In the next chapter, the appropriateness of an iterative identification 
approach will be checked with the help of simulations. 

3.3.3 Correction (Visser, 93) 

In the actual system, (small) violations of the constraints may occur, due to the fact that the 
optimization that is based on a model (with its uncertainties), and to the variations in the 
loading cycle and system. The system may not be cyclic (unstable), or the load may not be 
delivered. Also, the actual value of the objective function (energy losses) may differ from the 
theoretical one. 

The first task of the correction procedure is to take care of violated constraints so that 
within one or two cycles an acceptable system behaviour results. The requirement that the 
value of the objective function is minimized is of secondary importance, but it cannot be 
neglected. Furthermore, the procedure must be independent of the load sequence. 
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Constraint Reduction 

Monitoring the constraints requires either measurement of the different pressures, the ftows 
and the temperature, or their estimation from other measurements. Both possibilities have 
inherent disadvantages, therefore, the constraints have to be reduced such that only the 
pressures need to be measured. 

Ct2 : 
II 

min(p.(t)- Pt(t)) = 8Pmin· {3.11) 

By taking only this constraint into consideration, it is assumed that if the system pressure iS 
adequate, then the desired ftow can be delivered. By making the actual minimum pressure 
difference equal to the desired tninimum difference, the energy losses are included too. 

Pa(to) = Pa(te)· 

If it is assumed that the mean accumulator temperature after a few cycles is stabilized, then, 
only one of the three gas state variables needs to be monitored. The pressure can be measured 
most easily. 

Closea Loop Controller 

The only control signals that can influence the (reduced) constraints are the variations 8u(t) 
in the control signals, by varying one or more of the switch-times-Uj around the optimal value 

Ue(t) = Uopt(t) + Au(t), 8u{t) is determined by Au1, j = l..n •. (3.13} 

The violations of the reduced constraints are monitored using a Sliding Surface. A Fuzzy 
Controller is chosen to determine the switch-time variations at certain constraint violations, 
while, an Expert System determines the particular switch-time to be corrected. In Figure 
3.5, the closed loop controller is drawn schematically. 
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Figure 3.5: Correction strategy 

In that controller, the following three main parts can be recognized: 
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1. Constraint Monitoring with a Sliding Surface: 
Here, a deterministic measure of the violation of the reduced constraints is determined on the 
basis of the measured pressures of the accumulator Pa(t), the system p,(t) and the load Pl(t). 
Depending on which constraint is considered, two modes can be selected. 

Mode 1 is the cyclic control mode, in which only the constraint C34 is considered with 
the aid of 

(3.14) 

where the superscripts end and start denote the end and start of cycle i, respectively, and 
the index des stands for desired. In order to obtain a damped response, the variation of 
this constraint per cycle 6.p~(i} is incorporated in the controller with a sliding surface (for 
more detailed information on sliding control, see for example (Jager, 87)). Using the sliding 
surface, the correction is based on s(i) {input to the fuzzy controller) according to 

P:"d(i}- P:'d(i- 1), 

6.p4 (i} +A • 6.p~(i), 

(3.15) 

(3.16) 

Mode 2 is the cyclic and load supervision control mode, in which both reduced con
straints c34 and c12 are considered. The desired start pressure in the accumulator p:.!f:;.t(i) is 
determined with this constraint with the aid of 

6.Pmin(i- 2) 
p:.!f:;.t ( i) 

min(p.(r)- Pl(r)- 6.Pmin), 

P!t;;.t(i- 2)- 6.Pmin(i- 2), 

T E [tstart(i- 2), ten;~(i- 2)), (3.17) 

(3.18) 

s(i) = p!"d(i) - p:.!f:;.t(i) +A [P!nd(i)'- p~;.t(i)']' ,\ ;::: 0. (3.19) 

By correcting p:.!f:;.t(i), the mean accumulator pressure level is changed. In the intervals when 
the accumulator is switched on, the system pressure level is changed too and constraint c12 

will be affected. Since violations of this constraint take place during a cycle, the correction 
of the desired start pressure must skip one cycle and be based on measurements of two cycles 
earlier. Due to this disadvantage the system behaves less quietly. In the intervals when the 
accumulator is switched off, the proportional pressure relief valve controls the system pressure. 

2. Fuzzy Controller: 
The control problem that results from using discrete switcli-times is quite unusual. With a 
conventional controller it is hard to solve, therefore, a fuzzy control system has been chosen 
to determine the actual control signal. Non-linear behaviour of the system can be reftected in 
the set of membership functions and rules of a fuzzy control system. An advantage of such a 
controller is the fact that no mathematical model is required (constraint violations are partly 
caused by model inaccuracies). 

The operation of a fuzzy controller can be divided into three parts (for more detailed in
formation on fuzzy control, see for example (Driankov, 93)): 

Fuzzyfication: The grades of the input are determined, in relation to the set of input mem
bership functions. The grades are linguistic measures and form the output of the fuzzy
fication. These measures can be antecedents of the rule-base. The input to the fuzzy 
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(3.20) 

By scaling down of the sliding surface by a factor of r:h, the same set of membership 
functions can be used for each value of A. In Figure 3.6.a, the set of input membership 
functions used are shown (a set of three membership functions are used, N =Negative, 
Z = Zero, P = Positive, the greatest constraint violation is supposed to be 5 · 105 

N/m'l.). 

Fuzzy Rule-Base: The consequence grades are determined according to an experimentally 
derived rule-base, by selecting the smaller value of the gi:ades of the inputs. Due to 
the use of the sliding surface, three rules appeared adequate for controlling the system 
satisfactorily. In Figure 3.6.b, the rule-base used is shown (-.Z = not(Z)). 

De-Fuzzyflcation: The set of output membership functions are adjusted for each conse
quence grade and the "crisp" output Yfuzzy(i) is calculated with the help of the Centre 
of Area Method. In Figure 3.6.c, the set of output membership functions used are 
shown. For A> 0, the output Y!uzzy(i) is multiplied with a factor K 

YJ(i) = K · Yfuu11(i). (3.21) 

The gain K and damping factor A can be used to tune the controller. 

In Figure 3.6.d, the non-proportional input/output-characteristic of the fuzzy controller is 
shown and compared with the characteristic of a proportional controller. If luJuu11(i)l ~ 
0.5 ·105 N/m2, the correction is smalL In that way, the influence of measurement noise and 
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system noise is reduced. The controller must be able to decrease constraint violations so that 
they are within the t~levant noise band. 

3. Expert System: 
More switch-times are available for correcting, however, only one of them needs to be cor
rected. The expert system determines which switch-time is eligible with the help of additional 
information. The actual selection takes place on the basis of the time derivative of the accu
mulator pressure 8pa(t)lat"i in the neighbourhood of the switch-times Uj (j E [1, n.], where 
n; denotes the sum of accumulator switch-times na and pump switch-times np). The ac
cumulator pressure can either be measured or be estimated with the model. The intervals 
I permitted for correcting of the switch-times have to be determined. These intervals are 
restricted by discontinuities in ap" ( t) 1 at" j (except for the discontinuity caused by the partic
ular switch-time itself) and by changes in the load. Depending on the highest derivative in 
these intervals, each switch-time is rated by a dimensionless indicator Jl.i 

1~1 E [0, 15 ·105 ) P,j = 0, /Jt.,j ,..,., 

E [15 . 105,25 . 105) Jl.j = 1, (3.22) 
E [25 . 105, 75 . 105] P.i = I 't.,~) I· so.ios + 1.5, 

> 75 ·105 P,j = 0. 

Now, a switch-time that is eligible for correcting can be determined according to those indi· 
cators. For equal selection values, the order of selection is based on a hierarchy: 

1. The first accumulator switch-time r1a1 , 

2. The last accumulator switch-time u .. ..,., 

3. Switch-time with the biggest indicator, for preference an accumulator switch-time. 

The result of correcting a certain switch-time will depend on 8pa( t) I at"i. The output of the 

fuzzy controller, with a norm derivative [8p11(t)jat"i ]...,.m' must be. scaled 

4u;(i) = K · Yfuu11(i) · Kscale {3.23) 

where scale factor Kscale equals 

[ap .. (t)lat"i L.grm 
8p .. (t)lat"J 

(3.24) 

If after correction the seleeted switch-time lies within the allowed interval I, then, it is re
leased for use. Otherwise, the greatest possible correction is stored in the memory and the 
next switch· time is selected .. If, after a few cycles, again the former switch-time can be used 
for correcting a certain constraint violation s(i), it is re-selected. 

By varying only switch-times, the correction procedure described here takes care of all con
straint violations caused by different disturbances. In Mode 2, the objective function is 
considered too. For more detailed information about the development of the correction pro
cedure see (Visser, 93). In the next chapter, the performance of the correction procedure 
based on a fuzzy controller is predicted with the help of simulations for the different modes. 
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3.3.4 Supervisor 

The different sub-procedures are not necessarily activated continuously and they can influence 
each other. The supervisor's main task is to coordinate the different sub-procedures. This 
task comprises determining the moments and the order of activation of the sub-procedures. 
Fulfilling this task can be divided into two stages: 

• Start and re-start of the system (I), 

• Normal operation (II). 

In addition to the main task, some side-tasks can be allocated to the supervisor (III). Fulfil
ment of the main task by the supervisor will be explained for the two stages separately and 
some possible side-tasks will be discussed. 

1: Start and Re-Start of the System (transient period) 

At the start or re-start of the system, different steps have to be taken; 

1. Pressure System: For starting the system with an unknown load cycle, the hydraulic 
8ystem must he configured as a pressure system. Both the accumulator and the fixed 
displacement pump(s) are switched on all the time and the proportional pressure relief 
valve acts as a normal safety valve. In this situation, the_ efficiency of the system will 
be very poor. 

2. Load Characterization: After collecting data of the cycle, the load characterization 
procedure is activated in order to determine the load sequence. With the pressure 
system, identification of the model parameters is not yet possible. 

3. Optimization: With the help of the characterized load sequence and the off-line con
structed low-frequency dynamic model, the optimal point ;&*, which includes the opti
mal switch-times and the initial state of the accumulator, is determined. That involves 
a rough optimization with large tolerances and low desired accuracy. The optimization 
procedure needs to be informed about the number of switch-times and initial values. The 
starting-point does not need to be feasible (Seebregts, 88). In fact, any starting-point 
is acceptable. However, in order to save computation time, the energy consumption 
can be considered during the determination of this point. Only a few simple rules are 
required for selecting the starting-point; 

• The accumulator must be switched on when the load flow is less than the mean 
load Bow and when the load flow exceeds the pump flow. At all other intervals, 
the pump must be switched on. This rule determines the number of switch-times 
too. 

• If the load flow exceeds a certain limit (i.e. 1.5·<~po), then always both the accu
mulator and the pump must be switched on. 

• The pump intervals must overlap the accumulator intervals. The overlap times are 
based on the continuity of the load flow of a cycle. 

• In the case of multiple pumps, the pump intervals can be spread over the different 
pumps according to the load flow needed. 
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• The initial state of the accumulator .:l:ro can he determined from the initial pressure 
Pao, whiclftan he related to the maximal load pressure (Pao 1.1 · P!max)· 

Obviously, determining a starting-point can easily be automated using these rules. 

The optimization process is designed in such a way that after each iteration the results 
(sub-optimal) can he applied. Although these intermediate results do not guarantee 
minimal energy losses, within the limits of disturbances, the constraints are not vio
lated. Between the iterations, the correction procedure takes care of any constraint 
violations caused by the disturbances. 

4. Switch to Normal Operation: The supervisor switches over to normal operation after 
the optimal switch-times and initial state have been found. 

In fact, if a new cycle is introduced, the Learning Hydraulic System mnst be re-started like
wise. However, if the new cycle had been used earlier, its optimal point can be used directly. 
The optimal point had been determined earlier and together with the cycle information it was 
stored in the memory (see side-tasks). The supervisor can switch over to normal operation 
immediately. 

II: Normal Operation (stationary fine tuning) 

During normal operation, two sub-tasks can be differentiated: 

State Monitoring: With the help of the measured data from the system llact(t), variations 
in the actual state of the load and the system can be detected; 

• Variations in the actual load sequence l!lact(t} can be detected by comparing the 
measured pressure p!(t) and flow q1(t} with the latest set of characterized pressure 
Plch(t) and flow qlch(t). This can be done by means of the criterion functions 

~pressure = ~ ll~1 (apt(Pt(t} - Plch(t))}dtl, 

~flow = ~ ll~, (aqt(qt(t)- qlch(t)))dtl 

(3.25) 

{3.26) 

where n and m denote the number of linear intervals in the pressure and the flow 
sequence respectively, t. denotes the end time of the i'th linear interval, index ch 
denotes the characterized load sequence and a denotes the weighting factors. 

• Variations in the system parameters can be detected by comparing of the measured 
pressures in the system with the estimated pressures of the low-frequency dynamic 
model simulation. This can be done by means of the criterion function 

{;(t) = p;(t)- PireJ(t) (3.27) 

where n denotes the total number of linear load intervals plus the switched states, 
m denotes the number of measured variables, index ref denotes the reference 
model, a denotes the weighting factors and Tj the end time of the j'th interval. 
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In order to ensure that the variations, which are caused by model changes alone, 
are detected, this equation requires an on-line (low frequency dynamic) model that 
uses the actual switch-times tTj in the variable input y(t), the actual initial state 
~0, and the actual load sequence U~aet(t). 

Activation of the Sub-Procedures: The supervisor must activate the different sub-procedures 
if the variations in the state of the load and/or the system exceed certain limits Li: 

• if ((6-pressure > Lpr) or (6-flow > Lq)) and (6-model < Lm) then start the load 
characterization and follow it by a new optimization, 

• if ((6-pressure > Lpr) or (6-flow > L9}) and (6-model> Lm} then start the load 
characterization and parameter identification and follow them by a new~optimlza
tion, 

• if ((6-pressure < Lpr) or (6-flow < L9)) and (6-model > Lm) then start the 
parameter identification and follow it by a new optimization. 

The limits Li can be used to tune the total controller. 

During normal operation, the optimization process has smaller tolerances and the desired 
accuracy which results in more reliable and accurate optimal solutions at the cost of extra 
computation time. But in the meantime, the intermediate sub-optimal results can be used. 

III: Side-Tasks 

One side-task of the supervisor is to store in the memory information about the completed 
load cycles with their optimal points. Another side-task is to adjust tolerances and accuracies 
for the optimization process in the different stages (large tolerances and a low accuracy at 
the start and small tolerances and the desired accuracy during normal operation). 

Obviously, the learning characteristic of the Learning Hydraulic System is largely determined 
by the supervisor. At the start, the system learns the rough settings for a certain (new or 
changed} load sequence. During normal operation the system then learns the finer adjust
ments and how to deal with load and parametric variations. In the next section, the function 
of the supervisor is explained with a diagram. 

3.4 Derived Strategies 

In order to reduce the investment costs, a simple design must be laid down for the Learning 
Hydraulic System. Although the suggested control strategy involves relatively cheap software 
adjustments in the main, for various applications the strategy may be quite complex. For 
those applications, a less complicated strategy is desirable. Taking the strategy of Section 3.2 
as a base, three different strategies are suggested: 

Active-Fine-Tune Strategy: This strategy is based entirely on the control structure pre
sented in Figure 3.1. 
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Active-Rough Strategy: A rough optimization is carried out only at the start of the ma
chine. Later, c6nstraint violations are taken care of by the correction procedure. There
fore, higher demands are laid on the correction procedure. This strategy is based on the 
"20% effort gives 80% benefit" rule. If a new cycle is introduced, a single optimization 
will take place (active). 

Passive Strategy: The optimization is carried out only during the development of a new 
machine. Not only does it need to be restricted to the optimal switch-times and initial 
state determination, but further design parameters of the system (for example pump 
and accumulator dimensions) can also be optimized taking into consideration future 
load sequences. During operation of the machine, a correction procedure takes care of 
violated constraints. If a new load cycle has to be introduced, off-line, new optimal 
switch-times can be determined {passive). 

Figures 3.7, 3.8 and 3.9, show how these strategies can be implemented practically. The 
active-rough and passive strategies satisfy the objective to obtain a simple system design 
better, however, effectiveness will be reduced. 

1. Starting as a. pressure system. 

2. Load characterization. 

3. Rough optimization {wide criteria, 20- 80 rule1). 

4. Measurements (a single cycle). 

5. Changes?2 

if yes, go to step 6 otherwise go to step 4. 

6. Load characterization and/or 
parameter identification. 

7. Optimization (close criteria). 

8. Activate the correction procedure {real time} and 
return to step 4. 

1 20% effort - 80% benefit. 
2 According to the criterion functions of the supervisor. 

Normal Operation 
(fine-tuning) 

Figure 3.7: Active-Fine-Tune Strategy (on-line) 

3.5 Conclusions 

It may be concluded that the suggested control strategy will fulfil the requirements of the 
Learning Hydraulic System. In cyclic loaded hydraulic systems, considerable energy savings 
are obtained. In addition, such systems are readjusted automatically when changes or varia
tions in the actual load sequence and/or system occur (learning characteristic). 



3.5. CONCLUSIONS 

I 

1. Starting as a pressure system. 

2. Load characterization. 

3. Rough optimization (wide criteria, 20- 80 rule). 

4. Correction Procedure (real time). =.J Normal Operation 

Figure 3.8: Active-Rough Strategy (on-line) 

Optimization based on a numerical model with parameters derived from suppliers' 
catalogues. During development and/or operation of a new machine. 

1. Inventory of future load sequences. 

2. <;:ombined parameter and switch-times/initial state optimization 
at the "heaviest" load sequence (during development). 

3. Switch-times and initial state optimization for all the other 
load sequences (during development and/or operation). · 

4. Storage of optimal switch-times and initial states for 
each cycle in the machine's memory. 

Figure 3.9: Passive Strategy (off-line) 
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The control strategy consists of different sub-procedures that are coordinated by the supervi
sor. The control strategy gives the desired behaviour. Although the complete strategy is fixed, 
the realization of sub-procedures may differ from those presenteq. Here, general descriptions 
of the most likely realizations are presented. In the next chapter, the sub-procedures and 
the supervisor will be developed further and prepared for a particular application, namely, a 
hydraulic test-bed. 

Since the suggested control strategy may be quite complex for certain applications, some 
less complicated strategies have been derived. The basic requirements, however, are answered 
to a lesser degree by those derived strategies. 
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Chapter 4 

System Analysis 

The per/ormtt.nre and the robustness of the optimally controlled Learning Hydraulic 
System are examined. The sensitivity of the system to model inaccuracies and 
variations in the actual load. sequence is studied. The performances of the sub· 
procedures are dealt with separately. From the results of the studies, the per/or· 
mance of the total system is discussed. 

4.1 Objective of the System 

The aim of the system analysis was to get an insight into the behaviour of the Learning 
Hydraulic System. In order to assess this behaviour, a definition for an acceptable behaviour 
of the system is given. 

In the first place, despite various disturbances, the energy losses of the system should 
not differ much from the energy losses computed by the optimization procedure. Secondly, 
an acceptable behaviour requires the constraints c; used in the optimization process not to 
be violated in the actual system. To meet the demands of a constant production quality, this 
requirement is even more important. In the third place, the system must have a learning 
characteristic. This means that it has to he able to re-adjust itself to variations and changes 
in the load conditions. 

From these general objectives, more specific requirements can he derived: 

1. The first two requirements mean that a reliable and accurate optimization model of the 
system should always he available. The influence of model inaccuracies and inaccuracies 
on the load sequence used is examined in Section 4.3 (Sensitivity Analysis). The per
formance of the procedure for identifying the parameters is determined in Subsection 
4.4.2. 

2. The second requirement means also that, despite disturbances, the constraints imposed 
may not be violated. The performance of the procedure for correcting the system to 
meet this requirement is studied in Subsection 4.4.3. 

3. The third requirement means that the system has to react to variations and changes in 
the load conditions. The performance of the procedure for characterizing the load to 
detect those alterations is studied in Subsection 4.4.1. 

49 
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From the results of the studies in the subsections as well as the performance of the optimization 
procedure, the predicted performance of the total system is derived in Section 4.5. The total 
system, under guidance of the supervisor, should meet all three requirements together. 

4.2 Dynamic Model 

The analysis was based on simulations with two different models: - 1. ·a detailed dynamic 
model of the system is used to study the influences of high-frequency dynamics and the 
performances of the procedures for identifying the parameters and for characterizing the load 
sequence. - 2. a low-frequency dynamic model is used to study other phenomena. The 
derivation of the detailed dynamic model is discussed in general terms. 

4.2.1 On Modelling 

Before modelling a system in detail, it has to be decided which load (application) should be 
modelled. An important application example for the Learning Hydraulic System has already 
been mentioned, namely, the hydraulically-driven plastic moulding machine. Since the market 
supply of plastic moulding machines is extensive, with many different transmission principles 
and many different power classes and constructions; the modelling of one particular machine 
would be too restrictive. Also, the need for the Learning Hydraulic System to be generally 
applicable requires a more general approach. 

-------, 

a: Hydraulic Supply System b: Hydraulic Part Load Simulator 

Figure 4.1: Learning Hydraulic System with Load Simulator 

Consequently, in parallel with the development of the Learning Hydraulic System, the de
velopment of a load simulator also took place. A description of the load simulator is given 
in Chapter 5. It is abie to simulate a wide range of cyclic time-dependent load pressures 
and load flows (load sequences) with their associated dynamic behaviour. Because of this 
general characteristic and flexibility, the Learning Hydraulic System was coupled to the load 
simulator for tests on a ·laboratory scale. For the same reason, in the detailed dynamic model 
of the Learning Hydraulic System, the load simulator is also used for simulation of the load 
dynamics. In that way, the total system consists of a load simulator part and the supply part 
(pump(s)/accumulator). In Figure 4.1, a diagram shows the system as used in the simulations 



4~2. DYNAMIC MODEL 51 

and the test-rig. The supply system consists of the single pump/accumulator combination. 
Further research will be confined to that system. 

According to the diagram, the Learning Hydraulic System was modelled so that it includes 
the considerations of Section A.2.1. In the simulations, only the overall effects are of interest. 
Therefore, the complex components were modelled only approximately: 

• Pump, Check valve, Accumulator 
• Proportional pressure relief valve 
• Network of pipes 
• 2/2-Way valves 
• Proportional 4/3-way valves 

: similar to the low-frequency dynamic model, 
: approximated by a first-order model, 
: approximated by a first-order model, 
: approximated by a second-order model, 
: approximated by a second-order model. 

The formulation of the model is discussed extensively in Appendix A.2. In general state space 
terms, it can be written as 

where: 

;i;.(t) = :r(~(t),y_(t),!!!des(t),~) fort;?: to; ~(to)=~. 
1l.(t) = l!(~(t),y_(t),!!ld •• (t),!l) fort;?: to 

:«.(t) = [ Up(t) u.,(t) ]T ; variable input, 

(4.1) 
(4.2) 

!!!de.(t) =:= [ Pldes(t) q!des(t) ]T 
~{t) = ( Xt{t) Vt(t) .. X4(t) V4(t) Xs(t) 

; desired load sequence, 
V .. (t) T.,(t) p8 (t) JT ; state, 

1l.(t) = I Pp(t) p.,(t) p.(t) Pl(t} q,(t) ]T 
fl. = [ Bt fJ2 . • Dr . . On ]T 

; output, 
; parameter vector. 

Further, 'Y represents the system equations and p, the output equations. In order to carry out 
the simuiation studies, the varions parameters for the model have to be estimated. They are 
given in Appendix A, Section A.3. 

4.2.2 Generation of Simulated Measurements 

In order to study the performances of the identification procedure and the load character
ization procedure, sets of measurements are needed. In this analysis, those measurements 
are simulated by adding a random noise to the output of the detailed dynamic model of the 
Learning Hydraulic System. In Figure 4.2, that approach is shown schematically. 

r·············· ................ neiaii~~rn;;~a~il'ic .. Mo<i~rv.;it:ii'i'ioi;;····························· .. ···-1 

n(t)~ y_(t) 
;i;.(t) 1l.(t) 

~(t) Jl(t) + lll..i (t) 
!!!de.(t)f = = • m 

J.(~( t), :«.( t), !!Ide.( t),.~) l!(~( t), y_( t), !!ld •• ( t), fl.) + 
I 

Figure 4.2: Measurement generation 

In this figure above, n(t) denotes the added random noise vector and ll..;m(t) denotes the 
resultant simulated measurement vector (ll..im ( t) = 1J.( t) + n( t)). Examples of simulated mea
surements ll.,,.,.(t), for the pump, accumulator, system, and load pressure and for the load 
flow in one cycle (t E [to, t.]), are shown in Appendix B.3.1 by means of graphs. 



52 CHAPTER 4. SYSTEM ANALYSIS 

4.3 Sensitivity Analysis 

The purpose of the simulation studies described in this section is to get an insight into the 
problems that may occur when the optimization procedure, which uses the low-frequency dy
namic model, is applied to an actual hydraulic system. The influence of differences between 
the actual system and the low-frequency dynamic model , caused by model inaccuracies, are 
studied in Subsection 4.3 .1. 

For the optimization, the load in the low-frequency dynamic model is equivalent to the actual 
load cycle. The optimal point can only be used for subsequent load cycles that may differ from 
the present cycle. Studies of the influence of these load variations are described in Subsection 
4.3.2. 

4.3.1 Model Inaccuracies 

The low-frequency dynamic model is imprecise because of the deliberate choice of a simpli
fied version of the system's dynamics (reduced order) and the actual uncertainty about the 
system (uncertain parameters). In general, from a control point of view, the so-called model 
inaccuracies can be classified into two major groups (Slotine, 91): 

1. Unstructured uncertainties: 

a. Unmodelled dynamics, 

b. Uncertain (constitutive) behaviour and uncertain interaction of components. 

2. Structured uncertainties: 

a. Parametric uncertainties and variations, 

b. Uncertainties in the adjusted variables. 

The first corresponds to inaccuracies in the system order (under-estimations), while the second 
kind corresponds to inaccurate terms actually included in the model. The influences of those 
inaccuracies are examined separately and described according to the sub-classification. 

l.a: Unmodelled Dynamics 

The optimization studies were all based on a low-frequency dynamic model of the Learning 
Hydraulic System. It was assumed that high-frequency dynamics would have no influence on 
the energy consumption or the constraints. Here, results of an investigation with simulations 
are described to see whether that assumption is correct or not and if the optimization results 
can be applied directly to a real-life system. For that purpose, the" actual hydraulic system" 
was replaced by the detailed dynamic model. The dynamic model describes "a reality" . The 
influence of the unmodelled dynamics was simulated with the help of this dynamic model in 
which the optimal point, as determined with the low-frequency model, was used. 

Comparing the simulations of the dynamic model of the Learning Hydraulic System with 
those from a constant pressure system shows that some extra peaks occur when the 2/2-way 
valves are operated. The influence of those peaks is minimal and they will have little effect 
on results for the real mechanical load. Further, the system shows a non-cyclic behaviour. 
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Due to an internal leakage through the 2/2-way valves when opening or closing them, the 
accumulator volume at the end of the cycle differs from the start. However, compared to 
the low-frequency model, the energy consumption is not remarkably changed. The simulated 
results that show the influence of the unmodelled dynamics are given in Appendix B.3.2. 

In order to obtain the behaviour desired of the system, violation of the constraints must 
be eliminated. Two solutions are possible. One solution prevents internal leakage by pre
venting large pressure differences across the 2/2-way valves. The other allows the internal 
leakage but corrects the violated constraints (by a correction procedure). The second solution 
is preferred because the internal leakages do not influence the energy consumption. 

From the results of the simulations, it appeared that the unmodelled dynamics have an 
indirect influence on the behaviour of the Learning Hydraulic System, however, that can be 
overcome preventively or correctively. Further, the simulations confirm the assumption that 
high-frequency dynamics can be neglected in the optimization as the energy consumption and 
the system behaviour are not adversely affected. 

In order to distinguish the influence of unmodelled dynamics from other influences, in most 
of the further simulation studies, the dynamics are omitted. Uncertainties in component be
haviour, parametric uncertainties and variations in the load sequence are influences that were 
studied with the help of the low-frequency dynamic model. 

l.b: Uncertain Behaviour and Interaction of Components 

Since the structure of the supply part of the Learning Hydraulic System is known, no direct 
problems are expected from the interaction uncertainties. However, in the description of 
individual components, some differences from reality may occur. For example, the pressure 
drops ~p(t) due to the resistance of the check-valve and the 2/2-way valves are expected to be 
quadratically dependent on the flow. A linear or combined dependence is also possible. Also 
the empirical state equation used to determine the accumulator's state is not exact. However, 
the Beattie-Bridgeman state equation is the best available for the pressure and temperature 
ranges of the Learning Hydraulic System (Rupprecht, 88). In Figure 4.3, the accumulator 
pressure determined with the help of this Beattie-Bridgeman state equation and the ideal-gas 
state equation is shown for load sequence no. 1 of the Learning Hydraulic System. As is 

1.4 xl07 

1.2 

-Beattie-Bridgeman equation 

··· · ·ideal-gas equation 

0.8~--~----~--~----L---~----~--~----~--~--~ 
0 2 4 6 8 10 12 14 16 18 20 

t [sl 

Figure 4.3: Accumulator pressure for different state equations 

shown in this figure, some differences occur. Laboratory experiments will show the effect 
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of such uncertainties (Chapter 5). Validation of the accepted model, by comparing it with 
measurements, is always recommended. 

2.a: Parametric Uncertainties and Variations 

The influence of parametric uncertainties and variations on the behaviour of the Learning 
Hydraulic System were studied by changing the parameters of the low-frequency dynamic 
model deliberately, but using the optimization results from the reference system. Most of the 
model parameters can be estimated accurately in advance. However, a number of parameters 
are uncertain. The parameters involved are summarized in vector fl..: 

( 

L1 
) ( laminar pump leakage ) 

L2 turbulent pump leakage 
flu = . H2wa = resistance 2/2-way valve accu 

Hcv resistance check-valve 
r thermal time-constant 

(4.3) 

In the course of time, these parameters may change slowly, for example due to wear and 
temperature fluctuations. Studies were carried out on the influence of uncertainties and 
variations in this group of parameters on the system and its sensitivity to them. The simulated 
results are summarized in Appendix B, Table B.5, for the system loaded with theoretical load 
sequence no .. 1. From the simulated results, the following can be concluded for the sensitivity 
of the Learning Hydraulic System to the uncertain parameters; 

The pump leakage parameters, L1 and L2: Usually, the pump flow is only given graph
ically as a function of the pressure. The leakage factors can be estimated with the 
mathematical pump model of (SchlOsser, 59). However, the accuracy of the estimated 
values is relatively poor (±20%). Variations in the laminar leakage factor L1 of more 
then 3% show significant differences between the start and the end of a cycle. For 
the turbulent leakage factor L2, variations of about 5% are allowed. Without the cor
rection procedure, any positive variations (increased leakage} would cause constraint 
violations, especially for the load con~;~traints. Negative variations (decreased leakage) 
would cause an increased energy consumption. The Learning Hydraulic System seems 
rather sensitive to the pump leakage parameters. In Figure B.l4 an example is given. 

The network resistance parameters, H2wa and Hcv: These parameters must l:>e estimated 
from the graphs given in suppliers' catalogues. Their accuracy can be poor. The Learn
ing Hydraulic System is rather insensitive to variations in those parameters. Only vari
ations in excess of 100% measurably violate the constraints. However, the resistance of 
the check~valve Hcv influences the energy losses, since the pump pressure changes. 

The thermal time-constant, r: In suppliers' catalogues, no values are given for the ther
mal time-constant of an accumulator. With the help of the empirical equations given 
in literature (Rupprecht, 88), approximate values can be calculated. The Learning Hy
draulic System is rather insensitive to variations in this parameter. Only variations in 
excess of 100% measurably violate the constraints. However, the calculated accumulator 
pressure, and hence the model accuracy, is influenced by this parameter, see Figure 4.4. 

So far, only variations in the individual parameters have been discussed, but in practical 
situations, combined variations can occur. Especially, when the variations act in the same 
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Figure 4.4: Accumulator pressure for different thermal time-constants 

direction, the consequences can be great. An increase of both pump leakage factors L1 and 
L2, of 3% and 5% respectively, already violates the constraints slightly in the first cycle. 

It appeared that the energy consumption and behaviour of the Learning Hydraulic System are 
influenced by the accuracy of the uncertain parameters in the system, especially, the pump 
leakage parameters. A good knowledge of the actual values of those parameters is impor
tant. The accumulator 2/2-way valve resistance, the check-valve resistance and the thermal 
time-constant have only little influence on the behaviour of the Learning Hydraulic System. 
However, it may still be necessary to have accurate estimates of the parameters, at least, in 
the design stage. Since the uncertain parameters may also change in the course of time, for 
example due to wear or temperature fluctuations, regnlar monitoring is necessary. 

2.b: Uncertainties in the Adjusted Variables 

In fact, some of the parameters in the low-frequency dynamic model are variable. The pa
rameters involved are summarized in vector (L.dri: 

( 
m ) ( gas mass ) 

~ = '-'Pmin = minimal pressure di~erence between system and load 
T.,mb ambient temperature 

(4.4) 

Those variables can be adjusted freely. The influences of uncertainties in the adjustments of 
those variables are discussed separately; 

The gas mass, m9"8: The quantity of gas in the hydraulic accumulator determines the pre
charge pressure of the accumulator. Any change in this pressure results in a change 
in the accumulator stiffness, at a certain pressure (GV )P. In the Learning Hydraulic 

System this would mean that, when the accumulator is switched on, the pressure in the 
accumulator and system would show either less or more fluctuation. 

The ambient temperature, T.,mb: The ambient temperature of bladder accumulator~ de
pends on the oil temperature in the accumulator (Korkmaz, 82), (Rupprecht, 88). After 
the transient period, the oil temperature in a hydraulic system stabilizes within a few 
degrees (due to the heat-exchanger). Simulations with variations up to ±5 K, however, 
gave no significant behavioural changes in the Learning Hydraulic System. 
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The minimal pressure difference between the system and load, .1.Pmin: This param
eter can be adjusted by controlling the proportional pressure relief valve. Large pressure 
differences cause more energy losses, so, the Learning Hydraulic System, must be ad
justment critically (minimal differences). 

Although the variables do occasionally have an influence on the behaviour of the Learning 
Hydraulic System, an accurate adjustment is always recommended. 

4.3.2 Load Variations 

In the low-frequency dynamic model, the load is replaced by data processed from the actual 
load sequence. The optimization procedure uses that model with the processed data. During 
a time-consuming computation of the new optimal point, see Table B.l in Appendix 8 for an 
impression of the calculation times, new load cycles will be completed. The new cycles may 
differ in detail from the processed cycle used for the optimization process and, therefore, the 
constraints may be violated. 

The influence of those load variations on the {greatest) constraint violations and energy 
losses, when the old switch-times and initial state are used and the energy losses after an op
timization, are summarized in Table 8.6 in Appendix 8 for load sequence no. 1 as reference 
load. When no new optimization is performed, with positive load pressure and flow variations 
the pressure constraint c1 is violated. Only for flow variations is the cyclic constraint c34 vi
olated. The flow constraint c2 is first violated at a flow variation of + 13%. Flow variations 
have most effect on the constraints. Violations which occur with variations up to ± 10% 
can be eliminated by the correction procedure, but the energy losses are affected. Using new 
optimal switch-times and initial state can save energy. 

In Figure 8.15, a simulation is shown of the low-frequency dynamic model in which the 
load flow has been changed by a factor of -2% and the load pressure by a factor of +2%. 
The optimal point related to the original load sequence (example no. 1) was used. In that 
figure, the violated constraints are marked with #· 

Summary: it can be concluded that variations in the pressure and flow exceeding ± 5% 
have to be detected by the load characterization procedure (see Subsection 4.4.1). In the 
meantime, the correction procedure (see Subsection 4.4.3) has to deal with such variations 
until a new optimal point is determined. 

4.4 Predicted Performance of the Sub-Procedures 

The sensitivity study described in the previous section showed the necessity to have procedures 
for characterizing of the load, for identifying the parameters and for correcting the system in 
order to obtain a practical Learning Hydraulic System. In this section, the performance of 
those sub-procedures is predicted. 

4.4.1 Load Characterization 

In Section 3.3.2, the load characterization was divided into three major parts. Since the first 
two parts will differ for different applications, here, it is assumed that the hydraulic load 



4.4. PREDICTED PERFORMANCE OF THE SUB~PROCEDURES 57 

sequence can be measured directly. The third part extracts the low-frequency effects from 
that sequence and performs the actual characterization. 

The performance of the procedure suggested for characterizing the load sequence is stud
ied with the help of simulated measurements of load sequence no. 1, see Figures 4.5.a and 
4.5.c or Figures B.lO and B.ll. The hydraulic load sequence is characterized by piecewise 
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Figure 4.5: Load characterization 

linear functions that are described in a "short" file. That file contains only the start and the 
end times, as well as, the y-intercepts and slopes of the lines. The characterization gives a.n 
enormous data-reduction resulting in useful information. In Appendix B.3.4, Table B.7, the 
short file is shown for the load sequence mentioned. A characterized load sequence represented 
in such a form can be used directly in the optimization process. In Figures 4.5.b and 4.5.d, the 
characterized load sequence is shown graphically. The graphs have been drawn using the infor
mation from the short file. Comparing the characterized load sequence 1llch(t) (Ef"oad =. 21.76 
kJ/cycle) with the desired load sequence l!ldes(t) (E~ 21.35 kJ/cycle), shows a very good 
agreement. The load characterization takes a few seconds to a few deca-seconds. 

4.4.2 Parameter Identification 

In this subsection; the performance of the iterative identification approach (Nash, 92) for 
estimating the uncertain parameters of the Learning Hydraulic System will be examined with 
the help of simulated measurements of load sequence no. 1. The uncertain parameters are 
summarized in vector fl ... (see Equation 4.3 on page 54). The low-frequency dynamic model is 
fitted to the simulated measurements by estimating the parameter values that minimize the 
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IWAE-criterion. Using the reduced output vector !Lr (!Lact(t) = !Lsim(t) = JLr(t)+rrr(t), m = 3), 
the IWAE-criterion (Equation 3.5) becomes 

n 

min J 

~u 
~)a1 ·lpp(k)- Pp(k)i + a2 ·IPa(k)- Pa(k)i + aa ·jp,(k)- p,(k)l). (4.5) 
k=l 

In order to determine t,t with respect to this criterion function, a non-linear minimization 
routine based on the Newton Method (MINFUN (Dijkstra, 89)) is used. In the routine, the 
first and the second order derivatives of the criterion function are evaluated numerically. The 
following aspects have to be considered: 

Initialization: Due to the presence of local minima, the initial parameter values have to 
approximate the real parameter values acceptably, although, differences up to ± 20 % 
are allowed. 

Weighting: All the measurements represent pressures of the same magnitude, therefore, 
they are weighted equally (a1 = a2 = aa = p-;j,ax)· 

Scaling: The parameters have different magnitudes. In order to give them equivalent treat-
ment, they are scaled to approximately one half (Bscaled = 0.5 · (iJJBnom) :=::: 0.5). 

In Appendix B.3.5, Table B.8, the results of the identification process are summarized. From 
that table, some conclusions can be drawn for the iterative parameter identification with the 
help of the minimization routine mentioned: 

• The computation times are of the same order as the optimization times (compare with 
Table B.l). Extra computational power, or applying problem specific software, may 
save computation time. 

• The computation times and the accuracy of the solutions are affected by the accuracy 
desired. Therefore, it is advisable to start the optimization process with a low accuracy 
and to re-evaluate the solution with the desired accuracy. 

• A relatively low sample frequency is needed for the uncertain parameters to be estimated 
accurately. The sample frequency has to be of the same order as the reciprocal of the 
step-size needed for accurate solutions of the low-frequency model when solved with 
the Euler' Scheme. This results in shorter computation times. Too high or too low 
sample frequencies result in unnecessary time-consuming computations or in inaccurate 
solutions respectively. 

• In the simulations, very accurate estimates result, even if the initial error is ± 20 % of 
the actual value. 

• The iterative approach is quite robust against noise, disturbance and high-frequency 
effects (they are averaged out). The data does not have to be filtered in advance. 

• The iterative approach is useful for identifying the uncertain parameters of the Learning 
· Hydraulic System. The approach can be used for on-line identification of at least the 

pump leakage parameters. In the design stage, the 2/2-way valve resistance, the check
valve resistance and the thermal time-constant can also be identified {off-line). 
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An important advantage of the iterative approach is that the parameters can be identified 
without measuring extra flows or the gas temperature. In addition to the characterized load 
sequence, only the pressure sequences at three places need to be measured.in.order 
to identify the parameters of the Learning Hydraulic System. 

4.4.3 Correction (Visser, 93) 

Here, the performance of the correction procedure is predicted with the help of simulations 
made with the low frequency dynamic model and theoretical load sequence no. 1: 

When assessing the performance of the controller in Mode 1, the cyclic control mode, at 
first the behaviour is cyclic and then disturbances a:re introduced in some of the. cycles: 

• In the first cycle a disturbance in 6-pa of 1 · 105 N/m2 (±1%) is introduced, 

· • In the 15th cycle a disturbance in 6-pa of 2 · 105 N/m2 (±2%) is introduced, 

• In the 30th cycle a disturbance in 6-pa of 5 · 105 N/m2 (±5%) is introduced. 

In Figure 4.6, the simulated results are shown for K = 1 and A = 0 .(dashed line) and for 
K = 1.5 and A= 0.8 (solid line). The adjustment of these parameters is described in (Visser, 
93). 

5 10 15 20 25 
cycle 

cycle 

30 35 40 45 

Figure 4.6: Correction with and without damping (tcyde = 20 s) 

50 

The results of the simulations show that the controller without damping (A = 0) is able to 
correct the disturbances so that laPa(i)l ~ 0.5 ·105 N/m2, but oscillations occur, especially, 
with big disturbances. If damping is incorporated in the controller (A = 0.8), the system 
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behaviour is improved quite clearly. Within two cycles, the constraint violations are reduced 
in the noise band. Generally speaking, the simulations suggest that Mode 1 produces a cyclic 
behaviour for the system (constraint C34). 

In order to assess the performance of the controller in Mode 2, the cyclic and load su
pervision control mode, the load pressure is disturbed in the interval t E (7, 10] of some 
cycles: 

• In the 16th up to the 25th cycle a disturbance of +2 · 105 N/m2 (±2%) is introduced, 

• In the 26th up to the 35th cycle a disturbance of +5 ·105 N/m2 (±5%) is introduced. 

The simulations have been carried out for both controller modes (K = 1.5 and >. = 0.8). 
The result of the cyclic control mode shows that the system behaves cyclically, but constraint 
c12 is violated by the disturbances (~Pmin(i) < 0 N/m2). In the cyclic and load supervision 
mode, the desired accumulator starting pressure p~t;,:.t(i) is correctly followed. In three cycles, 
the disturbances are corrected so that ~Pa(i) A ~Pmin(i) E [-0.5 ·105 , 0.5 ·105]. Temporarily, 
the system behaves non-cyclically, because the pressure level of the accumulator is increased 
in order to take care of constraint C34· The simulated results are shown in Subsection B.3.6. 

In both of the modes, the correction procedure performs well. Mode 1 takes care of the 
cyclic constraint (c34), but Mode 2 takes care of the load constraint (c12) too. If in a system 
only small disturbances occur, Mode 1 is preferable due to its quieter behaviour and faster 
response. 

4.5 Predicted Performance of the Total System 

For all individual sub-procedures good performance is predicted. It may be concluded that the 
procedure for characterizing the hydraulic load sequence, the iterative identification approach 
and the fuzzy-logic correction are quite suitable for application to the Learning Hydraulic 
System. In this section, their actions and interactions, as well as, their influences on the total 
system will be discussed. 

4.5.1 Supervisor Adjustment 

The action and the interaction of the sub-procedures is coordinated by the supervisor. In 
order to obtain a system working satisfactorily, the different parameters of the supervisor 
have to be adjusted. The parameters involved are the different weighting factors Oi and the 
limits Lpr, L 1 and Lm. The weighting factors are chosen so that both the pressures and the 
flow are rated equally (between 0 and 1): 

-1 
aa,p,s = Psma:x' 

-1 
qlmax· 

Guidelines for the adjustment of Lp., L 1 and Lm can be derived separately directly from the 
sensitivity analysis and the performances of the sub-procedures. A proper choice guarantees 
that there are only small differences between the model and the actual system: 

Lpr ~load at 5% load pressure variation (from Section 4.3.2), 

Lq ~load at 5% load flow variation (from Section 4.3.2), 

Lm ~model at 5% parametric variation (from Sections 4.3.1 and 4.4.2). 
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The correction p1;ocedure is able to handle this order of variation in the. system and the load 
conditions (Section 4.4.3). 

In practice, in the Learning Hydraulic System, the parameters can be nsed to influence the 
actual performance of the system. Then the Learning Hydraulic System can be tuned to 
specific conditions. 

4.5.2 Performance 

For the Learning Hydraulic System, two types of performance can be distinguished: 1. the per
formance to optimize the efficiency (efficiency· improvement) and 2. the performance to de
tect and adapt to system and load variations and/or changes (automatic (re-)adjustment, 
learning characteristic). 

In combination with the optimization results presented in Chapter 2, it may be concluded 
that, if the optimization process is based on an accurate model of the system with accurate 
parameters and an accurately characterized load sequence, a high efficiency will be obtained. 
In Section 2.4, it can be seen that considerable energy savings are possible when compared 
to conventional energy-saving measures. So, under the mentioned circumstances, the system 
gives a good efficiency-improving performance. In order to meet the requirements of 
the system, optimization is supported by the procedures for characterizing the load sequence 
and identifying the uncertain parameters. In Sections 4.4.1 and 4.4.2, the performances of 
the sub-procedures are shown to be adequate. 

Also, the adaptive performance of the Learning Hydraulic System depends on the perfor
mance of the individual sub-procedures. Further, the adaptive performance is affected by the 
processing time of the adaptation loop (load characterization - parameter identification -
optimization). Once the supervisor detects a change or variation in the system or in the load 
conditions, this loop needs a certain time to create new optimal settings. The reaction times 
for load characterization and parameter identification have already been discussed. In the 
next example, the reaction time of the optimization process is studied. 

Example 
For the reaction times of the optimization procedure in the start or restart period see Section 
2.4. For the reaction times with load variations see Subsection 4.3.2. The reaction times 
can be influenced positively by the settings of the optimization procedure and the use of 
intermediate results. In Table 4.1, the influence of the step-size on the solution of differential 
equations in the low-frequency dynamic model (of System no. 1 with V.,=16ccjrev, V,.=41 
and load sequence no. 1) and the influence of constraint tolerances 'tol' on the reaction time 
(computation time 'ct') for t.he optimization process are summarized, see also (Seebregts, 88). 
The computations were carried out on a 33 MHz 486 personal computer. 

Table 4 1· Influence of Step-size and Tolerances .. 
step-size [sj tol it fe ct [min:sec] E1018 [kJ/c] 11 [-] 

0.05 Se-3 10 2158 1:52 19.50 0.523 
0.05 1e-3 16 1972 2:18 19.51 0.523 
0.01 5e-3 13 1195 2:12 19.22 0.526 
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The symbol 'it' denotes the number of iterations and 'fe' denotes the total number of func
tion evaluations. In Figure 4.7, simulations with the intermediate results for the first three 
iterations with a step-size of 0.05 and a tolerance of 5 ·10-3 are shown. The energy losses and 
computation times for the intermediate results are summarized in Table 4.2. In iterations 4 

·TablE 4.2~ lnt _., 
Results. 

it fe ct [min:secJ Ez()u [kJ/cJ 7] [-J 
1 50 0:08 25.61 0.454 
2 50 0:12 21.19 0.502 
3 28 0:04 19.55 0.522 
4 43 0:05 19.52 0.522 
10 642 0:20 19.51 0.523 

to 10, only a very small increase is obtained at the expense of much computation time (see 
Table 4.1). 

8 xiO"" 

6 

~ 4 

20 

Figure 4. 7: The use of intermediate results 

The. example described shows that the reaction time is affected positively by the choice of 
tolerances and accuracies, and by the fact that intermediate optimization results also can be 
used. It is recommended that the optimization process should start with larger tolerances and 
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lower accuracy than necessary, then, to re-evaluate the final result with the smaller tolerances 
and the accuracy desired. Optimizations with too small tolerances and a too great accuracy 
are senseless since the extra gain is very small. In practice, the extra gain will not !)ven he 
recognized. The reaction time of the optimization process will also he influenced by the choice 
of the starting-point. 

Combining the results of this example with those of the load characterization procedures 
and the parameter identification, suggests that the Learning Hydraulic System has an ac
ceptable adaptive performance (learning characteristic). 

A correction procedure has been developed for filling the period between the detection of 
changes or variations and the actual action. That procedure will ensure the continuity ofthe 
system. Despite temporary "poor" settings, the constraints will not be violated thanks to 
the action of this procedure. The procedure will also take care of further disturbances such 
as unmodelled dynamics. The performance of this sub-procedure is illustrated in Subsection 
4.4.3. 

4.5.3 Robustness 

In literature, different definitions for robustness can he found, bl!t generally, "robust control" 
considers the design of a constant, linear controller. Such a controller is called robust if the 
behaviour of the controlled system remains acceptable when the system deviates from the one 
for which the controller was designed. Before designing a robust controller, it is necessary to 
specify the disturbances the system must resist. In the case of the Learning Hydraulic System, 
they include the unmodelled dynamics, the parametric uncertainties and the load variations 
and changes. Further, it must be established which system property should be insensitive. 
Two main classes of robustness can be distinguished: stability robustness and performance 
robustness. 

The low sensitivity of the Learning Hydraulic System with, regard to unmodelled dynam
ics was shown in Section 4.3.1. The influence of unmodelled dynamics can be corrected by 
the correction procedure, see Section 4.4.3. In fact, the Learning Hydraulic System is designed 
in such a way that it can adapt to other disturbances in order to create a new situation with 
optimal performance (optimal efficiency). Hence, the control strategy can be considered as 
a robustness-improving mechanism. Due to this, the term "robustness" in an adaptive con
text, will have a different meaning from that in a non-adaptive context. Usually, in adaptive 
control, only the stability of a controller is considered. 

4.5.4 Stability 

In fact, the control consists of two control loops as shown in Figure 3.2: 

1. system ==> correction 

2. system ==> load characterization ==> 
parameter identification ==> optimization 

: fast closed loop control (feedback), 

: slow open loop control (adaptation). 
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The stability of the closed loop depends entirely on the correction procedure. The stability 
of this, procedure is shown in Section 4.4.3. The stability of the open loop depends mainly 
on the numerical stability (convergence) of the parameter identification and the optimiza
tion procedure. Under normal conditions of the system, only small variations occur in the 
parameters and the load, therefore, the stability of the procedures is guaranteed (Gill, 81). 
At the start of the system or at a cycle change, the numerical stability is dependent upon 
the initial values of the starting-point and the parameters. The stability in these stages will 
be influenced positively by larger tolerances and smaller accuracy. For the initial values de
termined according to the, rules on page 43, the optimization will show a stable behaviour. 
For parametric differences in the initial values, up to ±20%, the identification procedure has 
stable behaviour. Further, instabilities may occur when the load variations are too fast for 
the processing time of the open loop. In practice, however, such situations are unlikely to 
occur. 

Resuming, it can be concluded that the Learning Hydraulic System shows a good stability 
robustness within the limits for its design. 

4.6 Conclusions 

With simulations, the control strategy was investigated to see if it can create the desired be
haviour of the system. Obviously, the total system behaviour will depend on the performances 
of the individual sub-procedures; they have been shown to be adequate. The supervisor co
ordinates those sub-procedures so that the total system gives the desired performance. The 
guidelines for adjusting the supervisor were obtained from a sensitivity study. Adjustment of 
the supervisor can be used to tune the Learning Hydraulic System to any specific conditions 
of the system to which it is applied. Although the Learning Hydraulic System was only used 
with a single pump/accumulator combination, it should be suitable for other configurations 
too. 

Hence, it may be concluded that a {plastic moulding) machine driven by the Learning Hy
draulic System according to the control strategy suggested will provide a good performance. 
The desired load sequence will be delivered with an optimized efficiency and the system will 
adapt to varying and changing conditions performing new optimal settings. In order to in
vestigate the actual behaviour of the Learning Hydraulic System, it was implemented in a 
hydraulic test-bed. The results of that investigation are described in the next chapter. 



Chapter 5 

Actual Behaviour of the System 

The actual behaviour of the optimally controlled Learning Hydraulic System was 
tested on a laboratory scale. The test-rig used is described. The actual perfor
mances of the sub-procedures were tested separately. The actual performance of 
the total system was tested with two different load sequences. In the discussion of 
these tests, they are compared with the simulated results. 

5.1 Description of the Test-Rig 

The behaviour of a Learning Hydraulic System in practice, a hydraulic system which is 
optimally controlled with the help of the new energy-saving approach, was investigated in the 
laboratory. For that purpose, a test-rig had to be developed. For generality a.nd flexibility, 
in the test-rig, the cyclic load of the Learning Hydraulic System is generated by a hydraulic 
load simulator. The load simulator is able to simulate a wide range of cyclic time-dependent 
load pressures and flows (load sequences) with their associated dynamic behaviour. In the 
description of the test-rig, which comprises a hydraulic system and a controller, a distinction 
is made between the Learning Hydraulic System a.nd the load simulator. 

5.1.1 Total System 

In Figure 5.1, a schematic representation of the complete test~rig is shown. The different 
vectors in that figure represent: 

.£(t) 
Q(t) 
:IJL(t) 
1t)t) 
JL(t) 
&(t) 

[ 1Lisl(t) Uts2(t) JT 
[ Pi(t) Pt(t) Po(t) Q!(t) ]T 
I Pl(t) Ql(t) ]T 

= I Pv(t) Pa(t) Ps(t) jT 
I y (t)T w.(t)T JT 

= I ;;{t) Ua(t) Uprtt(t) ]T = I :~t.(tf Uprv(t) JT 

; load simulator input, 
; load simulator output, 
; load sequence, 
; reduced output, 
; output, 
; supply system input. 

In Figure 5.1, the same structure as in Figure 2.4 can be recognized. The load cycle, how
ever, is generated by a hydraulic load simulator with its own controller. For an industrial 
application, such as a plastic moulding machine, the load simulator with its controller would 
be replaced by the actual machine. Although the control unit of the Learning Hydraulic 
System and the controller of the load simulator have to be combined in the actual test-rig, 
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CHAPTER 5. ACTUAL BEHAVIOUR OF THE SYSTEM 

LEARNING HYDRAULIC SYSTEM 

Hydraulic 
Supply 
System 

Control Unit 

Figure 5.1: Schematical representation of the test-rig 

in this figure, the controller of the test-rig is split up. This division immediately shows the 
parts needed for an industrial application (the Control Unit). For convenience in further 
descriptions of the test-rig, this division will be maintained. 

5.1.2 Hydraulic System of the Test-Rig 

The main part of the hydraulics of the test-rig is drawn schematically in Figure 5.2 as a 
functional diagram. For convenience, additional equipment such as the pilot pressure system, 
the filter system and the cooling system, are left out. 

-----------. 
LS2 

I . 
\ I 

--r-- ...,,._£-;;--v2_.,. 1 . ______ :] 
a: Hydraulic Supply System b: Hydraulic Part Load Simulator 

Figure 5.2: Hydraulic system of the test-rig 

In this figure, a distinction is made between the variable supply of the Learning Hydraulic 
System and the load simulator. In the next paragraphs, the individual sub-systems are 
explained separately. Figure 5.3 shows a photograph of the hydraulic system of the test-rig. 
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Figure 5.3: Hydraulic system of the test-rig 

Hydraulic Supply System 

The structure of the variable hydraulic supply system is given in Figure 5.2.a. The system 
is like the example in Chapter 2 and Appendix A~ In the System Analysis of Chapter 4, the 
same system was used, so, a direct comparison is possible. The system consists of the single
pump/accumulator combination. The fixed displacement pump, driven by an asynchronous 
electro-motor, can be unloaded by means of a 2/2-way valve. In that case, the check-valve 
prevents a reverse flow. from the system. When the pump is loaded, it supplies the system. 
Likewise, the accumulator can be switched on or off by means of a 2/2-way valve. The 
proportional pressure relief valve controls the system pressure if the accumulator is switched 
off, otherwise it acts as a safety valve. In the actual test-rig, that function is performed by a 
proportional 4/3-way valve with an analog electronic pressure control, see Figure 5.4. 

Figure 5.4: System pressure control 

For proper control of the Learning Hydraulic System, the essential hydraulic variables of the 
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supply system, the reduced output ,t.(t), have to be measured and the actuators activated. For 
the measurements of those variables, which are the pump pressure pp(t), the system pressure 
p8 (t) and the accumulator pressure Pa(t), pressure transducers are used. Those transducers 
transform the pressure into an analog electrical signal which is the input to the control unit of 
the Learning Hydraulic System. The output from that control unit is formed by the control 
signals ~(t) that are sent to the actuators; the 2/2-way valves and the proportional relief 
valve. 

Specifications of the Hydraulic Supply System: 

= 1465 
=11 
= 200 ·lOS 

[rev/min] 
[kW] 
[N/m2] 

=40·105 

=4 
= 16.2 

[N/m2] 

[1] 
[cc/rev] 

These specifications correspond to the optimal system described in Section 2.4.2. 

Hydraulic Part of the Load Simulator 

The duty of the hydraulic load simulator is to simulate the load sequence of a hydraulically
driven machine with variable cyclic behaviour. This means that the cyclic flow and pressure 
sequences, as defined in advance, have to be achieved simultaneonsly. The pressure and flow 
sequences represent the pressure and flow needed for driving a real mechanical load. For 
example, they represent the pressures and flows in the cylinders and motor(s) of a plastic 
moulding machine. In this way, the supply system experiences the real load sequence al
though it is simulated. Figure 5.5 shows a photograph of the hydraulic system of the Load 
Simulator. 

Figure 5.5: Hydraulic part of the load simulator 



5.1. DESCRIPTION OF THE TEST-RIG 69 

The structure of the hydraulics of the load simulator is shown in Figure 5.2.b. In the actual 
load simulator, the functions of the pressure reduce valve LS1 and flow control valve LS2 are 
achieved by two digitally controlled proportional 4/3-way valves, se~ Figure 5.6. 

Figure 5.6: Load pressure and load flow control 

The pressure in between the two valves represents the load pressure, and the flow through the 
two valves represents the load flow. By an appropriate control of both valves (see Subsection 
5.3.2), all points (pl, q1) in the working range can be obtained. In order to get faster response 
rates tset for switching from one point to another, valves with electro-hydraulic servo-valve 
pilot stages are used. Using the two ports of each valve in parallel, doubles the flow rate and 
has hardly any influence on the response rates. 

For proper control of the load simulator, the hydraulic variables needed, the output of the 
load simulator .&(t), has to be known and the actuators have to be activated. The variables 
are the pressure-drop ~Pt(t) and ~P2(t) across the valves, and.the flow through the valves. 
For determining the pressure-drop, three pressure transducers are used for measuring the inlet 
pressure Pi{t), the load pressure Pt(t), and the return pressure p0 (t). The transducers trans
form the pressure into an analog electrical signal. For flow measurements, a flow transducer 
based on a gear motor is nsed. The transducer transforms the flow into a pulse-frequency 
modulated electrical signal. The electrical pressure and flow signals form the input to the 
controller of the load simulator. The output from this controller, the control signals ,t(t), are 
sent to the actuators; the pressure reduce valve and the flow control valve. The electrical 
signals of the load pressure and load flow are also part of the input to the control unit of the 
Learning Hydraulic System. 

Specifications of the Hydraulic Load Simulator: 

Pl =0 200·105 = 0 - 7.5. w-4 [m3/s) 
~Pmin = 10 · 105 =50 !ms] 
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As the specifications indicate, only the first quadrant operation is possible. The examples of 
load sequence!! discussed in Appendix B section B.l, fall into the working range of the load 
simulator which makes a comparison with the system analysis possible. 

5.1.3 Controller 

In the test-rig, the control unit of the Learning Hydraulic System and the controller of the 
load simulator have to be combined and implemented with a single Personal Computer (PC). 
In the next paragraphs, the Control Unit and controller of the load simulator are discussed 
separately. In the last paragraph of this section, the main aspects of implementing both 
controllers with the PC are discussed. 

Control Unit of the Learning Hydraulic System 

This Control Unit consists of control software and I/O-interfaces. In Figure 5. 7, the Control 
Unit is shown schematically. 

Interface Software Interface r· ···-- - --·-·- -·----- ---·- -- -- ------ --- -~ 

Figure 5.7: Control unit 

The software part of the control unit of the Learning Hydraulic System is based on the 
control strategy. In Figure 5.7, the structure of the control software is presented. In that 
figure, only the main information flow is presented. The different blocks are explained briefly. 
For an extended description, see Chapter 3. 

Supervisor : On the basis of information about the system state and the load state, the 
supervisor activates the different sub-procedures (LC, ID, OPT, C). 

Load Characterization (LC) : The procedure for load characterization transforms the 
measured load sequence :w. into the appropriate form for the optimization lll.ch. 

Identification (ID) : The procedure for identification fits the low frequency dynamic model 
to the measured system data by determining the actual parameters D_. 

Optimization (OPT) : With the help of the model identified and the load sequence char
acterized, the optimization procedure determines the optimal switch-times y and the 
initial state ~0 with minimal energy loss including the constraints. 

Correction (C) : The correction procedure takes care of the constraints, which may be 
violated in the actual system by the disturbances. The correction adds small amounts 
L\y to the variable input (l!c = y + Ay) by varying the optimal switch-times. 
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System Pressure Control (SPC) : When the accumulator is switched off, the desired 
system pressure equals the load pressure PI plus the minimal pressure difference APmin 
(uprv = K · (p1 + APmin)). Otherwise, the proportional pressure relief valve acts as a 
normal safety valve. 

At the input-interface, the measured analog pressure signals are converted into sampled 
digital data and the pulse-frequency as a measure of the load flow is determined. At the 
output-interface, the digital output signals are converted into analog control signals. 

Controller of the Load Simulator 

This controller comprises control software and I/O-interfaces, likewise the control unit of 
the Learning Hydraulic System. In Figure 5.8, the controller of the load simulator is drawn 
schematically. 

Interface Software Interface 1- - -- - - - -- - - - - - -I 

:~ t 

' L ... -.oouO.-**-•••••u•~•••••••ooonoono••••••••••oo•oOOH•••••••••••••oo«O•H•O•••••••••••••••••••••••••••••••••••••U•ooou••••••••••••++OUO••••••••••••••••••j 
Figure 5.8: LS-controller 

The software part of the controller of the load simulator will be described briefly, but an 
extended version is given by (Fortuin, 92) and (Schoenmaekers, 91). 

In order to achieve the desired load sequence, Pldes and %u.., in the controller of the load 
simulator, the necessary control signals have to be determined with the help of experimen
tally derived static models of the pressure reduce valve and the flow control valve 

MODEL1: 

MODEL2: 

Ul (pi(k),Pides(k), qldes(k)), 

u2(Po(k ), Pldes( k ), qldes(k) ). 

(5.1) 
(5.2) 

Consequently, internal and external disturbances and mismatches between the model and the 
actual load simulator are not compensated and differences between the desired and the actual 
load sequences will result. Those differences are undesirable and even not permitted in static 
situations. For that reason, two digital closed loop PID-controllers are used 

PID;: = Kp,j [e;(k) + Tl . t e;(i) + TnJ [e;(k) - e;(k- 1))] , 
I ,J i=O 

ildes(k)- j1(k), j E (p,q). (5.3) 

In that equation, the factor Kp denotes the proportional gain, the factor T1 denotes the inte-
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grator gain, and the factor TD denotes the derivative gain. Now, the controller output becomes 

Utsl(k) = u1(k) + dUtsp(k), 

U!s2(k) U2(k) + aulsq(k). 

(5.4) 

(5.5) 

Using a model-based control instead of direct control, faster response rates are obtained. 

At the interfaces, the analog pressure signals are converted into sampled digital data, the 
pulse-frequency as a measure for the flow is determined and the digital output signals are 
converted into analog control signals. 

Implementing the Controllers with a Personal Computer (Bree, 93) 

As already mentioned, the control unit and the load simulator controller have to be combined 
in the actual test-rig. Both controller tasks are carried out with a single PC with 486 micro
processor. In fact, the tasks of controlling the load simulator and the control unit have to 
be performed simultaneously. With the PC, the tasks can only be performed sequentially, 
but using a priority interrupt control, however, gives a semi-simultaneous control. Figure 5.9 
shows a life cycle diagram of the time-sequences of the various control actions, directed by 
the interrupts, on the sequential PC. 

A: 

cycle (n) 

B: 

cycle (i+2) 

~LS [[[Jl .. c B S,LC,ID,OPT 

Figure 5.9: Life cycle diagram 

The sub-procedures for characterization of the actual load sequence, LC, for identification, 
ID, and for optimization, OPT, are running in the foreground under guidance of the Su
pervisor, S. Those sub-procedures are activated sequentially and have the lowest priority. If 
necessary, higher priority can be given to the correction procedure, C, at the start of each 
cycle. Since the load simulator requires a "continuous" control, it has to be activated each 
time new measurement data are collected. Also, operating the proport1onal pressure relief 
valve, SPC, and the 2/2-way valves is "continuous". The collection of data for all sub
procedures, the control of the load simulator and the activation of the valves in the hydraulic 
supply system have the highest priority. In the actual test-rig, the process is repeated with 
a frequency of 250Hz (sample-frequency). Figure 5.9.B shows the priority-order for one cycle. 
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In the actual test-rig, the time taken by the controller of the load simulator and the time 
for the control unit of the Learning Hydraulic System are approximately the same. So, half 
the time results for the control unit. Figure 5.9.A shows the actions of the control unit in a 
time span of a few load cycles. In cycles 1 to i, the system operates at constant pressure. No 
corrections c take place. On the basis of measurements taken in the first cycle, the super
visor activates the necessary sub-procedures from cycle 2 to i + 3. At point a, intermediate 
optimization results are available and they are used from cycle i + 1 onwards. In that cycle 
still no corrections are made. After that cycle, the correction c starts. At point b, the opti
mum is found and used in cycle i + 4. The correction skips one cycle. When starting with 
pre-determined switch-times, from cycle 2 onwards, the correction is started, but, it skips one 
cycle when new switch-times are used (cycle i + 1). 

For a more detailed description of implementing the controllers in a control program with 
a Personal Computer, see (Bree, 93). 

5.1.4 Closing Remark 

An advantage of using the load simulator for testing the actual behaviour of the Learning 
Hydraulic System instead of using an actual plastic moulding machine, is the flexibility of 
the load simulator. With the definition of a new desired load sequence l!l,te8 (t), a whole range 
of plastic moulding machines or other cyclic machines can be simulated. So, the Learning 
Hydraulic System can be tested for a wide range of load sequences. 

5.2 Actual Performance of Sub-Procedures and Verification 

The control consists of different sub-procedures coordinated by the supervisor. They are 
·procedures for characterizing the load, for identification, for optimization and for correction. 
The actual performance of those sub-procedures was tested with the test-rig described. The
oretical load sequence no. 1 was used. A description of the test results and their comparison 
with the simulations will be given in the next subsections. In Appendix C, some .additional 
information about the tests is summarized. The supervisor is discussed in Section 5.3, where 
the actual performance of the total system is described. 

5.2.1 Load Characterization 

For characterization of the actual hydraulic load sequence of the Learning Hydraulic System, 
it is necessary to know the actual load pressure Pl(t), and the actual load flow q1(t). When 
predicting the performance of the load characterization procedure, it is assumed that the 
hydraulic load sequence can be measured directly (see Section 4.4.1). For the test-rig, that is 
indeed the case. An example of an actual load sequence measured on the test-rig is given in 
Figures 5.10.a and 5.10.c, and also in Appendix C, Figure C.L 

Measurements from this load sequence were ilsed to test the performance of the load character
ization procedure. In Figures 5.10.b and 5.10.d, the characterized load sequence is represented 
graphically. The figures were drawn using the information in Table C.l of Appendix C where 
the characterization results are summarized. Also in this example, a visual comparison of the 
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Figure 5.10: Characterization of the actual load sequence 

characterized load sequence U!cn(t) (Ef/:ad = 21.92 kJfcyde), with the desired load sequence 
Ylde.(t) (Ef"~ 21.35 kJfcycle), shows a very good agreement. Obviously, this is required 
because of the small differences between the desired and the actual load sequences (see Fig
ures C.2 and C.3 in Appendix C). The characterization gives an enormous data-reduction 
resulting in useful information. 

A qualitative assessment of the correctness of the characterization is impossible. However, 
the usefulness of characterized load sequences will be demonstrated in the next subsection 
where one is used in the identification process. 

5.2.2 Parameter Identification 

Identification of the uncertain parameters of the low-frequency dynamic model is carried out 
with the iterative identification approach. Since the hydraulic system of the test-rig differs 
somewhat from the system on which the low-frequency dynamic model was based, the model 
has to he adjusted. Simulated results from the resulting total model are fitted to the mea
surements with the help of the identification procedure. Afterwards, the "correctness" of the 
model identified is examined. 

Model Adjustments 
In the test-rig, the proportional pressure relief valve is situated before the check valve. It 
adj~ts the pump pressure (when the accumulator is switched off) rather than controlling the 
system pressure 

Pp(t) = Pt(t) + ~Pmin· (5.6) 
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The proportional pressure relief valve behaves almost ideally, because it is constructed with a 
digitally controlled proportional 4/3-way valve. Now, when the accumulator is switched off, 
the system pressure becomes 

Ps(t) = Pp(t)- t:.Pcv(t). (5.7) 

For evaluating the pump model, separate measurements of the pump are taken. For the model 
of the pump it follows that 

(5.8) 

The turbulent leakage factor is absent in the calibrated pressure range of the pump. The 
calibration results are shown in Appendix C.2. Another difference in the model is the intro
duction of delays between operating the 2/2-way valves and the actual movement: 

u,.(t) 

Ua(t) 

Udes(t) + €+, 

Udes(t) + €_, 

for closing, 

for opening. 

Further, the low frequency dynamic model presented in Appendix A.1 is used. 

Model Fitting 

(5.9) 

The identification procedure produces the best-fit model by estimating the uncertain pa
rameters. In the identification, the characterized load sequence is used. In addition to the 
characterized load sequence, the actual accumulator pressure Pa(t), the actual pump pressure 
Pp(t), and the actual system pressure p.(t) have to be measured (Section 4.4.2). The measure
ments for the identification are based on load sequence no. 1 with the optimal switch-times 
and initial state for the adjusted model. So, all possible switched-states of the system are 
represented in the measurements. The estimated parameters for the model that fits best to 
those measurements according to the IWAE-criterion 3.6 are: 

Laminar leakage factor, 
Check valve resistance, 
2/2-Way valve resistance, 
Thermal time-constant, 

= -8.459 . 10-13 

= 1.363 . 1012 

3.728. 1012 

= 16.547 

[m4s/kg) 
[kg/m7) 

(kgfm7) 

[s) 

In Figure 5.11, the results of the model identified are shown in the form of simulations of 
the system pressure. In that figure, the measured and characterized load sequence and the 
measured system pressure are given too. In Appendix C, Figures C.8, C.lO and C.12 show the 
measurements used for the identification process. In those figures, the simulated accumulator 
pressure, the simulated pump pressure and the simulated system pressure are given too. 

Model Validation 
The model is validated according to two criteria: the credibility of the model and the proper 
functioning of the modeL In order to do this, some tests were performed; 

Background Knowledge : The parameter estimates were checked in the light of back
ground knowledge from the manufacturer: 
Laminar leakage factor L1 : The volumetric efficiency of the pump can he described . 
with this leakage factor 

'lft,(pp) = qp(Pp) = Qp0 L1 · Pp = 1 _ . Pp· 
qpth QpO QpO 

(5.10) 
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Figure 5.11: Actual system behaviour (optimized off-line, first cycle) 

The efficiency figures agree with manufacturer's data (for example: at Pp = 160 · 105 

Njm2 the measured volumetric efficiency 1/v is approximately 0.97). 
Check v~lve resistance Hcv : When the pump is switched on (qcv(t) = qp(t)), the 
estimated pressure drop over the check valve is 2.59 · 105 N/m2. The manufacturer 
quotes pressure drops of the same order too. 
2/2-Way valve resistance H2w : From specifications provided by the manufacturer, 
the approximate value is 3.0 ·1012 kgfm7. The estimated value and the manufacturer's 
value agree well. 
Thermal time-constant r : In (Rupprecht, 88), some empirical equationS for this 
time-constant are given. For heat exchange periods up to 5 s, the thermal time-constant 
is about 8 s. With longer heat exchange periods, the time-constant increases which 
explains the higher value for the estimated time-constant. 

Residuals : The fit of the model to the measurements was tested with the residuals. Due 
to the unmodelled dynamics of the 2/2-way valves arid the proportional relief valve, 
temporarily greater residuals occur. Otherwise, the residuals show no great structured 
deviations. In Appendix C, Figures C.9, C.ll and C.13 show the residuals. 

Other Measurements : The model was tested with measurements other then those used 
. to make the estimates. The test was carried out for the main part of the low frequency 

dynamic model; the accumulator. The model fits with a similar accuracy to all the 
other measurements. Also, the value of the criterion function J for identification and 
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the value of the criterion function Llmodel for detection of variations in the system 
parameters are determined from those measurements. Any differences are small. Table 
C.2 gives the values of the criterion functions and the statistical data for comparing the 
simulated and the measured accumulator pressure. 

From the tests, it can be concluded that the low-frequency dynamic model is indeed ac
ceptable and it functions correctly. That conclusion is confirmed in the remainder of the 
experiments described in this chapter. It follows that modelling based on the considerations 
in Appendix A, Section A.l.1, gives a useful model for the Learning Hydraulic System. Also, 
that the optimization and simulation studies of Chapters 2 and 4 respectively, are based upon 
a valid model. The model is appropriate for on-line optimization of the test-rig. Since the 
characterized load sequence is used in the model, the tests also confirm the performance of 
the load characterization procedure and the usefulness of the characterized load sequence. 

5.2.3 Optimization (Off-line) 

The optimization procedure uses no direct measurements. It takes its data from the charac
terized load sequence and the parameters identified. With the help of those data, the system 
is optimized off-line which results in a theoretical efficiency of 1/tl> = 0.52. The optimal point 
(optimal switch-times and initial state) is used in the test-rig. The measurements from the 
first cycle in which the optimal point is used are shown in Figure 5.11. In the actual situation, 
the efficiency is of the order that simulations predicted (q ~ 0.52). 

Compared with the simulations presented in Chapter 4 (for example see Figure B.4), the 
behaviour of the actual system shows a good correlation. In detail, however, some variations 
occur. In comparison with the optimization results which are always based on "old" load se
quences, the actual system behaves non-cyclically (violation of constraint C34 : p4 (to) I= p4 (te), 
see also Figure C.12). This phenomenon is caused by variations in the actual load se
quence as well as model inaccuracies. In the first cycle, constraint c12 is not violated 
(min(p8(t)- Pl(t)) 2: LlPmin• see also Figures C.15, C.16 and C.17). Due to the non-cyclic 
behaviour of the system, however after a few cycles, either the efficiency decreases noticeably 
or those constraints will be violated too. The former is shown in Figure 5.12.d for the case 
without correction. The latter is shown in Appendix C, Figure C.18, where measurements of 
the Learning Hydraulic System are shown after three cycles. III order to prevent or correct 
them, in the control, a "fast" correction loop has been inserted. 

5.2.4 Correction 

The procedure for correcting violations of the constraints needs information about the actual 
state of the constraints (Section 4.4.3). In order to correct constraint c12 , the actual system 
pressure p.(t) and load pressure p,(t) should be known. In order to correct constraint c34, 

the actual accumulator start pressure Pa(to) and end pressure Pa(te) of each cycle should be 
known. 

When violations of the constraints are detected, the procedure for correcting them comes 
into action. As discussed in Subsection 3.3.3, the correction procedure has two modes of op
eration. In Figure 5.12, the results of both correction modes are compared with a case without 
any correction. As shown in Figures 5.12.a and b, Mode 1 affects a cyclic system behaviour, 
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Figure 5.12: Performance of the procedure for correction 

but constraint c12 can be violated (Figure 5.12.c). Mode 2 overcomes those violations too, 
but shows a less quiet behaviour. An additional advantage of Mode 2 is that the smallest 

n 
pressure difference between system and load is minimized (min(p8 (t)- Pt(t)) = ~Pmin)· So, 
the efficiency increases (Figure 5.12.d). 

Disturbances 
As cycles proceed, disturbances caused by random load variations arise. If no correction takes 
place, the system shows an undefined and unstable behaviour and the efficiency is (negatively) 
influenced. Due to the correction procedure, the system shows a defined and stable reaction to 
those disturbances. In an actual production process, unidirectional load variations also take 
place. Due to increasing wear for example, in the course of time, the load pressure increases 
slowly. For the measurements this is represented as a load pressure change of + 10% from the 
25th to the 40th cycle. After a few cycles, Mode 1 correction gives a cyclic system behaviour, 
but constraint c12 is violated (~Pmin(i) < 0 Nfm2, Figure 5.12.c). Mode 2 prevents that 
constraint being violated too, but gives an inevitable efficiency decrease. In the meantime, 
the optimization determines new and better switch-times and initial state. 

If a good model is available and only small load variations occur, Mode 1 correction will 
be sufficient and should be recommended for a quiet behaviour. 
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5.3 Actual Performance Total System and Verification 

A study of the actual performance with the total Learning Hydraulic System controlled ac
cording to the control strategy was carried out with the help of the two theoretical load 
sequences (see Appendix B). But firstly, adjustments of the supervisor and the measurements 
which are necessary in order to obtain a Learning Hydraulic System working correctly, will 
be discussed. 

5.3.1 Supervisor 

The action and interaction of the different sub-procedures are coordinated by the supervi
sor using actual information about the load and the state of the system. For monitoring 
of the variations in the actual load and the actual state of the system, the total output 
J!.(t) = (J!.r(t)T 1!/.(t)T]T, has to be measured (Section 4.5.1). In order to detect variations in 
the actual system parameters, the accumulator pressure Pa(t), the pump pressure pp(t), and 
the system pressure p,(t) have to be measured, l!.r(t). In order to detect the variations and 
changes that occur in the actual load sequence, the load pressure Pl(t) and load flow q,(t) 
have to be measured, 111.(t). 

If the detected variations exceed certain limits, the appropriate sub-procedures are activated. 
Analytically derived guidelines for the limits are given in Section 4.5.1. Since the test-rig 
behaves less smoothly than the simulations, the limits are increased in order to get a smooth 
behaviour. This is permitted because the correction procedure is capable of correcting system 
and load variations of the same order without considerable efficiency changes. The weight 
factors a; are chosen as indicated in Section 4.5.1. 

5.3.2 Necessary Measurements 

For proper functioning of the Learning Hydraulic System, information about the load 
and the actual state of the system is needed: see the previous section for each sub-procedure. 
The variables which have to be measured for the various sub-procedures and the supervisor, 
are summarized in Table 5.1 and marked with*· 

Table 5.1: Necessary measurements. 
Sub-Procedure Measurements Needed 

PI ql Pa p, p, 
:.Oad Characterization * * - - -
=>arameter Identification - - * * * 
}ptimization - - - - -
Correction * - * - * 
Supervisor * * * * * 

Together, all variables which have to be measured form the total output 'Vector y(t). As 
expected, that agrees with the definition of the dynamic model. The output vector iS typical 
of a single-pump/accumulator combination. In the case of a hydra~lic supply system with 
more pumps or accumulators, that vector should be extended. 
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In the test-rig, additional information is needed for proper functioning of the load simu
lator. The model-based control requires information about the pressure-drop ~Pl{t) and 
~P2(t) across the load simulator valves (see Section 5.2.2). That means that, in addition to 
the measured variables for the Learning Hydraulic System, the load simulator inlet pressure 
Pi(t) and return pressure p0 (t) have to be measured too. 

Thus, in the test-rig only six pressure transducers and a single 8.ow transducer are needed. 
This relatively small number results mainly from the fact that the load 8.ow and load pressure 
in the test-rig can be measured directly. 

5.3.3 Examples 

Figures 5.13 and 5.15 show the experimental results of the total Learning Hydraulic System 
loaded with load sequences nos. 1 and 2 respectively as the actual efficiency over time. 
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Figure 5.13: Efficiency progress (load sequence no. 1, teycle :::::: 20 s) 

(Re-)Starting the System 
The system starts as a pressure system with both pump and accumulator switched on all the 
time. For both examples, that results in a poor efficiency. From the start until the lOth and 
the 17th cycle respectively, the supervisor activates the characterization procedure followed 
by optimization. In the fifth cycle with load sequence no: 1 and in the sixth cycle with load 
sequence no. 2 sub-optimal switch-times and initial state are used (solid lines). From that 
cycle on, the correction procedure prevents constraint violations, but skips one cycle each time 
new switch-times and initial state are applied. In the 12th and the 20th cycle respectively, 
the optimal point occurred and the efficiency is optimal. In Figure 5.14 and 5.16, measured 
examples of the starting situation (1), a sub-optimal situation (2) and the optimal situation 
(3), are compared for the two load sequences. Figures 5.13 and 5.15 also show cases in which 
no intermediate results are used (dashed lines); the response rate decreases clearly. 

Normal operation 
From the 12th and the 20th cycle respectively, the system has reached its optimal efficiency 
and is in normal operation. The supervisor detects any variations in the state of the system 
or the load. In the system, different variations occur due to disturbances which are taken care 
of by the correction procedure. From the 35th cycle, a load pressure variation of -10% in 
load sequence no. 1 and a load flow variation of -10% in load sequence no. 2 are introduced 
deliberately so that the respective limits LF and Lq are exceeded. Those variations are de
tected by the supervisor and the load is re-characterized followed by optimization, while in 
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Figure 5.14: Actual system behaviour (load sequence no. 1) 

the meantime the "old" switch-times and initial state are used until new (intermediate) set
tings are available and the correction procedure takes care of violated constraints. During the 
tests, the identification never operated because there were no big variations in the system1• 

- with intermediate optimization results 
---·- without intermediate optimization results

1 

. ! 
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Figure 5.15: Efficiency progress (load sequence no. 2, tcycle = 20 s) 

For both examples, the Learning Hydraulic System shows an acceptable performance. The 
system behaves as simulations predicted, the efficiencies obtained agree with those of the simu
lations, and the adaptive performance is demonstrated. In the time that the slow adaptation 

1 For unexplained reasons, the control task could not be carried out with a. single PC: the optimization 
process wa.s performed on a. second PC which was coupled to the control PC by a. network (parallel processing). 
Therefore, a.nd since no big variations in the system occurred, the identification procedure was excluded too. 



82 CHAPTER 5. ACTUAL BEHAVIOUR OF THE SYSTEM 

on 
(u,.(t)) accu off 1------'-'---------___J'-----'-------'------1 optimal 

("-(t)) pump on corrected 
-p off 1------------L-----~~----------~-----L--------1 

Figure 5.16: Actual system behaviour (load sequence no. 2) 

loop needs to determine the adjustments, the correction procedure overcomes the violated 
constraints. 

5.3.4 Performance 

In Chapter 4, the system analysis showed that the total system has a good efficiency-improving 
performance. In the evaluated examples the efficiencies of the test-rig are of the same order 
as in the simulations, therefore, it can be concluded that the actual total system has a good 
efficiency-improving performance too. The performance of the Learning Hydraulic Sys
tem to adapt to system variations and load variations, as well as, changes (for example when 
switching from load sequence no. 1 to load sequence no. 2) depends on the performance of 
the individual sub-procedures. In the study of the actual performance of the sub-procedures 
(Section 5.2), their performance is demonstrated. In combination with the test results from 
both examples in the previous subsection, it can be concluded that the total system has an 
acceptable adaptive performance (learning characteristic). In an industrial application, 
with less variation of the load (Erriu, 91), the adaptive performance can be increased by 
tightening the limits Lpr and Lq· 

In the test-rig, only small variations occurred in the system state. Therefore, in the tem
perature stable test-rig the identification procedure seemed redundant. The optimization 
results based on the off-line estimated model performed satisfactorily during the relatively 
short time that the tests were performed (6 months). For longer periods, that can change. 
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The numerical stability of the open loop in the control has been discussed already in Chapter 
4. The stability of the closed loop is determined by the correction procedure. From the 
study of the performance of this procedure and from the study of the two examples in this 
section, it can be concluded that this procedure has an acceptable stability robustness, 
and therefore, the total system too. 

5.4 Possible Difficulties with Implementation 

As was mentioned in Subsection 5.3.3, for unexplained reasons, the control task could not 
be carried out with a single PC in the test-rig. Due to lack of time, this problem was not 
solved yet and a make-shift solution was to use two PCs in the experiments coupled by a net
work. Obviously, when adapting the Learning Hydraulic System to an industrial production 
machine the implementation of the total control needs to be reconsidered so that the total 
control task can be performed with a single processor. 

The most important information needed for controlling the Learning Hydraulic System is 
the actual load sequence Y!(t). With the test-rig, the load sequence can be measured rela
tively easily. In a practical application, however, other data has to be used to reconstruct 
the load sequence, for example, other measurements or machine adjustments (Section 3.1). 
Obviously, this needs special attention when adapting the Learning Hydraulic System to an 
industrial production machine and it must be readjusted for eaeh particular application. 

Reconstructing the load sequence from machine adjustments will result in the load sequence 
required, but this gives insufficient information for a good adaptive performance and proper 
functioning of the Learning Hydraulic System. Therefore, it will be better to reconstruct the 
load sequence with actually measured data. The problems that can occur with such a recon
struction are discussed briefly in relation to the most important application of the Learning 
Hydraulic System, namely, a plastic moulding machine. 

In a plastic moulding machine, the load consists of different sub-loads (see Appendix B, 
Section B.l) which are sometimes controlled by a single valve (in centrally controlled sys
tems), but usually by separate valves for each sub-load (in decentrally or locally controlled 
systems). In the former case, the complete load pressure sequence can be measured with a 
single pressure transducer, but in the latter case, at least one pressure transducer is needed 
for each sub-load. However, since the. highest load pressure is dominant, in some cases, shuttle 
valves can reduce the number of pressure transducers. 

Measurement of the load flow gives the greatest problems. In both kinds of systems, the 
flow of each sub-load must be determined separately (there are about ten sub-loads in a, 
plastic moulding machine). So, direct measurements of the load flow will require many trans
ducers. The total load flow of a central supply system can he measured with a single flow 
transducer situated between the supply system and the users. Direct measurements have some 
inherent disadvantages; extra pressure drops are introduced, and pressure and flow pulsations 
occur with a tooth gear transducer, and the costs are higher. Another way of determining 
the load flow is to reconstruct it from other measurements. In modern production machines, 
many transducers are used already. For example; for controlling the injection-process, di&-
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placements or velocities of cylinders are measured, and for controlling the plastification, the 
angular velocity· of screw hydro-motors and the mould opening are measured. These data can 
be used directly for determining the actual load sequence of the Learning Hydraulic System 
(compare this with the test-rig, where the load pressure and load flow are already used for 
controlling the Load Simulator). Multiplying the derivative of a displacement or velocity with 
the cylinder surface or multiplying the angular velocity with the hydro-motor's displacement 
volume gives the different flows. Such reconstruction has inherent disadvantages; taking the 
derivative of displacement signals which contain noise requires proper filtering (see (Erriu, 
91), where the reconstruction of the actual load sequence of Figure B.3 is discussed), losses 
are not taken into account which can result in an inaccurate reconstruction, and t ransducers 
are absent for some sub-loads. 

Probably, in a particular application, the actual load sequence will have to be found from the 
combination of direct measurements (the load pressure sequence), reconstructions (the load 
flow sequence), and information about the machine adjustments. 

However, for control of the Learning Hydraulic System, a less accurate determination of 
the load flow sequence is permitted, because of the robustness of its correction procedure. 
Using only information about different pressures, the correction procedure ensures t hat the 
load flow constraint c2 is not violated. Only the identification of the model parameters needs 
accurate flow measurements. In the evaluated application, the off-line identified model per
formed satisfactorily and on-line identification seemed unnecessary. In industrial applications, 
where only small load variations occur, it will even be sufficient to optimize the system off-line 
using the desired load sequence. The correction prevents constraint violations (Active-Rough 
Strategy, Section 3.5) . The adaptive performance of the Learning Hydraulic system will, 
however, be decreased. 

5.5 Conclusions 

The actual behaviour of the Learning Hydraulic System was studied with the help of a test
rig. Obviously, its actual performance depends a lot on the performance of the individual 
sub-procedures. The actual performances of the sub-procedures are acceptable and, together, 
they give the desired performance, when coordinated by the supervisor. So, also in this prac
tical application, the requirements stated in Chapter 1 (and Chapter 4) are fulfilled. In the 
first place, considerable energy savings are obtained. Secondly, the system re-adjusts itself 
automatically to changes or variations in the actual system state and load sequence (learning 
ability). The constraint violations are always taken care of by the correction procedure. 

From the similarity between the simulated and measured results, it may be concluded that the 
assumptions made when developing the control strategy were correct. The most important 
being the assumptions used for formulating the low-frequency dynamic modeL Since that 
model was used successfully in the experiments, this confirms that low-frequency dynamics 
mainly influence the energy consumption of the system. 

Hen·ce, it is concluded that the suggested Learning Hydraulic System can be applied to an 
actual system. 



Chapter 6 

Conclusions and Recommendations 

In this chapter, conclusions and recommendations are presented for the perfor
mance of the Learning Hydraulic System (Section 6.1 ), the control strategy (Sec
tion 6.2) and the practical application of the system (Section 6.3). 

6.1 Performance 

The main objective of the research described in this thesis was to develop and test an energy
saving concept for improving the efficiency of cyclic loaded hydraulic systems and for produc
ing an automatic re-adjustment of the system to variable system and load conditions. It can 
be concluded that the results achieved were good in relation to this objective. 

With the help of the Learning Hydraulic System, considerable energy savings are possi
ble for cyclic loaded systems when compared with conventional energy-saving measures for 
hydraulic transmissions. In fact, the Learning Hydraulic System combines some conventional 
energy-saving measures optimally. Comparisons were not possible with other transmissions, 
for example, electro-mechanical transmissions. The only information available was limited 
data for electrically-driven plastic moulding machines in which energy savings of about 50% 
are claimed (no further information is given) . Since the efficiency of a cyclic loaded system 
depends on its loading cycle, the data available was incomplete. However, also the Learning 
Hydraulic System showed energy savings of 50% for the evaluated examples. 

Due to the adaptive loop in the control strategy of the Learning Hydraulic System, it au
tomatically re-adjusts itself to variable conditions in the system or the load sequence. 
Without human involvement, which is often necessary with conventional measures, new opti
mal settings of the system can be made to ensure the least energy consumption. In practice, 
that is its most important property, the so-called learning characteristic. 

The energy-saving concept is developed for cyclic loaded hydraulic systems. Although cyclic 
load sequences enclose a wide application range of industrial hydraulic systems, in view of 
the energy savings obtained, its expansion to include general load sequences has to be the 
next step of development. For predictable load sequences (for example in a dock-side crane), 
such an expansion can be based on the suggested approach, but for other load sequences (for 
example in mobile hydraulics) adapting may be necessary. 
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6.2 Control Strategy 

In order to apply the Learning Hydraulic System in practice and to obtain an automatic re
adjustment, a control strategy has been developed. With a controller based on that strategy, 
the desired system behaviour is obtained. This controller consists of a "slow" adaptation 
loop (learning loop) and a "fast" correction loop. In the adaptation loop, using an identi
fied low-frequency dynamic model and characterized load sequence, the optimal settings are 
determined for efficient energy consumption regarding the constraints. Due to the "slow" 
characteristic of this adaptation loop it is not able to react to fast variations that violate 
constraints. Violations are taken care of by the correction loop. Each task is performed by 
an individual sub-procedure. Different variations in the system and load are detected by 
a supervisor which activates the necessary sub-procedures so that new optimal settings are 
determined. 

It is recommended that further attention is paid to the generation of starting-points for 
the optimization procedure. A good starting point saves computation time and increases the 
chances of finding a global optimum. So, by the proper choice of the starting-point, the reac
tion times and accuracy of the adaptation loop will be increased leading to a better adaptive 
performance. 

In this thesis, possible solutions for the sub-procedures are discussed. Obviously, others 
can be applied too. For example, in the laboratory experiments, the identification procedure 
was redundant and, since only the laminar pump leakage parameter has any real effect on the 
system, possibly a recursive estimator can be used for this parameter. 

Judging by the proportions of the control program for the test-rig (Bree, 93), the subdi
vision of the controller based on the control strategy into separate sub-procedures, results in 
a relatively complex package. However, with that control strategy the possible energy savings 
were demonstrated and tested successfully. In future developments of the system, it is recom
mended that attention be paid to the design of a less complex integrated controller, starting 
from the results presented in this thesis. An example would be an expanded correction loop 
with an expert system supported by a fuzzy controller in which the switch-times and the ini
tial state are manipulated so that not only constraint violations are taken care of, but alsO the 
energy consumption is included (read: minimized). This results in a less complex controller. 
As previously mentioned, an expansion to general load sequences must be included. 

6.3 Practical Application 

The actual behaviour of the Learning Hydraulic System was studied on a test-rig. In order 
to perform these studies, a flexible load simulator was developed which is able to simulate 
a wide range of in time cyclic varying load pressures and flows (load sequences) with their 
associated dynamic behaviour. The Learning Hydraulic System was loaded by the hydraulic 
load simulator. In the tests, the load sequence of a hydraulically-driven plastic moulding 
machine was simulated. The practical results and the simulations show a good correlation so 
that the actual savings are of the same order as the savings predicted. Furthermore, the 
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Learning Hydraulic System makes fast response rates possible, necessary for a plastic mould
ing machine. 

Examples of industrial applications for the Learning Hydraulic System include: 

• Plastic moulding machines, 

• Hydraulic presses, 

• Bottle moulding and blow machines, 

• Metal moulding machines, 

• And other cyclic loaded hydraulic machines. 

As the next step of practical research on the Learning Hydraulic System, it is recommended 
that it be nsed for an industrial production process. As indicated in Section 5.4, special 
attention mnst be paid to the characterization of the actual load sequence, especially the 
flow. Also, less complex strategies (Section 3.4) for use in an indnstrial application should 
be investigated, because no on-line characterization of the load would be needed. The most 
important aspect of the research in practice would be the continuity of production and quality 
of products. 

Especially the machines in the higher power ranges are recommended for applications of 
the Learning Hydraulic System. In the lower power ranges also comparable efficiencies 
can be obtained with hydraulic systems containing a variable displacement pump and with 
electronically-driven machines, while the desired dynamic response rate of the machine is 
maintained. 
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Appendix A 

Modelling 

In this Appendix, two different ways of modelling the Learning Hydraulic System 
are discussed. The first model, the low-frequency dynamic model, is essential 
for the optimization of the Learning Hydraulic System and the second model, the 
dynamic model, is intended for predicting the performance of sub-procedures and 
the total Learning Hydraulic System. 

A.l Low-Frequency Dynamic Model 

The model described in this section is used for optimizing the actual Learning Hydraulic 
System with a. single fixed displacement pump and an accumulator. Other versions can be 
modelled in a similar way. For a. practical model, at least the relevant aspects should be 
:q1odelled in relation to energy consumption so that the results are generally applicable. Also, 
the computation time needed for evaluating one cycle must be minimal. Consequently, the 
basic considerations of the model must be discussed at first. 

A.l.l Considerations 

When modelling the Learning Hydraulic System, the dynamics which need to be modelled 
should be decided. For that purpose, the influence is discussed of different dynamics which 
arise in the Learning Hydraulic System. 

Dynamics of the Variable Energy Supply: 
The dynamics which occur in the variable energy supply can be divided into two main groups: 

• Medium- and high-frequency dynamics, caused by the pump, valves, etc. (>10Hz), 

• Low-frequency dynamics, mainly caused by the hydraulic accumulator ( < 10 Hz). 

The main aim of the Learning Hydraulic System is to minimize the energy losses. Its benefits 
are not affected by eliminating the overshoot of rapid responses {medium- and high-frequency 
dynamics), but more by minimizing the difference between energy supplied and energy con
sumed by the load. Approximately, this difference shows a low-frequency behaviour. 

Dynamics of the Hydraulic Load: 
One purpose of the Learning Hydraulic System is to be generally applicable. Since the struc-
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ture of the hydraulic load will differ for each application, modelling a particular load with 
its dynamics is too restricting. Conversely, the actual hydraulic load sequence is a measured 
input of the Learning Hydraulic System in which the dynamics occur too. So, in an indirect 
way, the dynamics are taken into account, but, likewise the variable energy supply, also here 
the medium- end high-frequency dynamics are less important. 

This means that, for the purpose of saving energy, the Learning Hydraulic System only needs 
·low-frequency dynamics ( < 10Hz) to be modelled. For the components with high-frequency 
dynamics, static models can be used. Such modelling has some inherent advantages: 

• Due to the big time-constants, the computation time for a single cycle simulation is 
short and a real-time application of the Lear:lring Hydraulic System is possible, 

• Most of the static characteristics of the components are known in advance or are easy 
to identify from measurements. 

In order to confirm the above, measurements of an actual load sequence for a plastic moulding 
machine have been taken (see Appendix Band (Erriu, 91)). It is concluded that indeed the 
medium- and high-frequency dynamics do not influence the energy consumption, but they 
might have an influence on the actual behaviour of the Learning Hydraulic System (for the 
study of this influence, a dynamic model is devised, section A.2). 

Considering the above points, the Learning Hydraulic System is modelled and it results in a 
low-frequency dynamic model. 

A.1.2 Modelling 

The low-frequency dynamic model is devised of the Learning Hydraulic System presented in 
Figure 2.4. The variables used for modelling are marked in Figure A.l. 

r·-. ---------

' 
I 

I t 

I 
I 

L_ ____________ _ _ _j 
a: Variable Supply System b: Cyclic Hydraulic Load 

Figure A.l: Learning Hydraulic System 

For .convenience, the components of the Learning Hydraulic System are modelled separately 
or in small groups. Attention has to be paid to the hydraulic load too. Finally, the resulting 
models are combined into the total low-frequency dynamic model. 
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Modelling the Components 

I. Fixed Displacement Pump and 2/2-Way Valve. 
According to (Schlosser, 61), the flow delivered by the hydraulic pump qp(t) equals 

{A.l) 

where «1p0 denotes the theoretical flow delivered, factor L 1 denotes the laminar leakage factor 
(in this parameter, also the non-ideal behaviour of the electro-motor can be included) and L2 
denotes the turbulent leakage factor. 

The 2/2-way valve is considered to be ideal. When the 2/2-way valve is de-activated (u,.(t) = 
1), the oil flows through the check valve into the system (qc11(t) = qp(t)). If the 2/2-way 
valve is activated (u,.(t) = 0), the oil flows through the 2/2-way valve back to the reservoir 
(qcv(t) = 0), and always one working point results (Pp2w)· 

II. Check Valve. 
The check valve is considered to be ideal. If the pump pressure Pp( t) is lower than the system 
pressure plus the opening pressure (pressure needed to open the valve against the spring}, 
p.(t) + APcvo, the valve closes. Otherwise, the valve is fully open. The pressure drop across 
the check valve Apcv(t), when open, equals 

(A.2) 

where APcvO denotes the pressure needed to open the valve (overcoming the spring force) and 
licv denotes the hydraulic resistance. 

III. Hydraulic Accumulator and 2/2-Way Valve. 
For details of modelling a hydraulic accumulator see (Korkmaz, 82}, (Rupprecht, 88) and 
(Burgt, 88). 

In the Learning Hydraulic System, a bladder accumulator is used. Due to its small iner
tia and lack of resistance in the bladder, the oil pressure in the ~cumulator should equal the 
gas pressure which can be calculated with the help of the Beattie-Bridgeman state equation 

( m )
2 

[ ( mC ) (Va.(t) ( mb )) ( ma )] Pa(t) = V,.(t) . RT,.(t). 1- v .. (t)T .. (t)3 . R + Bo 1- V,.(t) - Ao 1- v .. (t) 
(A.3) 

where R denotes the gas constant, Ta(t) denotes the gas temperature, V,.(t) denotes the gas 
volume, m denotes the gas mass and Ao, a, Bo, b and C denote empirically estimated gas 
dependent constants. The gas volume V .. (t) equals 

t 

V,.(t) = Vao + j q,.(t)dt 
to 

where Vao denotes the gas volume at t =to and q,.(t) denotes the flow from the accumulator. 
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The temperature T .. {t) can be estimated with the help of the First Law of Thermodynamics 
for closed systems 

U{t) == W(t)- ~(t). (A.4) 

The change of internal energy U(t) equals the energy of the oil flow W(t) minus the heat flow 
cP(t), where 

. . ( (lip.. ) U(t) =me., · Ta(t)- Ta(t) 6T.:(t) v p.,(t)) · Qa(t), 

loss of internal energy 

W(t) = Qa(t) • Pgas(t), cP(t) = k ·A· (Ta(t} T .. mt.} 

where e, denotes the specific heat capacity, k denotes the heat exchanging coefficient, A 
denotes the heat exchanging surface and Tamt. denotes the ambient temperature. In literature 
commonly a combined time-constant r is used 

me., 
r==kA. 

The 2/2-way valve is considered to be ideal. If the 2/2-way valve is de-activated (u .. (t) = 0), 
the accumulator flow q .. (t) equals zero. If the 2/2-way valve is activated (u .. (t) == 1), a flow 
from or into the accumulator occurs. In that case, the pressure drop over the 2/2-way valve 
and the connection parts 6P2w(t) equals 

dPa2w(t) = H2w · Qa(t)2 (A.5) 

where H 2w denotes the hydraulic resistance of the 2/2-way valve and the connecting parts. 

IV. Proportional Pressure Relief Valve. 
If the accumulator is switched off, the system pressure is determined by the proportional pres
sure relief valve that is adjusted according to the load pressure. In which case, the system 
pressure p.(t) equals 

Ps(t) Pl(t) + 6Pmin + Hprv · Qprv(t)2 {A.6) 

where 6Pmin denotes the minimum pressure drop (necessary for good functioning of the sys
tem) and Hprv denotes the hydraulic resistance (non-ideal behaviour) of the valve. 

The flow through the proportional relief valve Qprv(t) equals 

Qprv(t) = Qp(t) Ql(t). (A.7) 

If the accumulator is switched on, the control signal of the proportional pressure relief valve 
is maximized so that it acts as a normal pressure relief valve. The system pressure is limited 
at Pmaz· 

V. ·Hydraulic Load. 
As mentioned, the hydraulic load comprises the conductive part C, the motive part M and 
the mechanical load part L. In order to model them, more data is needed (see Section A.l.l, 
Considerations), but, modelling one particular load would be too restrictive. The hydraulic 
load, however, is measured and therefore pre-determined: 

Ql(t) = Qlmeasured(t), 

Pt(t) = Plmeasured{t). 

In Section B.l, some examples of hydraulic load sequences are given. 
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The Total Low-Frequency Dynamic Model 

A model of the total system can be made by combining the sub-models. Depending on the 
switched states v of the different 2/2-way valves, four cases can be distinguished: 

V = 1 => Ua(t) 1, ttp(t) = 1 V = 3 => Ua(t) = 0, ttp(t) = 1 
V = 2 =? Ua(t) = 1, ttp(t) = 0 V = 4 =? Ua(t) = 0, Up(t) = 0 

where 1 and 0 indicate switched on and off respectively. 

For each case, sets of reduced system equations :r,. and reduced constitutive equations .lir 

can be derived by combining the individual component models 

v = 1: 

Va(t) = qa(t) 
Ta(t) = rdcv (Pa(t)qa(t)- kA(Ta(t) - Tamh) 

+int.loss) 
Pp(t) Ps(t) + APct~O + lL:., · qp(t)2 

Pa(t) = Pa(To., Va) 
Ps(t) = Pa(t) + H2w • q,.(t)2 

• sign(qa{t)) 
Pt(t) = Plmeasured(t) 

qp(t) = Qp0- L1 · Pp(t) L2 · ;:;;;r.t) 
qa(t) = qp(t) q1(t) 
q,(t) = qlmeasured(t) 
qprv(t)= 0 

v=3: 

v,.(t) = o 
Ta(t) = - ~~ (Ta(t) - Tamb) 

Pp(t) p.(t) + Apct10 + Hcv · qp(t)2 

Pa(t) = Pa(T,.) 

p,(t) = Pt(t) + APmin + Gprv · jqprv(t) 
Pt(t) = Plmeasured(t) 

qp(t) = q,o- Lt · Pp(t)- L2 · ;:;;;r.t) 
qa(t) = 0 
q1 ( t) = qlmeasured( t) 
qprv(t)= qp(t)- qt(t) 

v = 2: 

v .. (t) = qa(t) 
Ta(t) m~. (p .. (t)qa(t)- kA(Ta(t) - Tamb) 

+int.loss) 
Pp(t) = Pp2w =constant 
Pa(t) ""Pa(Ta, Va) 
Ps(t) = p,.(t) + H2w · q.,(t)2 · sign(qa(t)) 
Pt(t) = Plmeasured(t) 
qp(t) = qpO.:... Ll . Pp(t)- L2. VPp(t) 
qa(t) = -q,(t) 
q,(t) = qlmeasured(t) 
qprv(t)= 0 

v=4: 

Va(t) = 0 

T(t) -~~(Ta(t) -Tamh) 

Pp(t) = Pp2w =constant 
Pa(t) = Pa(Ta) 

p.(t) = 0 

Pt( t) = Plmeasured( t) 
qp(t) = Qp0- L1 · Pp(t)- L2 · ;:;;;r.t) 
q.,(t) = 0 
q1(t) = qlmeasured(t) 
qprv(t)= 0 

(A.8) 

The above four sets of equations describe the complete state of the Learning Hydraulic System 
for the different switched states. In general terms the model can be rJ!written as 

i;:r{t) :r,.C:.~<r(t),y(t),lll.(t),flr) fort~ to; :.~<r(to) = :.l<rO• 

J!...(t) = t:,.(:.~<r(t),u(t),lll.(t),flr) fort~ t0 

(A.9) 
(A.lO) 

lir 



98 APPENDIX A. MODELLING 

where: 
;g(t) = [ up(t) ua(t) ]T ; variable input, 
l!!(t) [ Pt(t) q1(t) ]T ; forced input, 
az,.(t) = [ Va(t) T,.(t) ]T ; reduced state, 
Mr(t) I Pp(t) Pa(t) p.(t) JT ; reduced output, 
{l,. = [ fh 02 .. (}r ]T ; reduced parameter vector. 

, further, 1,. represents the reduced system equations (see Equation A.8) and !!:.r represents 
the reduced output equations. In fact, the output equations l!:.r comprise the four sets of 
constitutive equations 15... as shown in Equation A.8. Defining a vector of reduced constitutive 
variables ~r{t), which also is a function of the reduced state az,.(t), the variable input y(t) and 
the forced iriput l!!(t), 

~(t) = I 7Jp(t) p,.{t) p,{t) Pt{t) qp(t) q11(t) qt(t} qprv(t} JT 
the output equations can be rewritten as 

[ 

1 0 0 
Mr{t) = 0 1 0 

0 0 1 

A.2 Dynamic Model 

0 0 0 0 
0 0 0 0 
0 0 0 0 

~ l e.(t) = [ ::~!~ l 
Pa(t) 

(A.ll} 

(A.12) 

As stated, the medium- and high-frequency dynamics (>10Hz) rarely influence the energy 
consumption of the Learning Hydraulic System. However, they can produce some irregulari
ties in the Learning Hydraulic System (e.g. slowly drifting away of the cycle). Studies of such 
phenomena is the main subject of Chapter 4. They are studied with the help of the dynamic 
model derived in this section. 

A.2.1 Considerations 

When modelling the system, it has to be noted that the resulting model represents only that 
part of the system which is of interest to the simulations. Which are the dynamics that should 
be included? 

Considerations concerning the dynamics are discussed in Section A.l.l. The measurements 
from an actual load cycle, as described in Appendix Band (Erriu, 91), show the effects that 
may influence the behaviour of the Learning Hydraulic System and confirm the considera
tions of Section A.l.l. Resuming, from the considerations and the measurements, it can be 
concluded that the dynamic model of the Learning Hydraulic System should represent the 
following dynamics: 

• Low-frequency dynamics ( < 10Hz), 

• Medium-frequency dynamics (10-50Hz). 

In simulation studies, only overall effects are of interest (not details), therefore, modelling 
complex components must use approximation models. 

With the above considerations in mind, the different components can be modelled and they 
will be described next. 
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A.2.2 Modelling 

The dynamic model of the Learning Hydraulic System is described with a single fixed dis
placement pump and an accumulator as shown in Figure 4.1. The variables used are marked 
in this figure. Except for the ~omponents of the load simulator and the network of pipes, 
the dynamic model is based on the same components as the low-frequency dynamic model. 
For convenience, these components are modelled separately or in small groups. Finally, the 
resulting models are combined into the total dynamic model. 

I. Fixed Displacement Pump, Check Valve and Hydraulic Accumulator. 
For the fixed displacement pump and the check valve, the same static models can be used 
as those described in Section A.l.2. The hydraulic accumulator represents the low-frequency 
dynamics. A dynamic model for it has also been described in Section A.1.2. 

II. 2/2-Way Valve. 
The flow through the 2/2-way valve equals 

q2w(t) = G2w · Y2w(t) · J 6.P2w(t) (A.13) 

where G2w (= .Jiiil> denotes the maximal hydraulic conductance, .6.P2w(t) denotes the 

pressure difference over the valve and 1/2w(t) is an auxiliary variable (Y2w(t) = .,:":1!~, 0 $ 
1J2w(t) $ 1 where X2w(t) denotes the actual opening). 

The auxiliary variable 1J2w(t), is determined by a second-order differential equation repre
senting a mass-spring-damper-system 

ihw(t) (A.14) 

where factor wo denotes the natural frequency of the valve, ( denotes its damping factor and 
'1t2w(t) denotes the imposed input voltage (u2w(t) E 10, 1]). 

III. Proportional Pressure Relief Valve. 
The proportional pressure relief valve is modelled similar to (Hoffmann, Hesse, 80). The flow 
qpr,(t) through this valve equals: 

H Ps(t) > Prel(t) 

qprv(t) = Gprv • Xprv(t) • ..;;:<t}, (A.15) 

If p.(t) $ Prel(t) 
qprv(t) = 0. 

where Pre~(t) denotes the relief pressure determined by the imposed input voltage Uprv(t) 

(p.e~(t) = Uprv(t)· K where K denotes the transfer constant) and Gprv ~) denotes 
the hydraulic conductance per unit of opening of the valve. 

The opening Xprv(t) is determined by a first-order differential equation representing a. weight
less spring-damper-system (for p.(t) >Pre~( f)) 

. (t) (t) F(t) - F,.,,(t) 
Xprv + WO Xprv = k · Wo, (A.16) 
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F(t)- Frez(t) :: (p.(t) - Prez(t)) ·A :: (p.(t) Uprv(t) · K) ·A 

where wo denotes the valve's break-frequency (wo =k/b), b denotes the damping constant, k 
denotes the spring constant, F(t) denotes the force caused by the system pressure acting on 
the piston, Frez(t} denotes the force caused by the imposed input voltage acting on the piston 
and A denotes the surface area of the piston. 

In the case of the Learning Hydraulic System, the input voltage Uprv(t) is chosen so that 
the opening pressure Prez(t) equals the desired load pressure Pldes(t) plus a certain minimum 
pressure ~Pmin (necessary for good functioning of the system). This means that 

(t) _ Prel(t) _ Pldes(t) + ~Pmin 
Uprv -K- K . 

If the hydraulic accumulator is switched on, the proportional pressure relief valve acts as a. 
normal pressure relief valve (Prez(t) = Pmaz), which means that 

Uprv(t) = pi{"'. 

IV. Pressure Reduce Valve and Flow Control Valve (Load Simulator). 
In fact, in the Load Simulator the function of these valves is carried out by two pilot operated 
digitally controlled proportional4/3-way valves (see Chapter 5). The flow through the main 
stage of one valve equals (only first-quadrant) 

(A.17) 

and 

Yts(t) = 1fdtsC.tX!s(t)~ 
where Y~a(t) denotes an auxiliary variable, x~a(t) denotes the opening of the valve (main stage), 
~p(t) denotes the pressure drop over the valve, d~s denotes the diameter of the piston, cd 
denotes the discharge coefficient (±0.60) and p denotes the oil density. 

According to (Hurk, 90) and (Schoenmaekers, 91), the auxiliary variable yz.(t) is determined 
by a second-order differential equation representing a mass-spring-damper-system 

(A.18) 

where wo denotes the valves natural frequency, Kz8 denotes the transfer constant, u,. denotes 
the imposed input voltage and ( denotes the damping factor. That assumption is valid be
cause the main stage determines the dynamic behaviour of the whole valve mainly. 

Using those two valves, any desired (cyclic) load sequence for the desired l~ad pressure Pldes(t) 
and flow qz.tes(t) can be obtained with the relevant input voltages. They can be determined 
with the help of the inverse valve models 

~Pist(f) = Pa(t) - Pldes(t), 
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(t) 
_ qdes(t) 

Uls2 - ' 
K1s2V dPts2(t) 

Pldes(t) - Po(t) 

where Po denotes the return pressure. 

V. Network of Pipes. 
The network of pipes is modelled as oil volumes. These oil volumes being assumed to be con
centrated at one point; the system volume. This volume is used for modelling the capacity 

P<t> = ~. . L: q(t> 

where C, denotes the system's capacity (C, = V,/{3). 

(A.19) 

The capacity of the load, which is only needed for developing the Load Simulator, is ne
glected. 

The Total Dynamic Model 

Now, the dynamic models of the separate components can be combined to form the complete 
dynamic model. By splitting the second-order differential equations into sets of first-order 
differential equations, in general terms, the model can be written as 

22(t) :r(J<.(t),.Y.(t),~.(t),!l) fort 2!: to; J<.(to) = J<.o, 

y.(t) = .l!.(J<.(t),y(t),:&:~ •• (t),!l) fort 2!: to 

where: 
y(t) = [ Up(t) Ua(t) JT ; variable input, 

(A.20) 

(A.21} 

. ~.(t) = [ Pldes(t) qldes(t) ]T ; desired load sequence, 
. J<.(t) [ Y2wp(t) Y2wp(t) Y2wa(t) Y2wa(t) Ylst(t} Y!st(t) 

Yls2(t) Yls2(t) Xprv(t) Va(t) T,.(t) p,(t) JT ; state, 
Jl.{t) = [ Pp(t) Pa(t) p,(t) pr(t) q1(t) ]T ; output, 
fl. = [ 61 62 . . 6r . . 6n ]T ; parameter vector. 

Further, 1 represents the system equations and .l!. represents the output equations. 

In Chapter 4, the model described here is used for simulating the dynamic behaviour of 
the Learning Hydraulic System in practice. That dynamic model was also of great value for 
developing the Load Simulator and is alsO used to study the performance of the different 
sub-procedures and the complete Learning Hydraulic System theoretically. 

A.3 Parameter Quantification 

In this section, the different parameters used in the models of Sections A.1 and A.2 are 
specified. 

Fixed Displacement Pump 

= 3.92 ·10-4 

= 9.31. 1o-13 .. 93.1 ·I0-13 

= 9.02. to-10 .. 90.2. I0-10 
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Check Valve 

Accumulator 

Va 
r=fx 
Tamb 

Cv 

R 
c 
Bo 
b 
Ao 
a 
m 

2/2-Way Valves 

H2w 

wo =·..lL 
t•tep 

( 

= 2 ·105 

= 1.3. 1012 

= 4 ·10-3 

= 8.1 
= 298 
= 754.21 
= 296.77 
= 5.0948 ·10-8 

= 1.8007 . 10-3 

= -2.47359. 10-4 

= 1.74116. 102 

= 9.33752 . 10-4 

= 0.180 

= 1.28. 1012 

= 157 
= 0.8 
= 2 ·105 

Proportional Pressure Relief Valve 

wo 
K 
Pmao: 

Proportional 4/3-Way Valves 

wo 
( 

Oil Volumes 

c. 

= 10 ·105 

= 7.22. 106 

= 1.7 ·105 

= 155 
= 20. 105 

= 160 ·105 

= 282 
=0.8 
= 8.33. 10-8 

= 0.833 ·10-12 
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[m3] 
[s] 
[KJ 
[J/(kgK)] 
[J/(kgK)] 
[(mK)3/kg] 
[m3/kg] 
[m3/kg] 
[Nm4/kg2] 

[m3/kg] 
[kg] 

[kgfm7
] 

[rad/s] 
[-] 
[N/m2

] 

[N/m2
] 

[kg/m7] 

[N/m] 
[rad/s] 
[Nm2/V] 
[N/m2] 

[rad/s] 
[-] 
[( Jm1 /kg)/V] 

The parameters in this section formed the basis of the simulations and optimizations. The 
par~meters have been changed deliberately for the optimizations, the parametric sensitivity 
considerations and the performance predictions of the individual sub-procedures as well as 
the complete Learning Hydraulic System. 
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Simulated Results 

More extended information about the simulated results of the Analysis and Basic 
Approach of Chapter 2 and the System Analysis of Chapter 4 is shown in tables 
and gmphs. The analyses, and also the pmctical tests, are performed with the 
help of two theoretical examples of load sequences. They are described firstly. The 
analysis results of a pmctical example are given too. 

B.l Examples of Load Sequences 

For the optimization studies and analysis of the Learning Hydraulic System, the hydraulic 
load sequence of a hydraulically-driven plastic moulding machine was used. In Figures B.l 
and B.2, two theoretical examples are given. 

Figure B.l: Cyclic load sequence example no. 1 

103 
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10 xl06 ssure 

8 

~ 6 

2S 4 
"' 

2 
1 

0 
0 2 4 6 8 10 12 14 16 18 20 

t (s] 

6xi0·4 

~ 
4 

<:1' 2 

1 
0 
0 2 4 6 8 10 12 14 16 18 20 

Figure B.2: Cyclic load sequence example no. 2 (Walter, 82) 

The different steps in the production process of one cycle are numbered, they are: 

1. Closing the mould, 
2. Closing-pressure build up, 
3. Positioning of the moulding head, 
4. Moulding, 
5. Holding pressure, 
6. . Plastification, 
7. Decompression, 
8. Moulding head return, 
9. Opening the mould, 
10. Hydraulic ejection. 

Steps 1, 2 and 3 together are called the closing-process. Steps 4, 5, 6 and 7 together are called 
the injection-process. Steps 8, 9 and 10 together are called the opening-process. 

The first example was also used by (Seebregts, 88) for the development of the optimiza
tion software. In order to perform tests on the actual system behaviour, those examples are 
used too. They form the desired load sequence which has to be generated by the hydraulic 
load simulator. For tests on the actual performance of the sub-procedures separately, example 
no. 1 is used. For tests on the actual performance of the total system, both examples are used. 

The examples shown represent an ideal hydraulic load sequence. The aetual hydraulic load 
sequence is disturbed by irregularities. In Figure B.3, an example of the actual injection- and 
opening-process is shown (load sequence example no. 3). The different steps in the produc
tion process are numbered. Measuring this process is discussed in detail in (Erriu, 91 ). Due 
to the high plastification flow, this example is not suitable for the test-rig. 
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load ressure 

10 

5 

5 10 15 20 

t [s] 

1.5 xi0·3 load flow 

Figure B.3: Example of an actual injection- and opening-process (load sequence no. 3) 

B.2 Results Analysis and Basic Approach (Chapter 2) 

B.2.1 Theoretical Optimization Examples 

In this section, extended information on the theoretical optimization results of Section 2.4 is 
·tabulated and some results are represented by means of graphs. 

In Figures B.4 and B.5, the optimal situations are shown for a hydraulic supply system 
that comprises a pump with 16 ·10-6 m3/rev theoretical displacement and a 4 ·10-3 m3 accu
mulator with 40 ·105 N/m2 pre-charge pressure. The system was loaded with load sequences 
nos. 1 and 2 respectively. Both pump and accumulator have four switch-times. 

In Figure B.6, the optimal situation is shown for a hydraulic supply system that comprises 
two pumps (5.5 · 10-6 m3/rev and 11 · 10-6 m3/rev) and a 4 · 10-6 m3 accumulator with 
40 · 105 N/m2 pre-charge pressure. The system was loaded with example no. 1. Pump 1 has 
four switch-times, pump 2 has six switch-times and the accumulator has four switch-times. 

In Tables B.1, B.2 and B.3, extended information about the optimizations in Section 2.4, 
is given. The abbreviations and symbols in those tables denote: 

: Accumulator volume 
: Pump volume 
: Number of switch-times 
: Number of iterations 
: Number of function evaluations 

ct : Computation time 
Et0 .. (start), Etoss(end): Energy loss per cycle in start and end situations 

PI 
[cc/rev] 
[-] 
[-] 
[-] 
[min:sec] 
[kJ/cJ 
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on (ua(t)) accu 
off 

(up(t)) pump ~: 

Figure B.4: One pump (16cc/rev) /one accumulator (41) /load sequence no. 1 

Table B.l: Optimization Results 
(one pump/ one accumulator /load sequence no. 1). 

ns __. 2 pump/4 accumulator I 4 pump/4 accumulator 
Va Vp it fe ct Etoss(end) it fe ct Etoss(end) 
1 11 * * * * * * * * 
1 14 * * * * * * * * 
1 16 * * * * * * * * 
1 19 6 451 25:13 59.82 1 139 4:18 59.93 
1 22.5 5 491 ,17:02 81.68 1 319 9:14 83.98 
4 11 7 374 25:28 35.75 4 415 24:14 36.07 
4 14 6 405 8:15 27.75 3 270 12:29 20.65 
4 16 5 135 5:42 22.83 8 196 25:45 19.51 
4 19 9 207 4:28 30.36 11 267 13:48 26.48 
4 22.5 23 471 9:59 35.24 11 326 6:55 37.64 
10 11 11 267 6:03 27.35 11 471 

2:~ 
25.98 

10 14 24 516 10:54 22.28 12 642 26: 19.97 
10 16 4 123 2:24 24.19 13 551 10: 25.19 
10 19 6 165 3:28 35.16 7 179 3· 33.10 
10 22.5 23 466 9:58 37.19 11 273 5:34 41.71 
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1 
"'" 0.5 

10 
t [s) 

12 

11 ;::: 0.47 

18 20 

( ua(t)) accu ~: i----1----------L...,...-'-------'-----l 

(up(t)) pump ~: i--------'-----'---------'----'-----l 

Figure B.5: One pump (16cclrev) I one accumulator (41) I load sequence no. 2 

Table B.2: Optimization Results (two pumps I one accumulator I load sequence no. 1). 
n. - 2 pump1/6 pump2/4 accumulator 4 pump1l6 pump214 accumulator 

Va Vvl Vv2 it fe ct Eloss(end) it fe ct Etoss(end) 
4 11 5.5 6 260 6:23 16.26 13 1379 1:09:54 15.60 
4 11 8 8 273 6:38 17.62 9 508 10:33 17.10 
4 14 8 9 302 6:40 23.07 14 913 41:28 22.22 
10 11 5.5 8 259 6:20 23.83 5 226 5:05 21.87 
10 11 8 10 309 7:37 25.42 14 533 11:47 23.35 
10 14 8 11 308 7:54 29.98 16 885 19:04 26.67 

Table B.3: Optimization Results 
(one and two pumps/ one accumulator /load sequence no. 2). 
number of switch-times 

Va Vvl V,2 pump 1 pump2 accu it fe ct Etos•(end) 
4 - 2 5 489 0:18 22.88 

4 - 16 4 - 4 2 728 0:57 21.14 
4 - 6 2 326 0:14 20.86 
4 - 8 2 283 0:09 20.63 
4 4 2 2 714 0:28 21.31 

4 11 5.5 4 6 4 2 2187 1:08 19.03 
4 6 6 2 2354 1:14 19.13 
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,. 1/ R:: 0.57 

'e ,//'·'/ ·····.,,.......-_--_···__, 

~ 0.5 ·'··'······"·./,/ 
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t [s} 

on 
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Figure B.6: Two pumps (5.5 and llccfrev) /one accumulator {41) /load sequence no. 1 

Note: 
Optimizations with load sequence no. 1 were performed on a Personal Computer with an 8 
MHz 8086 processor supported by an 8 MHz 8087 mathematical co-processor, while, opti
mizations with load sequence no. 2 were performed on a Personal Computer with an 8 MHz 
80486 processor. 

B.2.2 Practical Optimization Example 

The measured injection- and opening-process shown in Figure B.3, is taken from a plastic 
moulding machine driven by a constant-pressure accumulator system. The measured efficien
cies of the total process and the different sub-processes of the original system are: 

1/total 

1/pv.mpfaccu 

1/closing 

1/injectionfopening 

± 0.09 
± 0.43 
± 0.39 
± 0.19 

With the actual injection- and opening-process, off-line optimization studies have been carried 
out. The corresponding closing-process of that practical load sequence is unsuitable for the 
Learning Hydraulic System. Such a process requires the maximum pressure with hardly any 
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flow during much of the complete cycle. The total efficiency largely depends on the efficiency 
of the injection- and opening-process (highest energy consumption). So, optimization of that 

· part of the load has the biggest impact on the total efficiency. 

Since the pure measured data is not suitable for the input of the optimization procedure, 
firstly the data had to be processed, in the same way as when processing the load with 
the characterization procedure. With the help of the processed load sequence, optimization 
studies were carried out. The following cases can be distinguished: 

1. The Learning Hydraulic System with three pump-intervals (np = 6, n = number of 
switch-times) and 0 accumulator-intervals (na = 0) applied to the existing machine, 

2. The Learning Hydraulic System with three pump-intervals (np = 6) and two accumulator
intervals (na = 4) applied to the existing machine, 

3. The Learning Hydraulic System with three pump-intervals (np = 6) and three accumulator
intervals (na = 6) applied to the existing machine, 

4. The Learning Hydraulic System with four pump-intervals (np = 8) and four accumulator
intervals (na = 8) applied to the existing machine, 

5. The Learning Hydraulic System with three pump-intervals (np = 6) and two accumulator
intervals (na = 4) applied to an adjusted machine (smaller pump), 

6. The Learning Hydraulic System with three pump-intervals (np 6) and three accumulator-
intervals (na 6) applied to an adjusted machine (smaller pump), 

7. The Learning Hydraulic System with four pump-intervals (np = 8) and four accumulator
intervals (na = 8) applied to an adjusted machine (smaller pump), 

8. The Learning Hydraulic System with three pump-intervals (np = 6) and three accumulator
intervals (na = 6) applied to an adjusted machine (smaller pump), 

9. The Learning Hydraulic System with three pump-intervals (np = 6) and three accumulator
intervals (na 6) applied to an adjusted machine (smaller pump, greater accumulator). 

In the optimization studies, the accumulator pre-charge pressure was set to be 40 ·105 N/m2• 

The results are summarized in Table B.4. · 

Table B.4: Optimization Results of a Practical Example (load sequence no. 3). 
case n, n.:HI'/•1 Vall] E1oss [kJ/cJ 'Tiin;ectfop_en [ -] Energy Saving [%] 

0 6 0 9e-3 3.5 44.5 0.19 0 
1 6 0 e-3 3.5 44.5 0.19 0 

i 2 6 4(2) 1.49e-3 3.5 26.7 0.28 32 
3 6 6 1.49e-3 3.5 26.3 0.28 33 
4 8 8 1.49e-3 3.5 26.1 0.29 33 
5 6 4(2). l.OOe-3 3.5 23.6 0.31 38 
6 6 6 l.OOe-3 3.5 22.9 0.31 39 
7 8 8 l.OOe-3 3.5 22.3 0.32 40 
8 6 6 0.60e-3 3.5 21.8 0.33 41 
9 6 6 0.60e-3 10 17.9 0.37 48 
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Cases 0 to 4 are directly comparable (the original component sizes were used). Case 0 is the 
original measured situation. By the application of only optimal pump switch-times and a per
manent accumulator, no energy saving can be achieved {Case 1). In Case 2, the accumulator 
is only switched on and off once (the other switch-times coincide). In that case, a consid
erable amount of energy can. be saved. The interval in which the accumulator is switched 
off, coincides with the big pressure rise due to decompression. Cases 3 and 4 show the best 
results. The extra switch-times of Case 4, however, fall in an "empty" interval. Compared 
with the original situation, energy savings of about 32 to 33 % can be achieved. 

The original pump is over-dimensioned for the particular load sequence (qtmean ~ 0.17 · 10-3 

m3 /s). By using a smaller pump, more energy can be saved (Cases 5 to 9). 

In the original system, only the accumulator delivers the load flow. In the Learning Hy
draulic System, the pump and the accumulator can deliver the load flow simultaneously. An 
apparent capacity increase occurs. So, a smaller pump can be used. By using a smaller pump, 
the accumulator becomes relatively small .. Big pressure rises occur in the system accompanied 
by big energy losses. Using a bigger accumulator can overcome the problem (Case 9). 

In comparison with the theoretical optimization examples, the optimum is obtained from 
a greater number of pump switch-times. Two of the reasons are: 

• Relatively big pump, 

• More irregular load sequence. 

With relatively fewer switch-times for the accumulator, a greater amount of energy can be 
saved. The use of a smaller pump and more switch-times for the accumulator demonstrates 
that even more energy can be saved. 

B.3 Results System Analysis (Chapter 4) 

The simulation studies, from which the results were gathered for this section, are all based 
on the system with a 41 accumulator, a 16ccfrev fixed displacement pump and load sequence 
no. 1 (Etoadl = 21.35 kJ/c). The optimal switch-times are (4p(ump) and 4a(ccumulator)): 

Up1 = 7.577 S 

Ua1 = 4.598 S 

Note: 

Up2 10.591 S 

O'a2 = 11.852 S 

Up3 14.860 S 

Ua3 = 14.296 s 
16.210 s 
16.213 s 

The simulations were carried out with a Personal Computer with a 20 MHz 80386 processor 
supported by a 20 MHz 80387 mathematical co-processor. 

B.3.1 Simulated Measurements 

The differential equations in the dynamic model were solved with the help 'of the Runge-Kutta 
scheme with variable step-size. In Figures B.7 to B.ll, the simulated measurements ll,;m(t) 
for the pump pressure, the accumulator pressure, the system pressure and the load pressure 
and flow of one cycle are represented. 
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Figure B.ll: Simulated load flow 

B.3.2 Model inaccuracies 

The results of these studies are given according to the classification of Section 4.3.1; 

l.a: U nmodelled Dynamics 

For the study of the influence of unmodelled dynamics on the behaviour of the Learning 
Hydraulic System, the dynamic model was used. The differential equations from the dynamic 
model were solved with the help of the Runge-Kutta scheme with variable step-size. The 
following figures are included in this appendix: 

B.12: A constant-pressure system, 
B.l3: The Learning Hydraulic System. 

For a comparison, in Figure B.12, a simulation is presented with a constant-pressure system 
loaded with load sequence no. 1. In Figure B.l3, a simulation is shown with the dynamic 
model of the Learning Hydraulic System loaded with the same load sequence. In Figures 
B.12.c and B.l2.d and in Figures B.l3.g and B.l3.h, the influence of dynamics on the load is 
shown as the difference between the desired and the actual load sequences. Comparing these 
figures shows that additional peaks occur when the 2/2-way valves are operated (marked 
with #). The influence of those peaks is minimal and they will have only little effect on the 
real mechanical load. Figures B.l3.c, B.13.d and B.l3.e show the non-cyclic behaviour of 
the system (violation of constraints c3 and c4, they are marked with # ). Due to an internal 
leakage when opening or closing the 2/2-way valves, the accumulator volume at the end of 
the cycle is less than at the start. After a few cycles, the system will not be able to deliver 
the desired load sequence (violation of constraints c1 and c2). However, compared to the 
low-frequency model, the energy consumption is not changed much. 

l.h: Uncertain Behaviour and Uncertain Interaction of Components 

In this appendix, no results are included for such studies. 
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Figure B.12: Constant-pressure system 
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2.a: Parametric Uncertainties and Variations 

The simulated results in these studies are summarized in Table B.5. The abbreviations and 
symbols in this table denote: 

par : The parameter involved. 
var : The variation factor for the parameters. 
ref : The reference system. 
c; : The constraints. 
tip : The difference between accumulator pressure at t = to and t = t •. 
E1oss : The loss of energy during one cycle. 
nv : The constraint is not y_iolated. 
sv : The constraint is ~lightly y_iolated. 
v : The constraint is y_iolated. 

A figure is included for the simulation which is marked with a *: 

B.14 : Simulation with increased laminar pump losses (L1 · 1.5). 

The violations of the constraints are marked with#· Figures B.14.c, B.l4.d and B.l4.e show 
the non-cyclic accumulator behaviour (violation of constraints c3 and C4). In a single cycle, 
more flow is taken from the accumulator than is supplied to it. The mean pressure in the 
accumulator decreases with time causing the total efficiency to increase. The desired load 
sequence, however, can no longer be delivered (violation of constraints c1 and c2). In Figures 
B.l4.f and B.14.g, the constraint violations are shown. 

2.b: Uncertainties in the Adjusted Variables 

In this appendix, no results are included for such studies. 

B.3.3 Load·Variations 

The influence of load variations of load sequence no. 1 on the (greatest) constraint violations 
and energy losses, when the old switch-times and initial state are used, and the energy losses 
alter an optimization, are summarized in Table B.6. 

The following figure is included: 

B.l5 : Simulation in which the load pressure is increased by a factor of 1.02 and the 
load flow is decreased by a factor of 0.98. 

The violations of the constraints are marked with #. Figures B.15.c, B.l5.d and B.15.e show 
the non-cyclic accumulator behaviour (violation of constraints c3 and c4 ). Due to the de
creased load flow, in one cycle less flow is taken from the accumulator. The mean pressure in 
the accumulator increases with time allowing the load sequence to be delivered. In Figures 
B.l5.f and B.l5.g, no violations of these constraints c1 and c2 occur. The·energy losses in the 
system increase, but the efficiency remains about the same as in the first cycle. After a few 
cycl~ the efficiency decreases due to the increase of the mean accumulator pressure. 
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Table B.5: P arame~~; .. t; ......... 
par var Cl C2 C3: llT [K] c4: llV llp [bar) Elou [kJ/c] 11 [-] ... 

ref 1.00 nv nv 0.00 0.57 0.04 19.46 0.523 
0.70 nv nv 1.31 48.80 4.35 20.49 0.510 
0.90 nv nv 0.43 15.60 1.36 19.78 0.519 
0.95 nv nv 0.21 7.50 0.66 19.63 0.521 
0.97 nv nv 0.13 4.26 0.37 19.56 0.522 

Lt 0.98 nv nv 0.09 2.65 0.23 19.53 0.522 
1.02 nv nv 0.08 3.79 0.30 19.39 0.524 
1.03 nv nv 0.12 5.39 0.45 19.36 0.524 
1.05 nv nv 0.20 8.59 0.72 19.29 0.525 
1.10 sv SV 0.40 16.50 1.39 19.13 0.527 

* 1.50 v v 1.88 78.30 6.30 17.85 0.545 
0.50 nv nv 0.61 22.40 1.97 20.07 0.515 
0.70 nv nv 0.38 13.20 1.51 19.83 0.518 
0.80 nv nv 0.25 8.60 0.75 19.70 0.520 
0.90 nv nv 0.13 4.00 0.35 19.58 0.522 

L2 0.95 nv nv 0.07 1.72 0.16 19.52 0.522 
1.05 nv nv 0.05 2.86 ! 0.24 19.40 0.524 
1.10 nv sv 0.11 5.15 0.43 19.34 0.525 
1.20 nv sv 0.23 9.71 0.82 19.23 0.526 
1.50 SV ; sv 0.56 23.40 1.96 18.86 0.531 
2.00 v v 1.14 46.00 3.79. 18.27 0.539 
0.10 nv nv O.o2 0.26 0.01 19.43 0.524 
0.20 nv nv 0.02 0.25 O.oi 19.43 0.524 
0.50 nv nv 0.02 0.37 0.02 19.44 0.523 
0.70 nv nv 0.01 0.45 0.03 19.45 0.523 

H2wa 0.95 nv nv 0.01 0.53 0.04 19.45 0.523 
1.10 nv nv 0.01 0.62 0.04 19.46 0.523 
1.50 nv nv o.oo 0.78 0.06 19.48 0.523 
2.00 nv nv 0.01 0.98 0.08 19.50 0.523 
5.00 nv nv 0.06 2.19 0.19 19.62 0.521 
10.0 sv nv 0.15 4.10 0.37 19.81 0.519 
0.10 nv nv 0.07 1.78 0.16 18.60 0.534 
0.50 nv nv 0.04 0.73 0.07 18.99 0.529 
0.70 nv nv 0.03 2.11 0.03' 19.18 0.527 

Hcv 1.10 nv nv 0.00 0.84 0.06 19.56 0.522 
1.50 nv : nv 0.03 1.88 0.15 19.93 0.517 
2.00 nv nv 0.06 3.18 0.26 20.40 0.511 
3.00 nv nv 0.13 5.77 0.48 21.34 0.500 
5.00 nv: sv 0.27 10.89 0.92 23.20 0.479 
0.10 nv nv 0.22 1.40 0.20 19.54 0.522 
0.50 nv nv 0.09 0.90 0.10 19.49 0.523 
0.70 nv nv 0.01 0.74 0.06 19.48 0.523 

T 1.50 nv nv 0.22 0.43 0.13 19.45 0.523 
2.00 nv nv 0.64 0.39 0.31 19.44 0.523 
3.00. SV nv 1.54 0.42 0.69 19.44 0.523 
5.00 v nv 2.53 0.57 1.13 19.46 0.523 
10.0 v nv 2.87 0.79 1.30 19.48 0.523 
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Figure 8.14: Parameter variation (L1 · 1.5) 
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•r,.h1 .. R_6: Influence of Load Variations. 
load variation old switch-times. new switch-times 

Pfa.ctor qfactor c1 [bar] c2 [m3 /sl C34 lbar] Etm lkl/c] E,,., lkJ/c] 
0.90 1.00 0 0 0.25 19.53 18.22 
0.92 1.00 0 0 0.25 19.52 18.31 
0.94 1.00 0 0 0.25 19.52 18.82 
0.96 1.00 .0 0 0.25 19.52 19.05 
0.98 1.00 0 0 0.25 19.52 19.27 
1.00 1.00 0 0 0.25 19.51 19.51 
1.02 1.00 1.4 0 0.25 19.51 19.74 
1.04 1.00 3.2 0 0.25 19.51 19.99 
1.06 1.00 5.0 0 0.25 19.50 20.24 
1.08 1.00 6.8 0 0.25 19.50 20.47 
1.10 1.00 8.6 0 0.25 19.50 21.50 
1.00 0.90 0 0 8.70 22.18 20.19 
1.00 0.92 0 0 6.80 21.64 20.12 
1.00 0.94 0 0 4.90 21.10 19.87 
1.00 0.96 0 0 3.10 20.57 19.78 
1.00 0.98 0 0 1.40 20.04 19.52 
1.00 1.00 0 0 0.25 19.51 19.51 
1.00 1.02 1.2 0 -1.80 18.99 19.38 
1.00 1.04 2.7 0 -3.40 18.46 19.31 
1.00 1.06 4.2 0 -4.90 17.94 19.03 
1.00 1.08 5.7 0 -6.40 17.43 19.03 
1.00 1.10 7.1 0 -7.90 16.91 * 

• 1.00 L13 I 9.1 0.1e-4 -9.9 16.14 * I 

8.3.4 Load Characterization 

Table B.7 shows the "short" file from the characterization of the simulated measurements of 
the load pressure (Figure B.lO) and the load flow (Figure B.ll). 

0 
0 
0 
0 0 
0 0 
0 0 

20.05 0 0 
0 0 0 0 

35.05 0 0 0 

With the help of this table, the desired and characterized load sequence can be calculated: 

Pl(t) = ap; + bp; · t 

qt(t) = aq; + bq; · t 

[bar] 

(m3/s] i E (ch, d). 
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In these equations, index ch denotes the characterized load sequence, and index d denotes 
the desired load sequence. 

B.3.5 Parameter Identification 

In Table B.8, the results of the identification studies in Section 4.4.2 are summarized. In that 
table the abbreviations stand for: 

fs : maximal initial failure, I (Binit - Bexo.ct)/Oexact lmo.x· 
fe : maximal end failure, I (8opt- Bexo.ct)/Oexo.ct lmo.x· 
ace : desired accuracy. 
iter : number of iterations. 
comp : computation. 

Note: 
The minimizations were carried out on a Personal Computer with a 20 MHz 80386 processor 
supported by a 20 MHz 80387 mathematical co-processor. 

Table B.8: ldetttific~ttion resnlts. 
fs [-] ace[-] /•ample [Hz] iter teomp [min:sec] fe [-] 

I o.o5 
1e-5 33 12 7:13 0.0014 
le-5 25 12 7:45 0.0014 
1e-4 25 8 6:39 0.012 
1e-5 33 15 10:38 0.0018 

0.10 le-5 25 13 6:17 0.0018 
le-4 25 11 9:23 0.002 
le-5 33 16 10:40 0.003 

0.20 le-5 25 ¥, 8:50 0.003 
le-4 25 8:39 0.003 

B.3.6 Correction 

In Figure B.l6, the correction procedure in Mode 1 (dashed lines) is compared with Mode 2 
(solid lines). 

B.3. 7 Total System (Supervisor) 

In this appendix, no results are inch1ded for this study. 



124 

a: 

Fr .e 
~ 

1.1 

"" 1.05 

I 
0 5 10 15 

b: 

~ 
~ 

"" 

5 10 15 

c: 

5 10 15 

20 

20 

20 

APPENDIX B. SIMULATED RESULTS 

25 
cycle 

25 
cycle 

25 

cycle 

30 

30 

30 

35 40 45 50 

35 40 45 50 

35 40 45 50 

Figure B.l6: Correction in Mode 1 (dashed lines) and Mode 2 (solid lines) (tcycle = 20 s) 



Appendix C 

Measured Results 

Extended information about the measured results for the study on the actual per
formance of the sub-procedures is given by means of tables and graphs. For con
venience, the results are presented according to the classification of Section 5.3. 
The practical tests were obtained with the hydraulic load simulator which imitates 
the two theoretical load sequence examples in Appendix B. 

C.l Load Simulator and Load Characterization 

In the test-rig, the Learning Hydraulic System is loaded by the hydraulic load simulator. In 
Figure C.l, an example of a cyclic load sequence generated by this load simulator is shown. 
The load simulator was driven by a (constant-} pressure system. For the desired input of 
the load simulator, theoretical load sequence no. 1 is used. In Figures C.2 and C.3, the 
differences between the desired and the actual load sequence are given. Obviously, during the 
step responses, relatively big differences occur temporarily. In Figure C.4, two step responses 
in this load sequence are magnified. 

Originally, in the load simulator the flow control is based upon flow reconstruction with 
the inverse valve model {Fortuin, 92). Figure C.4 shows the actual and simulated step re
sponses with that load simulator configuration too. The model used for simulating the step 
responses is equivalent to the load simulator sub-model in the dynamic model of the Learning 
Hydraulic System. The similarity between the measurements and the simulations confirms 
the appropriateness of the model. In the tests with the Learning Hydraulic System, a flow 
transducer is nsed for the flow control. That increases the accuracy of the load simulator, but 
decreases its response rate somewhat. 

The dynamic behaviour of the load simulator is comparable with that from an actual plastic 
moulding machine. For extended tests of the load simulator see (Fortuin, 92). 

The actual load sequence is used for testing the load characterization procedure. In Ta
ble C.l, the "short" file that results from the characterization is given. Figures C.5 and C.6, 
are produced with the help of the information presented in that table. 

125 
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Table C.l: Load C haracterization. 
bpd apch bpch aqd bqd aqch bq.h 

[barfs] (bar] (barfs] (m3/s) [m3js2J [m3/s] [m3js2J 

0 35.02 0 2.5·10-4 0 2.501·10-· 0 
30 -47.08 28.23 3.5·10 ' 4 0 3.591·10-4 0 
0 20.03 0 1.5·10 -· 0 1.499·10-· 0 
60 -361.65 64.37 6.0·10-· 0 5.971-10-· 0 
0 89.99 0 0.6·1o-• 0 0.593·10 ·• 0 
0 59.98 0 3.0·10 ·• 0 2.995·10-· 0 
0 0 0 I o 0 0 0 
0 20.09 0 1.5·10 ·• 0 1.521·10-4 0 
0 0 0 0 0 0 0 
0 35.01 0 2.5·10-4 0 2.508·10 ·• 0 

127 

With the help of this table, the desired and characterized load sequences can be calculated 
from piecewise linear functions 

ap; + bp;·t 

aq; + bq1 • t 
[bar] 

[m3 /s] i E (ch, d). 

In those equations, index ch denotes the characterized load sequence and index d denotes the 
desired load sequence. 
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Figure C.5: Characterized load pressure 
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Figure C.6: Characterized load flow 

C.2 Parameter Identification and Optimization (Off-line) 

Model Adjustments 
The model of the pump was developed separately using measurements of the actual pump 
flow at different pressures. The results are presented in Figure C.7. 
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c:r 3.8 
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qpO = 0.0003949 
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Figure C.7: Pump characteristic 

With the help of the method of least squares, the best-fit model was found. In the working 
range of pressure for the Learning Hydraulic system (20 · 105 < Pp(t) < 160 ·105 ) that model 
is 

q11(t) qp0 + L1 • Pp(t) = 3.949 · 10-4 - 11.08 · 10-13 · p11(t). (C.l) 

The model includes only the laminar leakage factor. The relatively big variations in the 
measurements are explained by the fact that temperature fluctuations of about ±2.5 K took 
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place during the measurements. Consequently, the viscosity of the oil (MOBIL DTE-25), and 
so, the laminar leakage factor varied by about +10%. Figure C.7 shows the best-fit model 
(dashed line with L1) and the extremes (dashed lines with 0.9Ll and l.lLl). 

Model Fitting and Model Validation 
The actual system pressure, the actual pump pressure and the actual accumulator pressure 
respectively during a single cycle of the off-line optimized system (on the basis of the 'best-fit 
model), loaded with load sequence no. 1, are shown in Figures C.8, C.lO and C.l2 as dashed 
lines. In those figures, the pressures simulated with the best-fit model and the characterized 
actual load sequence are given as solid lines. In Figures C.9, C.ll and C.13, the differences 
between the simulations and the measurements are shown as residuals. 
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Figure C.8: Simulated and measured system. pressure 
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Figure C.9: Difference between simulated and measured system pressure 
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Figure C.lO: Simulated and measured pump pressure 
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Figure C.ll: Difference between simulated and measured pump pressure 
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Figure C.12: Simulated and measured accumulator pressure 

In Table C.2, the results of testing the quality of the best-fit model when it is used with 
measurements other then those used to estimate it, are summarized. With measurement no. 
1 the best fit model was derived. The results are presented in the time order measurement 
sequence. 

Table C.2: Model 

measurement average 
{ 

1 70.508 0.347 
2 88.391 
3 98.906 
4 5.6 93.938 
5 5.5 85.875 
6 7.0 82.320 
7 85.719 
8 93.242 
9 97.438 
10 97.250 0.720 

Optimization 
As previously mentioned, Figures C.8, C.lO and C.12 present the measurements from the off-
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t [s] 

Figure C.13: Difference between simulated and measured accumulator pressure 

line optimized Learning Hydraulic System. In Figure C.l4, the actual load sequence of that 
cycle is shown and the actual system pressure is repeated. The optimization was performed 
on the basis of the best-fit model and the characterized load sequence. In Figure C.14, the 
simulation of the Learning Hydraulic System with the "old" characterized load sequence is 
also shown. 

., 0.52 

18 20 
t [s) 

(ua(t)) accu ~; t----------L--------L-----L __ ...~...,_ __ ---1 
optimal 

(up(t)) pump~; ,.------1 

Figure. C.14: Actual system behaviour (optimized off-line, first cycle) 

Due to load variations and model inaccuracies, in the actual situation constraint violations 
occur. In Figure C.12, the non-cyclic behaviour of the system is shown (marked with #). 
The pressure difference between the system and load is shown in Figure C.15. Figures C.16 
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and C.17 show that some extra peaks occur in the load sequence as the 2/2-way valves are 
activated. Those peaks are marked with #. 
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Figure C.l5: Difference between system pressure and load pressure 
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Figure C.16: Difference between desired and actual load pressure 
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Figure C.l7: Difference between desired and actual load flow 
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Figure C.18 shows the actual system behaviour in the third cycle, when no corrections took 
place in order to prevent constraint violations. In that cycle, the efficiency has increased, but 
the load can no longer be delivered due to the accumulated effect of the non-cyclic behaviour 
of the system; constraint c1 is violated too (marked with#). 
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Figure C.18: Actual system behaviour (optimized off-line, third cycle) 

C.3 Correction 

In this appendix, no results are included for such study. 
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Stelling en 

behorende bij bet proefschrift 

A New Approach to Saving Energy in Cyclic Loaded 
Hydraulic Systems: 

Learning Hydraulic Systems 

1. Het energetisch rendement van een cyclisch belast systeem is afhankelijk van bet ver
loop en de tijdsduur van de belastingscyclus. 

Fabrikanten van cyclisch belaste systemen dienen daarom bij de bewering da.t hun 
systeem een bepaald energetisch rendement heeft, of een bepaalde energetische ren
dementsverbetering oplevert, aan te geven op welke helastingscyclus de uitspra.ak be
trekking heeft en met welk systeem en met welke belastingscyclus vergeleken wordt. 

• Dit proefschrift, Hoofdstuk 2. 

2. Door een (hydraulische) energie-accumulator met een kleinere capaciteit te kiezen, 
in plaats van de gebruikelijke hoge-capaciteit-accumulatoren, treden grotere ( druk-) 
wisselingen in het systeem op. Deze wisselingen kunnen een positieve bijdrage op bet 
totale rendement leveren. 

• Dit proefschrift. 

3. Het gebruik van een accumulator hoeft niet altijd tot energiebespa.ring te leiden. 
Foutief gebruik kan zelfs een verhoging van het energieverbruik tot gevolg hebben. 

4. Door in een adapterende regelaar gebaseerd op parameteridentificatie gebruik te ma
ken van een 'wit' model, kan, naast het voordeel van de verbeterde prestatie van 
de regelaar, het benodigde aanta.l sensoren bij praktische toepassing va.ak beperkt 
blijven, hetgeen tot een la.gere investering leidt. 

• Dit proefschrift, Hoofdstuk 4. 



5. Alhoewel bij de ontwikkeling van een vage regelaar een systeemmodel in principe niet 
nodig is, ka.n het systeemmodel toch een grote waarde hebben bij het opdoen van de 
noodzakelijke systeemkennis. 

6. Een vage regelaar is niet zo vaag als zijn naam doet vermoeden. 

7. De veel gehoorde uitspraak: 'processnelheidsverhoging verlaagt het energetisch ren
dement', is zeker bij verouderde hydraulische machines niet altijd waar. 

8. Het is ongetwijfeld nuttig dat een werktuigbouwkundig ingenieur zelf prograrnmeer
technische kennis en ervaring heeft; toch zal zij/hij er verstandig aan doen om bij 
een uitgebreid en complex programmeerprobleem een expert te consulteren. 

9. Bij discussies tussen personen die verschillendevakgebieden vertegenwoordigen treedt 
vaak begripsverwarring op. Dit probleem ka.n bijvoorbeeld optreden bij mechatroni
sche projecten. 

10. Een slechte werkman geeft zijn gereedschappen de schuld. 

• Engels spreekwoord. 

Eindhoven, maart 1994 John van der Burgt 


