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FUZZIFIED Q-LEARNING ALGORITHM IN THE DESIGN OF FUZZY PID
CONTROLLERS

SUMMARY

In the traditional control theory, an appropriate controller is designed based on a
mathematical model of the plant under the assumption that the model provides a
complete and accurate characterization of the plant. However, in some practical
problems, the mathematical models of plants are difficult or time-consuming to be
obtained because the plants are inherently nonlinear and/or exhibit uncertainty. Thus,
new methods are proposed to process these characteristics. In recent years, increased
efforts have been centered on developing intelligent control systems that can perform
effectively in real-time. These include the development of non-analytical methods of
Artificial Intelligence (Al) such as neural networks, fuzzy logic and genetic
algorithms.

Fuzzy logic is a mathematical approach which has the ability to express the
ambiguity of human thinking and translate expert knowledge into computable
numerical data. It has been shown that fuzzy logic based modeling and control could
serve as a powerful methodology for dealing with imprecision and non-linearity
efficiently. Also, for real-time applications, its relatively low computational
complexity makes it a good candidate. Therefore, fuzzy logic control has emerged as
one of the most successful nonlinear control techniques.

Fuzzy Logic Controllers (FLC) are based on if — then rules integrating the valuable
experiences of human. These rules use linguistic terms to describe systems. Fuzzy
logic controllers have shown good performances on the controlling of the complex,
ill-defined and uncertain systems.

Three types of fuzzy controllers are known as Pl-, PD-, and PID-type controllers
which behave somehow similarly to their classical counterparts. Fuzzy Pl-type
control is known to be more practical than fuzzy PD-type because it is difficult for
the fuzzy PD to remove steady-state error. The fuzzy Pl-type control is, however,
known to give poor performance in transient response for higher order processes due
to the internal integration operation. Theoretically, fuzzy PID type control should
enhance the performance a lot.

During the building of the FLC, the important tasks are the structure identification
and parameters tuning. The structure identification of the FLC includes the input-
output variables of a controller, the rule base, the determination of the number of
rules, the antecedent and consequent membership functions, the inference
mechanism and the defuzzification method. The parameters tuning includes
determining the optimal parameters of membership functions antecedent and
consequent but also the scaling factors.
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Several approaches have been presented to learn and tune the fuzzy rules to achieve
the desired performance. These automatic methods may be devised into two
categories of supervised and unsupervised learning by whether the teaching signal is
needed or not.

In the supervised learning approach, at each time step, if the input-output training
data can be acquired, the FLC can be tuned based on the supervised learning
methods.

The other category contains reinforcement learning (RL) systems which are
unsupervised learning algorithms with the self-learning ability. The RL-based FLCs
are learning schemes which need a scalar response from the environment to provide
the action performance, that value is easier to collect than the desired-output data
pairs in the real application.

The basic idea of the reinforcement learning is to learn, through trial-and-error
interaction with a dynamic environment which returns a critic, called reinforcement,
In reinforcement learning or learning with a critic the received signal is a behavior
sanction (positive, negative or neutral); this signal indicates what you have to do
without saying how to do it. The agent uses this signal to determine a policy
permitting to reach a long-term objective.

It exist several reinforcement learning algorithms. Some are based on policy iteration
such as Actor Critic Learning (ACL) and others on value iterations such as Q-
learning. In this work we are interested by the Q-learning, which can be thought of as
a reward or a punishment, the control actions to determine desired changes in the
control output that will increase the index of performance.

The Q-learning is the most used reinforcement learning algorithm in practice because
of its simplicity and the proof of its convergence. In Q-learning algorithm, a Q-value
Is assigned to each state-action pair. The Q-value reflects the expected long-term
reward by taking the corresponding action from the action set in the corresponding
state in the state space.

Reinforcement learning techniques assume that, during the learning process, no
supervisor is present to directly judge the quality of the selected control actions, and
therefore, the final evaluation of process is only known after a long sequence of
action. Also, the problem involves optimizing not only the direct reinforcement, but
also the total amount of reinforcements the agent can receive in the future.

In this work, we investigate a method for tuning the parameters of the input
membership functions and output singletons of fuzzy logic controllers by the Q-
learning algorithm in order to minimize or maximize a given cost function of the
closed-loop system.

In order to tune the membership functions of the FLC, we choose the vector of
parameters to be optimized as universe of discourses of error, change of error and
output singletons. To each parameter are associated several competing candidates
and to each candidate, is associated a Q-value that is incrementally updated by the
QLA. The learning process consists then in determining the best set of parameters,
the one that will optimize the future reinforcements.

Thus, as the quantities are initially unknown, the fuzzy controller has to explore and
test several actions. The exploration phase is often long. Though, as fuzzy rules are
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interpretable and tuning parameters have physical meaning, this phase can be
drastically reduced by introducing knowledge in the initial fuzzy controller.

The cost function, which quantifies the effectiveness of the fuzzy controller, is
evaluated at the end of a step-response experiment. Without loss of generality, we
take the sum of square error cost function or in other words, Integral Square Error
(ISE). This cost function then is used to define the reward function of the QL
algorithm which we consider it as a scalar reward function to assess the quality of the
actions taken by the system.

In this study we propose a manipulated reward function, instead of using a scalar
reward function for the Reinforcement QL algorithm to improve both the
performance and convergence criteria of the mentioned algorithm which incorporates
a fuzzy structure (fuzzy inference system) including more elaborate information
about the rewards/punishments assigned to each action in each state which is being
taken in each step time by the agent.

Firstly, we apply the proposed algorithm to two distinc second order linear systems,
one with time delay and the other one without time delay, and obtain the
corresponding unity step responses for the given systems. The obtained results
obviously demonstrate a considerable improvement in the performance of the
systems closed loop unity step responses in contrast with fuzzy controllers without
any tunning schemes.

In the next step, in order to show the effectiveness of the proposed method in a real
time case, we apply the algorithm to a nonlinear system. The system to be examined
is considered to be an Inverted Pendulum and our goal is to balance it on a vertical
position. The resulting simulations clarify that the balancing time considerably
reduces in comparison with controlling the system with a non-tuned fuzzy controller
scheme.
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BULANIK MANTIK KONTROLORUN TASARIMINDA KULLANILAN
BULANIK Q-OGRENME ALGORITMASI

OZET

Geleneksel kontrol kuraminda, modelin sistemin tiim 06zelliklerini her an igin
sagladig1 varsayilarak, sisteme iligkin matematiksel model {izerinden uygun bir
kontrolor tasarlanir. Ancak, sistemin matematiksel modelini elde etmek, sistemin
lineer olmamas1 ve/veya sistem parametrelerindeki belirsizlikler yiiziinden zor veya
cok zaman alicidir. Bu nedenle, sistem kontrol tasariminda yeni g¢esitli yontemler
onerilmektedir. Son yillarda, etkili bir ger¢ek-zaman tasarim yontemi bulmak i¢in,
akilli kontrol sistemlerini kullanan bir¢ok ¢alisma yapilmistir. Sinir aglari, bulanik
mantik ve genetik algoritma gibi yapay zeka kapsaminda olan ve analitik olmayan
yontemler bu alanda yer almaktadir.

Bulanik mantik bir matematiksel yaklasimdir ki islevi insan diisiincesinin anlam
karmasasint algilamak ve uzman bilimini hesaplanabilir bigimde sayisal veriye
cevirmektir. Bulanik mantik ile modelleme ve kontroliin, belirsiz ve lineer olmayan
sistemler ile ilgilenmek i¢in, giiclii bir yontem oldugu daha 6nceden goriilmiistiir.
Ayrica, gercek-zaman uygulamalarinda, bulanik mantik ile hesaplama islemlerinin
sinir aglarina nispetle daha az karmasik olmasindan 6tiirii, daha giiclii bir se¢im
olarak Onerilmektedir. Bdylelikle, bulanik mantik ile kontrol lineer olmayan
sistemler acisindan en basarili yontem olarak diisiiniilebilir.

Bulanik Mantik Kontrolorleri “eger-ise-o zaman” kurallarina uyarak insanin degerli
tecriibelerini sistemlere uyarlamaktadir. Bu kurallar, oncelikle, dilsel degiskenleri
kullanarak yapilacak islemi ifade etmekte kullanilmaktadir. Bu tiir kontrolorler
karmagik, eksik-tanimlanmis ve/veya belirsiz sistemlerde ¢ok daha iyi bir basarim
gOstermektedir.

Bulanik kontroldriin {i¢ 6zel tipi, PI-, PD- ve PID- tipi bulanik kontrolérler olup
bunlar klasik PI, PD ve PID kontrolorlerine ¢ok yakin davranislar sergiledikleri
gosterilmistir. PD-tipi kotrolor ile stirekli hal hatasim1 ortadan kaldirmak zor
oldugundan, pratikte, bulanik PI-tipi kontrolorler, bulanik PD-tipi kontrolorlere
oranla daha fazla kullanilir. Ancak, bulanik PI-tipi kontrolorlerin yuksek mertebeli
sistemlerin gecici hal yanitlar lizerindeki basarimi zayiftir. Teorik olarak, bulanik
PID-tipi kontroldr yukarida anlatilan sorunlar1 gidermektedir.

Bulanik mantik kontrolorlerin kurallarini arzu edilen basarima yaklastirmak igin
birgok yaklagim onerilmistir. Bu yontemler gozetimli veya gozetlenmemis 6grenme
olmak ftizere iki sinifta incelenebilir. Eger giris-cikis egitim verileri her adimda elde
edilebiliyorsa, Bulanik Mantik Kontrolii g6zetimli 6grenim ydntemine bagli olarak
ayarlanabilir. Denetlenmis 6grenim yaklasiminin her adiminda, eger giris-gikis
veriler elde edilebiliyorsa, Bulanik Mantik Kontrolii denetlenmis 6grenim yontemine
bagli olarak ayarlanabilir. Go6zetimsiz Ogrenme algoritmalar1 ise pekistirilmis
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ogrenme sistemlerini kapsamaktadir ki bu sistemler kendi kendisini egitmek giiciine
sahiptirler.

Pekistirilmis 6grenme yontemlerinin kullanildigi Bulanik Mantik Kontrol6rleri
ogrenim yontemi olarak davranis basarimii yiikseltecek bigcimde ¢evre ile
etkilesimlerinden skalar yamit almaga ihtiya¢ duyarlar. Gergek zaman
uygulamalarinda bu degerleri elde etmek istenen-¢ikt1 verilerinin elde edilmesinden
daha kolaydir.

Pekistirmeli 6grenmenin temel fikri gevre ile etkilesimde “deneme ve yanilma”
yaklasiminin kullanilmasidir. Pekistirmeli 6grenmede alinan her isaret bir pozitif,
negatif veya notr davranis onayidir; yani, bu isaret hangi islemin yapilmasi
gerektigini nasil yapilacaginmi séylemeden gdsterir. Uzun vadeli amaglara ulasabilmek
igin varsayilan kontroldr bu isareti prensip olusturmak i¢in kullanir.

Bir kac¢ pekistirilmis 6grenme algoritmalart mevcuttur. Bunlardan bazilar1 politika
belirleme iterasyon prensipine uyarak (Actor Critic Learning gibi) diger bazilar1 da
deger atama iterasyon prensipine uyarak (QL gibi) ¢alismaktalar.

Bu tez kapsaminda Q-6grenme algoritmasi ele alinarak bulanik kontrol6riin basarimi
artirilmaya calisgtlmistir. Bu amacla, bir ceza veya 0dil atamasi ile 6grenim
saglanmaya calisilir. Bu 6grenim ile bir basarim Ol¢iitiinii iyilestirmek iizere sistem
cikisinda arzu edilen degisiklikler kontrol ¢ikis isareti lizerinden yapilir.

Q-6grenme algoritmasi kolaylik ve iyi yakinmasindan dolay1 pratikte pekistirilmis
ogrenme algoritmalari i¢inde en yaygin olandir. Q-6grenme algoritmasinda bir “Q-
degeri” her durum-eylem ciftine atanmaktadir. Q-degeri beklenilen uzun-vadeli 6dil
degerini yansitmaktadir.

Pekistirilmis 6grenim teknigine gore, 0grenim asamasinda higbir yonetici veya
uzman, secilen kontrol faaliyetinin kalitesini degerlendirmek i¢in bulunmamaktadir.
Bu nedenle, prosediiriin degerlendirmesi, sadece uzun bir faaliyet asamasindan sonra
tanimlaniyor. Ayrica problem sadece dogrudan takviye optimizasiyonu degil, belki
operatorun(ajan) gelecekte kabul edebilecegi tiim takviye’leri iceriyor.

Bu ¢alismada, kapali-cevrimli bir sistemin belli bir davranis 6lgitiinii maksimize
veya minimize etmesi amaciyla, bulanik mantik kontrolérlerinin giris ve ¢ikis tiyelik
fonksiyon parametrelerini, Q-6grenme algoritmasina dayali olarak ayarlayan bir
yontem onerilmektedir.

Bulanik Mantik Kontroldriin iiyelik fonksiyonlarinin parametrelerinin ayarlamasi
icin optimize edilecek vektor parametreleri kontrolor girisi olan hata ve hatanin
degisimi ve de ¢ikis olarak segilmistir.

Her Uyelik fonksiyon parametresi icin birbiri ile rekabette olan ¢esitli adaylar ve her
bir aday icin bir Q-degeri tamimlanmistir. Bu Q-degerleri adim adim Q-6grenme
algoritmasi tarafindan giincellestirilmektedir. Bdylece &grenim prosedird, en iyi
uyelik fonksiyon parametre takimini belirlemektedir. Boylece ilk basta, Uyelik
fonksiyon parametre degerleri belirsizken, bulanik kontroloriin g¢esitli sartlar altinda
calistirilmak ve denenmek zorundadir.

Arastirma asamasi ¢0gu zaman uzundur. Ancak ayar parametreleri fiziksel bir anlam
tagiyorsa bu faz kisaltilabilir. Davranig 6lciitii kullanilarak farkli parametre degerleri
ile elde edilen her basamak yanit1 sonunda bulanik kontroloriin etkinligi bir deger ile
Olclilmiis olur. bu g¢alismada davranis Ol¢iitii olarak karesel hata integrali
kullanilmistir.
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Bu calismada, literatiirde ilk kez olarak Q-06grenme algoritmasinin odiil
fonksiyonunda, skalar degerler atamasi yerine bulanik c¢ok degerli atama
kullanilmistir. Boylece 6grenme algoritmasi daha duyarli hale gelmis ve bunun
sonucu olarak yakinsama hizlandirilmstir.

Bulanik kontroloriin iiyelik fonksiyon ayarlamasinda olusturulan bulaniklastirilmis
Q-0grenme algoritmasi kullanildiginda sistem yanitlarindaki hatalarin azaldigi ve
davranig Olgltiiniin ¢ok daha kiiclik degerlere ulastigi goriilmistiir.

[k adimda, 6nerilen yontem benzetim ¢alismalar1, iki farkli ikinci dereceden olusan
lineer sisteme uygulanmustir. Birinci sistem zaman gecikmesi olan, digeri ise zaman
gecikmesi olmayan bir sistem.

Bir sonraki adimda, énerilen yontemin etkisini gostermek icin, bu algoritma lineer
olmayan bir sisteme uygulanmistir. Adi1 gegen algoritma lineer olmayan ters sarkag
modeli tizerine uygulanmistir. Amacimiz Sarka¢in dikey bir durum’da, dengesini
saglamaktir.

Sabit degerli Q-6grenme algorirmasi kullanilan kontrolér, bulaniklastirilmis Q-
O0grenme algoritmast kullanilan  kontrolér ve ayarlanmamis bulanik kontrolor
basarimlart tiim sistemler iizerinde karsilastirilmis ve bulaniklastirilmis Q-6grenme
algoritmasi kullanilan kontroldriin bagariminin en yiiksek oldugu goézlenmistir.
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1. INTRODUCTION

The classical linear Proportional Integral Derivative Controllers (PIDCs) are widely
used in industrial process control where over 90% of operating controllers are PIDCs
[1]. This popularity is due to the simplicity of their structure and the familiarity of
engineers and operators with PID algorithms. They are inexpensive and reasonably

sufficient for many industrial control systems.

However, the classical PIDCs cannot provide good enough performances in
controlling highly complex processes and/or when their parameters are badly tuned,
practically when handling MIMO (multiple inputs, multiple outputs) systems.
Following the first fuzzy control application carried out by Mamdani [2], fuzzy
control [3, 4] has become, in the recent past, an alternative to conventional control
algorithms to deal with complex processes and combine the advantages of classical

controllers and human operator experience.

In the literature, various types of fuzzy PID (including Pl and PD) controllers have
been proposed. In general, the application of fuzzy logic to PID controller design can

be classified into two major categories according to the way they are constructed
[5]:
I.  The gains of the conventional PID controller are tuned on-line in terms of the

knowledge base and fuzzy inference, and then the conventional PID

controller generates the control signal [6, 7].

[l. A typical FLC is constructed as a set of heuristic control rules, and the
control signal is directly deduced from the knowledge base and the fuzzy
inference as it is done in McVicar-Whelan or diagonal rule-base generation
approaches [8, 9, 10, 11].

The controllers in the second category are referred to as PID-type FLCs because,
from the input—output relationship point of view, their structures are analogous to

that of the conventional PID controller.



The formulation of PID-type FLC can be achieved either by combining PI- and PD-
type FLCs with two distinct rule-bases or one PD-type FLC with an integrator and a

summation unit at the output.

We can summarize the design parameters within two groups:
I.  Structural parameters
ii.  Tuning parameters

Basically, structural parameters include input/output (1/O) variables to fuzzy
inference, fuzzy linguistic sets, membership functions, fuzzy rules, inference
mechanism and defuzzification mechanism. Tuning parameters include 1/0 scaling
factors (SF) and parameters of membership functions (MF). Usually the structural
parameters are determined during off-line design while the tuning parameters can be
calculated during on-line adjustments of the controller to enhance the process
performance, as well as to accommodate the adaptive capability to system

uncertainty and process disturbance.

The usage of fixed value scaling factors in the case of the real systems which
featured nonlinearities, modeling errors, disturbances, parameter changes, etc., may
not be sufficient to achieve the desired system performance. Therefore to overcome
these kinds of disadvantages, a lot of heuristic and non-heuristic tuning algorithms
for the adjustment of scaling factors of fuzzy controllers have been presented in
literature [12, 13, 14, 15, 16, 17].

Besides the classical tuning methods, many other tuning methods for classical and
fuzzy PID controllers are proposed in the literature; fuzzy supervisors [18, 19],
genetic algorithms [20, 21, 22, 23], and the ant colony algorithms [24, 25]. All these
methods are capable of generating the optimum or quasi-optimum parameters to the

control system in a high-dimensional space, but at the cost of time.

Some popular approaches design the fuzzy systems from input—output data based on

the following methods [26]:
i. atable look-up scheme
ii.  gradient-descent training

iii.  recursive least square



iv.  clustering

Unfortunately, the input-output data may not be readily available, and the above
methods may belong to supervised learning methods. Another widely used method is
to implement adaptive laws based on the Lyapunov synthesis approach [27].
However, a disadvantage of adaptive fuzzy control is that it requires some model
information of the system and it may only aim at a specific class of systems.

The automatic methods to learn and tune the fuzzy rules may be divided into two
categories of supervised and unsupervised learning by whether the teaching signal is
needed or not. In the supervised learning approach, at each time step, if the input-
output training data can be acquired, the FLC can be tuned based on the supervised
learning methods. The artificial neural network (ANN)-based FLC can automatically
determines or modifies the structure of the fuzzy rules and parameters of fuzzy
membership functions with unsupervised or supervised learning by representing a

FLC in a connectionist way such as ANFIS or other methods [28, 29].

The other category contains genetic algorithm (GA) [30, 31] and reinforcement
learning (RL) systems [32, 33], which are unsupervised learning algorithms with the

self-learning ability [34].

The difference between the GA-based and RL-based FLCs lies in the manner of
state-action space searching. The GA-based FLC is a population based approach that
encodes the structure and/or parameter of each FLC into chromosomes to form an
individual, and evolves individuals across generations with genetic operators to find
the best one. The RL based FLC uses statistical techniques and dynamic
programming methods to evaluate the value of FLC actions in the states of the world.
However, the pure GA-based FLC cannot proceed to the next generation until the
arrival of the external reinforcement signal that is not practical in real time
applications. In contrast, the RL-based FLC can be employed to deal with the

delayed reinforcement signal that appears in many situations [35].

Reinforcement learning techniques assume that, during the learning process, no
supervisor is present to directly judge the quality of the selected control actions, and
therefore, the final evaluation of process is only known after a long sequence of
action. Also, the problem involves optimizing not only the direct reinforcement, but

also the total amount of reinforcements the agent can receive in the future. This leads



to the temporal credit assignment problem, i.e., how to distribute reward or
punishment to each individual state-action pair to adjust the chosen action and

improve its performance [36].

Supervised learning is more efficient than the reinforcement learning when the input-
output training data are available [37, 38]. However, in most real-world application,
precise training data is usually difficult and expensive to obtain or may not be
available at all [39].

For the above reasons, reinforcement learning can be used to tune the fuzzy rules of
fuzzy systems. Kaelbling, littman and Moore [40], and more recently Sutton and
Barto [33], characterize two classes of methods for reinforcement learning: methods
that search the space of value functions and methods that search the space of policies.
The former class is exemplified by the temporal difference (TD) method and the

latter by the genetic algorithm (GA) approach [41].

To solve the RL problem, the most approach is TD method [42, 43]. Two TD based
RL approaches have been proposed the Adaptive Heuristic Critic (AHC) [44, 45, 46,
47].

The definition of controlable factors for the FPID in the reinforcemnt learning
algorithms which has been led on discrete levels have been proposed in [48, 49]
which are kept unchanged during learning. This is the basic idea of the most existing
algorithms, which adopt Q-learning. In general, however, this is not case and then the
algorithm may fail. Indeed, for complex systems like static converter, priori
knowledge are not available, then it becomes difficult to determine a set of
parameters in which figure the optimal controlable factors for each fuzzy rule and
thus the FPID controller can’t accomplish the given task through FQL. To ensure a

fine optimization of the FLC a continuous RL algorithm has been proposed [50].

This thesis is concentrated on the subject of tuning the fuzzy logic controllers by
utilizing an unsupervised learning algorithm named reinforcement Q-learning. The
proposed optimization method is applied to the input and output membership
functions of the main control block, which here is a fuzzy controller, and tries to tune

the universe of discourses of the mentioned membership functions.

In order to improve the performance of the Q-learning algorithm an advanced reward

function using fuzzy logic is proposed.



For demonstrating the effectiveness of the Q-learning algorithm, it is applied to both
linear (with and without time delay) and nonlinear systems. The obtained results are
compared simultaneously with that of non-tuned fuzzy controller and also GA

method.

The rest of the study is divided into 5 sections. In section 2, we firstly define some
preliminaries of fuzzy logic and then extend the subject to the fuzzy controllers and
introduce the structure of the standard PID-type fuzzy logic controller. In section 3,
the concept of reinforcement learning and Q-learning algorithm is presented. Their
application to fuzzy logic control is revealed in the final part of this section.
Discussions and related computer simulations are incorporated in section 4. Finally

in section 5, appropriate conclusions are drawn and future work is given.






2. FUZZY LOGIC AND CONTROL

One of the more popular new technologies is intelligent control which is defined as a

combination of control theory, operations research, and artificial intelligence (Al).

To understand fuzzy logic, it is important to discuss fuzzy sets. In 1965, Zadeh [51]
wrote a seminal paper in which he introduced fuzzy sets, nearly 10 years later the
fuzzy control technique was first initiated by the pioneering research of Mamdani
[52, 53, 54] for systems structurally difficult to model, which was motivated by
Zadeh’s paper on system analysis with fuzzy sets theory. Since then, fuzzy control
theory has become one of the most extensively studied areas in both academia and
industry. Many theoretical developments and practical applications have been
reported. It is an appealing alternative to conventional control methods since it
provides a systematic and efficient framework to deal with uncertainties and
nonlinearities in complex systems, when an accurate system analytical model is not

available, not possible to obtain, or too complicated to use for control purposes.

Today, in Japan, United States, Europe, Asia, and many other parts of the world,
fuzzy control is widely accepted and applied. In many consumer products such as
washing machines and cameras, fuzzy controllers are used to obtain intelligent

machines (Machine Intelligence Quotient) and user-friendly products.

A few interesting applications can be cited: control of subway systems, image
stabilization of video cameras, image enhancement, and autonomous control of

helicopters.

2.1 Fuzzy Logic

2.1.1 Fuzzy sets

Zadeh introduced fuzzy set theory as a mathematical discipline, although the

underlying ideas had already been recognized earlier by philosophers and logicians.



A broader interest in fuzzy sets started in the seventies with their application to
control and other technical disciplines.

In ordinary (non-fuzzy) set theory, elements either fully belong to a set or are fully
excluded from it. Recall, that the membership p,(x) of x of a classical set A, as a

subset of the universe X, is defined by:

1,iff xeA

MM@:&L#fxeA (2.1)

This means that an element x is either a member of set A (ua(x)=1) or not
(na(x)=0). This strict classification is useful in the mathematics and other sciences
that rely on precise definitions. Ordinary set theory complements bi-valent logic in
which a statement is either true or false. While in mathematical logic the emphasis is
on preserving formal validity and truth under any and every interpretation, in many
real-life situations and engineering problems, the aim is to preserve information in
the given context. In these situations, it may not be quite clear whether an element

belongs to a set or not.

A fuzzy set is a set with graded membership in the real interval:

pa(x) € [1,0] (2.2)

That is, elements can belong to a fuzzy set to a certain degree. As such, fuzzy sets
sets can be used for mathematical representations of vague concepts, such as low

temperature, fairly tall person, expensive car, etc.

By definition a fuzzy set A on universe (domain) X is a set defined by the
membership function p,(x) which is a mapping from the universe X into the unit

interval:
1a(x): X —[1,0] (2.3)
A is completely characterized by the set of pairs:
A = {(x, s (X)), x € X} (2.4)

When X is a finite set {x4, ..., x, }, a fuzzy set on X is expressed as:

Ma() /Xy + o+ pa(xn)/n = ZiZTa (i) /% (2.5)



When X is not finite, we write:

A=[ 1a(0)/x (2.6)

2.1.2 Operations on fuzzy sets

Definitions of set-theoretic operations such as the complement, union and
intersection can be extended from ordinary set theory to fuzzy sets. As membership
degrees are no longer restricted to {0, 1} but can have any value in the interval [0, 1],
these operations cannot be uniquely defined. It is clear, however, that the operations
for fuzzy sets must give correct results when applied to ordinary sets (an ordinary set

can be seen as a special case of a fuzzy set).

2.1.2.1 Complement of a fuzzy set

Let A be a fuzzy set in X. The complement of A is a fuzzy set, denoted A, such that

for each x € X:

pa(x) =1- py(x) (2.7)

Figure 2.1 : Fuzzy set and complement of it.
2.1.2.2 Intersection of fuzzy sets

Let A and B be two fuzzy sets in X. The intersection of A and B is a fuzzy set C,
denoted C = A N B, such that for each x € X:

pe(x) = minfu, (x), up (x)] (2.8)
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Figure 2.2 : Fuzzy intersection.
2.1.2.3 Union of fuzzy sets

Let A and B be two fuzzy sets in X. The union of A and B is a fuzzy set C, denoted
C = A U B, such that for each x € X:

pe(x) = max[uy (x), up ()] (2.9)

Figure 2.3 : Fuzzy union.

2.1.3 Membership functions

MFs are fuzzy sets that can be represented through mathematical expressions. In
general, fuzzy sets can be of triangular, trapezoidal, Gaussian, or other form. In the
transition regions, its MF parts can be linear, quadratic, or exponential, depending on

the object of interest.

The simplest MF has a triangular shape, which is a function of a support vector x and

depends on three scalar parameters (a, b, and c).

The MF is given by the following mathematical expression:

( x<a

2 a<x<bh
—x . (2.10)



or, more compactly by:
_ . xX—a c—x
IJ_(X) = MaX[Mln (E 'E) ) O] (211)

The parameters a and ¢ locate the left and right limits of the support of the set and

the parameter b locates the core.
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Figure 2.4 : Triangular membership function.

The trapezoidal MF is a function of a support vector x and depends on four scalar

parameters (a, b, c, and d).

The mathematical expression of this MF is given by:

(O x<a
S as<x<b
ux) =141 b C (2.12)
d-x
kd—c €=Xx=
0 d<
or, more compactly by:
_ .. [(x—a d—x
IJ(X) = MaX[Mln (m ,1, E) , 0] (213)

The parameters a (b) and d (c) locate the left and right limits of the support. It is

obvious that the triangular MF is a special case of the trapezoidal MF when b = c;
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and if a = b = ¢ = d, then a fuzzy singleton is obtained. Furthermore, a, b, ¢, and d

represent lower modal, left spread, upper modal, and right spread, respectively.
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Figure 2.5 : Trapezoidal membership function.

The generalized bell MF depends on three parameters (a, b, and c) as given by:

1

f(X; 4, b, C) = W (214)
1

a

1
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0.8 a=%b-4c=6
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Figure 2.6 : Bell-shaped membership function.

The S-shape MF is defined by three parameters (a, b, and c) and its general shape is

shown in Figure 2.6. The mathematical form of an S-shape MF is given as:

(0 x<a
2()? a<x<bh
f(x;a,b,c) = a2 (2.15)
1—2(;) b<x<c
1 x<c
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Figure 2.7 : S-shaped membership function.

The Z-shape MF is the asymmetrical polynomial curve open to the left as shown in
Figure 2.7 and its mathematical function has the following form:

(O , x<a
I 1—2(X—_z) a<x<b
f(x;a,b,c) ={ e 5 (2.16)
LZ (;) b<x<c
1 x<c
1
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Figure 2.8 : Z-shaped membership function.
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2.2 Fuzzy Systems and Control

A static or dynamic system which makes use of fuzzy sets and of the corresponding
mathematical framework is called a fuzzy system. Fuzzy systems can serve different

purposes, such as modeling, data analysis, prediction or control.
Fuzzy sets can be involved in a system in a number of ways, such as:

= In the description of the system: A system can be defined, for instance, as a
collection of if-then rules with fuzzy predicates, or as a fuzzy relation.

= In the specification of the system’s parameters: The system can be defined by
an algebraic or differential equation, in which the parameters are fuzzy
numbers instead of real numbers.

= The input, output and state variables of a system may be fuzzy sets. Fuzzy
inputs can be readings from unreliable sensors (“noisy” data), or quantities
related to human perception, such as comfort, beauty, etc. Fuzzy systems can
process such as information, which is not the case with conventional (crisp)

systems.

2.2.1 Structural design techniques for fuzzy systems

Two common sources of information for building fuzzy systems are prior knowledge
and data (measurements). Prior knowledge tends to be of a rather approximate nature
(qualitative knowledge, heuristics), which usually originates from “experts”, i.e.,
process designers, operators, etc. In this sense, fuzzy models can be regarded as

simple fuzzy expert systems

Two main approaches to the integration of knowledge and data in a fuzzy model can

be distinguished:

1) The expert knowledge expressed in a verbal form is translated into a
collection of if-then rules. In this way, a certain model structure is created.
Parameters in this structure can be fine-tuned using input-output data.

2) No prior knowledge about the system under study is initially used to
formulate the rules, and a fuzzy model is constructed from data. It is expected
that the extracted rules and membership functions can provide an a posteriori

interpretation of the system’s behavior. An expert can confront this

14



information with his own knowledge, can modify the rules, or supply new
ones, and can design additional experiments in order to obtain more

informative data. This approach can be termed rule extraction.

2.2.2 Fuzzy controller and its architecture

A fuzzy controller is a controller that contains a (nonlinear) mapping that has been
defined by using fuzzy if-then rules.

The general form of the linguistic rules is:
If premise Then consequent

The premises (which are sometimes called “antecedents”) are associated with the
fuzzy controller inputs and are on the left-hand-side of the rules. The consequents
(sometimes called “actions”) are associated with the fuzzy controller outputs and are
on the right-hand-side of the rules. Notice that each premise (or consequent) can be
composed of the conjunction of several “terms” (e.g.“error is poslarge and change-

in-error is negsmall” is a premise that is the conjunction of two terms).

A block diagram of a fuzzy control system is shown in Figure 2.9. The fuzzy

controller is composed of the following four elements:

1) A rule-base (a set of If-Then rules), which contains a fuzzy logic
quantification of the expert’s linguistic description of how to achieve
good control.

2) An inference mechanism which emulates the expert’s decision
making in interpreting and applying knowledge about how best to
control the plant.

3) A fuzzification interface, which converts controller inputs into
information that the inference mechanism can easily use to activate
and apply rules.

4) A defuzzification interface, which converts the conclusions of the

inference mechanism into actual inputs for the process.
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Figure 2.9 : Fuzzy controller architecture.
2.2.2.1 Fuzzification

Fuzzification is the process of decomposing a system input and/or output into one or
more fuzzy sets. Many types of curves can be used, but triangular or trapezoidal
shaped membership functions are the most common because they are easier to
represent in embedded controllers. Each fuzzy set spans a region of input (or output)
value graphed with the membership. Any particular input is interpreted from this
fuzzy set and a degree of membership is interpreted. The membership functions
should overlap to allow smooth mapping of the system. The process of fuzzification
allows the system inputs and outputs to be expressed in linguistic terms so that rules

can be applied in a simple manner to express a complex system.

2.2.2.2 Rule base

The human operator can be replaced by a combination of a fuzzy rule-based system
(FRBS). The input sensory (crisp or numerical) data are fed into the FRBS, where
physical quantities are represented or compressed into linguistic variables with
appropriate membership functions. These linguistic variables are then used in the
antecedents (IF part) of a set of fuzzy rules within an inference engine to result in a

new set of fuzzy linguistic variables, or the consequent (THEN part).

2.2.2.3 Inference mechanism

The cornerstone of any expert controller is its inference engine, which consists of a
set of expert rules, which reflect the knowledge base and reasoning structure of the

solution of any problem.

Depending on the consequent of the fuzzy rule, the inference mechanism can be

categorized into two commonly used methods:
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Mamdani Inference Mechanism: Under Mamdani rules, the antecedents and the

consequent parts of the rule are expressed using linguistic labels.

Inputs x;and x, are crisp values and the max-min inference method is used. Based on
the Mamdani implication method of inference, the aggregated output for the rules

will be given by:

wgi (y) = Max[Min [uAli(xl), uzi(xz)” fori=1,2,...,1 (2.17)

If the max-product inference method is used the aggregated output for the rules will

be given by:
i (v) = Max| i ()b ()| fori =1,2,...,1 (2.18)

Figure 2.10 and 2.11 show graphical illustration of Mamdani-type rules using max-
min and max-product inference, respectively, for | = 2, where A;and A, refer to the
first and second fuzzy antecedents of the first rule and B; refers to the fuzzy
consequent of the first rule. Similarly, A; and A, refer to the first and second fuzzy
antecedents of the second rule, respectively, and B, refers to the fuzzy consequent of

the second rule.

Rule 1
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Figure 2.10 : Graphical execution of a min-max inference in a Mamdani rule.
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Figure 2.11 : Graphical execution of a min-product inference in a Mamdani rule.

Takagi-Sugeno Inference Mechanism: Another form is Takagi-Sugeno rules, under
which the consequent part is expressed as an analytical expression or equation.

Figure 2.11 represents a graphical illustration of Takagi-Sugeno inference method.

Min or
Product
|wy Zy=p, X+qy+1,
- w2 Z2=Pp X+ QY +1,
’! Weighted Average
x y
WiZy+W2aZo
- W+ W2

Figure 2.12 : Takagi-Sugeno inference mechanism.

2.2.2.4 Defuzzification

The result of fuzzy inference is the fuzzy set B'. If a crisp (numerical) output value is
required, the output fuzzy set must be defuzzified. Defuzzification is a
transformation that replaces a fuzzy set by a single numerical value representative of
that set. Figure 2.12 shows one of the most commonly used defuzzification methods:
the center of gravity (CoG).
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Figure 2.13 : The center-of-gravity defuzzification method.

The COG method calculates numerically the y coordinate of the center of gravity of

the fuzzy set B’

— 2;;1 ”B’(yj')yf

2.19
25:1 /"B’(yj) ( )

Where F is the number of elementsy; in Y. Continuous domain Y thus must be

discretized to be able to compute the center of gravity.

2.2.3 Fuzzy control design

One of the first steps in the design of any fuzzy controller is to develop a knowledge
base for the system to eventually lead to an initial set of rules. There are at least five

different methods to generate a fuzzy rule base [55].

1) Simulate the closed-loop system through its mathematical model.

2) Interview an operator who has had many years of experience controlling the
system.

3) Generate rules through an algorithm using numerical input/output data of the
system.

4) Use learning or optimization methods such as neural networks or genetic
algorithms to create the rules.

5) In the absence of all of the above, if a system does exist, experiment with it in
the laboratory or factory setting and gradually gain enough experience to

create the initial set of rules.
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2.2.3.1 Standard PID-type fuzzy logic controller

A suitable choice of control variables is important in fuzzy control design. Typically,
the inputs to the fuzzy controllers are the error and the change of error. This choice is
physically related to classical PID controllers. Usually, a fuzzy controller is either a
PD-or a Pl-type depending on the output of fuzzy control rules; if the output is the
control signal it is said to be PD-type fuzzy controller (FPDC) and if the output is the
change of control signal it is said to be Pl-type fuzzy controller (FPIC) [56, 57].

Fuzzy Pl-type control is known to be more practical than fuzzy PD-type because it is
difficult for the fuzzy PD to remove steady-state error. The fuzzy Pl-type control is,
however, known to give poor performance in transient response for higher order
processes due to the internal integration operation. Theoretically, fuzzy PID-type
control should enhance the performance a lot. It should be pointed out that, for fuzzy
PID controllers, normally a 3-D rule base is required. This is difficult to obtain since
3-D information is usually beyond the sensing capability of a human expert. To
obtain proportional, integral and derivative control action all together, it is intuitive
and convenient to combine Pl and PD actions together to form a fuzzy PID
controller. The formulation of PID-type FLC can be achieved either by combining
Pl- and PD-type FLCs with two distinct rule-bases or one PD-type FLC with an

integrator and a summation unit at the output.

A fuzzy PID controller is inherently a piecewise linear PID controller by the fuzzy
rule base establishment and fuzzy inference mechanism. It has a better control
capability than a conventional linear PID controller within the overall operating
range, especially for nonlinear systems, since the nonlinear terms are initially
included in the fuzzy rule table construction. In the region close to the origin, a fuzzy
PID controller functionally behaves approximately as a linear PID controller. When
the system cannot be represented by an explicit analytical model, a fuzzy PID control
will provide its superior, effective performance and the ease of implementation for
real-time application. Compared to other complicated fuzzy control strategies, a
fuzzy PID controller has a simpler structural configuration and hence is more

practically useful.

Here we consider a standard fuzzy PID-type controller structure as it is shown in
Figure 2.14.
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The output of the fuzzy PID-type controller is given by:
u=aU+B [Udt (2.20)

Where U is the output of the FLC. It has been shown in [16, 58] that the fuzzy
controllers with product-sum inference method, center of gravity defuzzification
method and triangular uniformly distributed membership functions for the inputs and
a crisp output, the relation between the input and the output variables of the FLC is

given by:
U=A+PE+DE (2.21)

Where E = kee and E = kqé. Therefore, from (2.20) and (2.21) the controller output

is obtained as:
u= oA + BAt + ak, Pe + BkyDe + Bk P fedt + akgé (2.22)

Thus, the equivalent control components of the PID-type FLC are obtained as

follows:

Proportional gain: ak.P + k4D
Integral gain: Bk.P

Derivative gain: akyD

[ K, E .|"-"J-
ro+ Fuzey U p Gis) |2
- Derivative | ¢ . E Controller ¥
i I'L_, - iE

Estimator

Figure 2.14 : Closed loop control structure of standard PID-type FLC.
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3. REINFORCEMENT LEARNING AND DYNAMIC PROGRAMMING

In dynamic programming (DP) and reinforcement learning (RL), a controller (agent,
decision maker) interacts with a process (environment), by means of three signals: a
state signal, which describes the state of the process, an action signal, which allows
the controller to influence the process, and a scalar reward signal, which provides
the controller with feedback on its immediate performance. At each discrete time
step, the controller receives the state measurement and applies an action, which
causes the process to transition into a new state. A reward is generated that evaluates
the quality of this transition. The controller receives the new state measurement, and

the whole cycle repeats. This flow of interaction is represented in Figure 3.1

action

state
Figure 3.1 : The flow of interaction in DP and RL.

The DP/RL framework can be used to address problems from a variety of fields,
including, e.g., automatic control, artificial intelligence, operations research, and
economics. Automatic control and artificial intelligence are arguably the most
important fields of origin for DP and RL. In automatic control, DP can be used to
solve nonlinear and stochastic optimal control problems [59], while RL can
alternatively be seen as adaptive optimal control. In artificial intelligence, RL helps
to build an artificial agent that learns how to survive and optimize its behavior in an
unknown environment, without requiring prior knowledge. Because of this mixed
inheritance, two sets of equivalent names and notations are used in DP and RL, e.g.,
“controller” has the same meaning as “agent,” and “process” has the same meaning

as “environment.”
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DP algorithms require a model of the environment, including the transition dynamics
and the reward function, to find an optimal policy. The model DP algorithms work
offline, producing a policy which is then used to control the process. Usually, they do
not require an analytical expression of the dynamics. Instead, given a state and an
action, the model is only required to generate a next state and the corresponding
reward. Constructing such a generative model is often easier than deriving an

analytical expression of the dynamics, especially when the dynamics are stochastic.

RL algorithms are model-free [60, 33] which makes them useful when a model is
difficult or costly to construct. RL algorithms use data obtained from the process, in
the form of a set of samples, a set of process trajectories, or a single trajectory. So,
RL can be seen as model-free, sample based or trajectory based DP, and DP can be
seen as model-based RL. While DP algorithms can use the model to obtain any
number of sample transitions from any state-action pair, RL algorithms must work
with the limited data that can be obtained from the process — a greater challenge.
Note that some RL algorithms build a model from the data; we call these algorithms

“model-learning.

3.1 Deterministic Setting

A deterministic setting for RL is defined by the state space X of the process, the
action space U of the controller, the transition function f of the process (which
describes how the state changes as a result of control actions), and the reward
function r (which evaluates the immediate control performance). As a result of the
action uy applied in the state x at the discrete time step k, the state changes to xy, 1,

according to the transition function f: X x U —»X

Xe41= (X, ug) (3.1)

At the same time, the controller receives the scalar reward signal ;. 1, according to

the reward functionr: X xU —R

Ti+1= P (Xp, Ug) (3.2)
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The reward evaluates the immediate effect of action u;, namely the transition from
x; 10 x;41, but in general does not say anything about its long-term effects. The

controller chooses actions according to its policy h: X —U, using:

Up= h(xk) (33)

3.1.1 Optimality in the deterministic setting

In DP and RL, the goal is to find an optimal policy that maximizes the return from
any initial state x,. The return is a cumulative aggregation of rewards along a
trajectory starting at x,. It concisely represents the reward obtained by the controller
in the long run. Several types of return exist, depending on the way in which the

rewards are accumulated. The infinite-horizon discounted return is given by:

Rh(xo) = Yr=o Vk Tk+1 (3.4)

Where ye [0, 1) is the discount factor. The discount factor can be interpreted
intuitively as a measure of how “far-sighted” the controller is in considering its
rewards, or as a way of taking into account increasing uncertainty about future
rewards. From a mathematical point of view, discounting ensures that the return will
always be bounded if the rewards are bounded. The goal is therefore to maximize the
long-term performance (return), while only using feedback about the immediate,
one-step performance (reward). This leads to the so-called challenge of delayed
reward, actions taken in the present affect the potential to achieve good rewards far
in the future, but the immediate reward provides no information about these long-

term effects.

3.1.2 Value functions and the Bellman equations in the deterministic setting

A convenient way to characterize policies is by using their value functions. Two
types of value functions exist: state-action value functions (Q-functions) and state
value functions (V-functions). The Q-function Q": X XU — R of a policy h gives
the return obtained when starting from a given state, applying a given action, and

following h thereafter:
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Q"(x,w) = pCx,u) + YR (f (x,w)) (3.5)
Here, R"(f (x,u)) is the return from the next state £ (x, u).

The optimal Q-function is defined as the best Q-function that can be obtained by any

policy:

Q*(x,u) = maxQ™(x,u) (3.6)

Any policy h* that selects at each state an action with the largest optimal Q-value,

i.e., that satisfies:
h*(x) € arg maxQ*(x, u) (3.7)

is optimal (it maximizes the return). The Q-functions Q" and Q* are recursively
characterized by the Bellman equations, which are of central importance for value
iteration algorithms The Bellman equation for Q" states that the value of taking
action u in state x under the policy h equals the sum of the immediate reward and the
discounted value achieved by h in the next state:

Q"(x,w) = p(x,u) +vQ" (£, w), h(f (x,w))) (38)

The Bellman optimality equation characterizes Q*, and states that the optimal value
of action u taken in state x equals the sum of the immediate reward and the

discounted optimal value obtained by the best action in the next state:

Q" (x,u) = p(x,u) + ymax, Q"(f (x,u), u’) 3.9)

3.2 Model-Free Value Iteration and the Need for Exploration

Here we consider RL, model-free value iteration algorithms, and discuss Q-learning,
the most widely used algorithm from this class. Q-learning starts from an arbitrary
initial Q-function Q, and updates it without requiring a model, using instead

observed state transitions and rewards, i.e., data tuples of the form (xy, uy,
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Xr+1.Tk+1) [46, 47]. After each transition, the Q-function is updated using such a data

tuple, as follows:
Qr+1 (g Up) = Qe (xpe, Ug) + ape[Ter1 + ymaxyr Qp (xpy1,u') — Qr(xp, ug )] (3.10)

Where oy € (0, 1] is the learning rate. The term between square brackets is the
temporal difference, i.e., the difference between the updated estimate ry,;+
ymax,/Qx(xx41,u’) of the optimal Q-value of (x,,ur) and the current

estimate Qy (xy, uy).

3.3 Convergence

As the number of transitions k approaches infinity, Q-learning asymptotically
converges to Q*if the state and action spaces are discrete and finite, and under the
following conditions [47, 62, 63]:

e The sum X7, a,? produces a finite value, whereas the sum Y, a
produces an infinite value.
e All the state-action pairs are (asymptotically) visited infinitely often.
In practice, the learning rate schedule may require tuning, because it influences the
number of transitions required by Q-learning to obtain a good solution. A good

choice for the learning rate schedule depends on the problem at hand.

The second condition can be satisfied if, among other things, the controller has a
nonzero probability of selecting any action in every encountered state; this is called
exploration. The controller also has to exploit its current knowledge in order to
obtain good performance, e.g., by selecting greedy actions in the current Q-function.

This is a typical illustration of the exploration-exploitation trade-off in online RL.

A classical way to balance exploration with exploitation in Q-learning is e-greedy

exploration [33], which selects actions according to:

" = {u € argmax, Q. (xy, ux) probability 1 — g
K=

A uniformly random action in U probability &, (3.11)

Where g€ (0, 1), is the exploration probability at step k.
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3.4 Q-learning Algorithm

1) initialize Q-function Q, < 0
2) measure initial state x,
3) foreverytimestepk=0,1,2,...do

4 = { u € argmax, Q (X, uy) probability 1 — g, (exploit)
random action selection probability & (explore)

5) apply uy, measure next state x; ., ,and reward 7,1

6) Q1 up) = Qg ug) + ape (i1 + ymax,r Qp (xpr1,u') — Qe (g, U]
7) end for

Greedy action selection leads to exploring novel actions. Confidence intervals for the
returns can be estimated, and the action with largest upper confidence bound, i.e.,

with the best potential for good returns, can be chosen.

The idea of RL can be generalized into a model, in which there are two components:
an agent that makes decisions and an environment in which the agent acts. For every
time step t, the agent is in a state x;,, € X where X is the set of all possible states, and
in that state the agent can take an action u,€ U where U is the set of all possible
actions in state x,. As the agent transits to a new state x;,; at time t + 1 it receives a
numerical reward 7., 4. It up to date then its estimate of the evaluation function of the
action Qy (xy, ug) using the immediate reinforcement, 1,4, and the estimated value

of the following state, Q*, (xy41,u’),
Q" (e, u") = maxy Qp(Xpes1,u") (3.12)
Where u'€ Uy, ;. The Q-value of each state/action pair is updated by
Ques1 (o wi) = QO wpe) + e[ 1iess + YQ", (Xks1,u') — Qr(xr, we)] (3.13)

This algorithm is called Q-Learning. It shows several interesting characteristics. The
estimates of the function Q, also called the Q-values, are independent of the policy
pursued by the agent. To calculate the evaluation function of a state, it is not
necessary to test all the possible actions in this state but only to take the maximum
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Q-value in the new state (3.14). However, the too fast choice of the action having
the greatest Q-value can lead to local minima.

u' = arg max, Qp (Xi41, Uk) (3.14)

To obtain a useful estimate of Q, it is necessary to sweep and evaluate the whole of
the possible actions for all the states: it is what one calls the phase of exploration
[33].

3.4.1 Exemplification of QL by a simple robot problem

In this part we introduce the concept of Q-learning through a simple but
comprehensive numerical example. The example describes an agent which uses
unsupervised training to learn about an unknown environment. Suppose we have 5
rooms in a building connected by doors as shown in the figure below. We will
number each room 0 through 4. The outside of the building can be thought of as one

big room (5). Notice that doors 1 and 4 lead into the building from room 5 (outside).

Figure 3.2 : Structure of the environment.

We can represent the rooms on a graph, each room as a node, and each door as a link.
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Figure 3.3 : Graphical representation of environment.

For this example, we would like to put an agent in any room, and from that room, go
outside the building (this will be our target room). In other words, the goal room is
number 5. To set this room as a goal, we will associate a reward value to each door
(i.e. link between nodes). The doors that lead immediately to the goal have an instant
reward of 100. Other doors not directly connected to the target room have zero
reward. Because doors are two-way (0 leads to 4, and 4 leads back to 0), two arrows
are assigned to each room. Each arrow contains an instant reward value, as shown

below:

Figure 3.4 : Reward assigned to each action.

Of course, Room 5 loops back to itself with a reward of 100, and all other direct
connections to the goal room carry a reward of 100. In Q-learning, the goal is to
reach the state with the highest reward, so that if the agent arrives at the goal, it will

remain there forever.

Imagine our agent as a dumb virtual robot that can learn through experience. The
agent can pass from one room to another but has no knowledge of the environment,

and does not know which sequence of doors lead to the outside.
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Suppose we want to model some kind of simple evacuation of an agent from any
room in the building. Now suppose we have an agent in Room 2 and we want the

agent to learn to reach outside the house (5).

m s Finish
0 ‘I‘I

/_,/'{- ™ i

g
4 3 k \ﬂ

2
Start

Figure 3.5 : Structure of the problem.

The terminology in Q-Learning includes the terms “state” and "action"”, so we will
call each room, including outside, a "state”, and the agent's movement from one
room to another will be an "action”. In our diagram, a "state" is depicted as a node,

while "action™ is represented by the arrows.

Suppose the agent is in state 2. From state 2, it can go to state 3 because state 2 is
connected to 3. From state 2, however, the agent cannot directly go to state 1
because there is no direct door connecting room 1 and 2 (thus, no arrows). From
state 3, it can go either to state 1 or 4 or back to 2 (look at all the arrows about state
3). If the agent is in state 4, then the three possible actions are to go to state 0, 5 or
3. If the agent is in state 1, it can go either to state 5 or 3. From state 0, it can only

go back to state 4.

We can put the state diagram and the instant reward values into the following reward

matrix R.

Action
State 0 1 2 3 4 5
-1 -1 -1 -1 0 1]
-1 -1 -1 0 -1 100
-1 -1 -1 0 -1 -1 (3.15)
-1 0 0 -1 0 -1
0 -1 -1 0 —1100
-1 0 -1 -1 0 100

[l
LI R S R O R
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The -1's in the table represent null values where there isn't a link between nodes.
Now we will add a similar matrix, "Q", to the brain of our agent, representing the
memory of what the agent has learned through experience. The rows of matrix Q
represent the current state of the agent, and the columns represent the possible

actions leading to the next state.

The agent starts out knowing nothing, the matrix Q is initialized to zero. In this
example, for the simplicity of explanation, we assume the number of states is known
(to be six). If we didn't know how many states were involved, the matrix Q could
start out with only one element. It is a simple task to add more columns and rows in

matrix Q if a new state is found.

The transition rule of Q learning is updated according to (3.10) where a;,=1 as

following:

Q(state, action)= R(state, action)+ yMax[Q(next state, all actions)]  (3.16)

Our virtual agent will learn through experience, without a teacher (this is called
unsupervised learning). The agent will explore from state to state until it reaches the
goal. We'll call each exploration an episode. Each episode consists of the agent
moving from the initial state to the goal state. Each time the agent arrives at the goal
state, the program goes to the next episode.

Algorithm to utilize the Q matrix:

1. Set current state = initial state.

2. From current state, find the action with the highest Q value.

3. Set current state = next state.

4. Repeat Steps 2 and 3 until current state = goal state

To understand how the Q-learning algorithm works, we'll go through a few episodes
step by step. We will start by setting the value of the learning parameter y = 0.8, and

the initial state as Room 1.

First we Initialize matrix Q as a zero matrix:
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Look at the second row (state 1) of matrix R. There are two possible actions for the
current state 1: go to state 3, or go to state 5. By random selection, we select to go to

5 as our action.

Now let's imagine what would happen if our agent were in state 5. Look at the sixth
row of the reward matrix R (i.e. state 5). It has 3 possible actions: go to state 1, 4 or
5. By using (3.16) we will have:

Q(1,5) = R(1,5) + 0.8Max[Q(5,1),0(5,4),0(5,5)] =100  (3.18)

The next state, 5, now becomes the current state. Because 5 is the goal state, we've

finished one episode. Our agent's brain now contains an updated matrix Q as:

[e= e ltan T §8 |
O O W
S =

4]

(3.19)

h W = O
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o
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For the next episode, we start with a randomly chosen initial state. This time, we
have state 3 as our initial state. Look at the fourth row of matrix R (state 3) ; it has 3
possible actions: go to state 1, 2 or 4. By random selection, we select to go to state 1

as our action.

Now we imagine that we are in state 1. Look at the second row of reward matrix R
(i.e. state 1). It has 2 possible actions: go to state 3 or state 5. Then, we compute the
Q value by utilizing (3.16):

Q(3,1) =R(3,1) + 0.8Max[0(1,3),0(1,5)] = 80 (3.20)
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Then the matrix Q is updated as:

h = = D
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(3.21)

The next state, 1, now becomes the current state. We repeat the inner loop of the Q

learning algorithm because state 1 is not the goal state.

If our agent learns more through further episodes, it will finally reach convergence

values in matrix Q like:

0o 1 2

o[ o 0o o0

1l 0 0 0
O=210 0o o
31 0 8 51
14164 0 0

s| o 80 0

64

=

0
64
64

0

(3.22)

Once the matrix Q gets close enough to a state of convergence, we know our agent

has learned the most optimal paths to the goal state. Tracing the best sequences of

states is as simple as following the links with the highest values at each state.

Finally the learned path can be depicted in the following graph:

N
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Figure 3.6 : Learned path.
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4. QL-BASED FLC DESIGN

In order to minimize or maximize a given cost function of the closed-loop system,
QLA makes it practical to tune FPD/FPI/FPID controllers.

The user can decide about the vector of the tuning parameters depending on the

control objectives and the available knowledge.

One can distinguish different types of tuning parameters:

i.  Parameter vector composed by the universe of discourses of error, change of

error and control signal.

ii.  Parameter vector composed by the conclusions of fuzzy rules when the

premise parameters are fixed.

iii.  Parameter vector composed by the positions of the triangular membership

functions when the conclusions are fixed.

iv.  Parameter composed by all the parameters of both the premises and

conclusions.

To each candidate, is associated a Q-value that is incrementally updated by the QLA.
The learning process consists then in determining the best set of parameters, the one
that will optimize the future reinforcements. Thus, as the quantities are initially
unknown, the fuzzy controller has to explore and test several actions. The
exploration phase is often long. Though, as fuzzy rules are interpretable and tuning
parameters have physical meaning, this phase can be drastically reduced by

introducing knowledge in the initial fuzzy controller.

4.1 Parameter discretization

Consider the problem of representing a Q-function, not necessarily the optimal one.
Since no prior knowledge about the Q-function is available, the only way to
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guarantee an exact representation is to store distinct values of the Q-function (Q-
values) for every state-action pair, so it is required to have discretized parameters of

states and actions.

Let P,,;, and B, mark the boundary of the variation domain of a parameter. The J
parameter candidates are distributed in [P,in, Prnax]- Note that a very approximate
knowledge permits to shrink this interval and/or to eliminate undesirable or

physically nonsensical solutions. To simplify, we consider that the proposed values
are equally distributed between these bounds. Let Py’ , Pnax' b€ the bounds of ith

element of the parameters' vector P. Therefore, we can take:

i Pmaxi_Pmini — i
Py = Prin' , Pp =Py + o e By = Prax’ (4.1)
Different Q-values which have been stored for corresponding parameters (here
namely P) are depicted graphically in figure (4.1) where we have our states and

actions as x= {xy, x5, X3, ..., x; y and u = {uy, u,, us, ..., Uy }, respectively.

In each state, among the available actions from the action set u, one action is selected
according to a desired action selection policy and the resulting action is applied to
the system and after that the corresponding Q-value is stored in the predetermined Q
matrix. This process continues until all of the states from the state space are met or
the convergence criteria of the algorithm has been satisfied. After that in each state,
the maximum Q-value which exists among the all available Q-values is recognized
by making the use of the updated Q matrix. This maximum Q-value is being
considered to be the optimal Q function (optimum Q-value) and therefore the
corresponding state-action pair which has been resulted to obtaining of the optimal
values of Q matrix is then choosen as the optimized values for the given parameter,
namely, P. This procedure is called parameter discretization in a state and action
space (set )and the outcome of this process is a kind of algorithmic parameter
optimization through the Reinforcement Q-learning algorithm which will be used in
our investigated method for optimizing the universe of discourses of the input-output

membership functions of the fuzzy controller.

36



Qp(xy,uy) Qp(xy,u3)

VAN ALy
= /l'“,"‘/" Qp(xy, uy)

/\

Qp(xy, uy) p(x1, uy)

Qp(x3,uy) Qp(x3, uz)

Al ke 1
: /}L}/" Qp(x3, uz)

/\

QP{XZJ 114] QP(XZJ 113}

LAY
s /jﬁ/" Qp(x;, up)

/\

p(Xi, ug) Qp(xz,uy)

Qp(xy, uy) Qp(xy, uz)

LTS Y
% /j‘,'lf,” Qp(xy, uy)

/\

Qp(xz, uy) p(%3, uy) Qplxy, uy) p(Xi 0y)

Figure 4.1 : Q-values associated with each parameter P in each state.

4.2 Reward Function

In reinforcement learning, the purpose or goal of the agent is formalized in terms of a
special reward signal passing from the environment to the agent. At each time step,
the reward is a simple number. Informally, the agent's goal is to maximize the total
amount of reward it receives. This means maximizing not immediate reward, but

cumulative reward in the long run.

The use of a reward signal to formalize the idea of a goal is one of the most
distinctive features of reinforcement learning. Although this way of formulating
goals might at first appear limiting, in practice it has proved to be flexible and widely
applicable. The best way to see this is to consider examples of how it has been, or
could be, used. For example, to make a robot learn to walk, researchers have
provided reward on each time step proportional to the robot's forward motion. In
making a robot learn how to escape from a maze, the reward is often zero until it
escapes, when it becomes +1. Another common approach in maze learning is to give
a reward of -1 for every time step that passes prior to escape; this encourages the
agent to escape as quickly as possible. To make a robot learn to find and collect

empty soda cans for recycling, one might give it a reward of zero most of the time,
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and then a reward of +1 for each can collected (and confirmed as empty). One might
also want to give the robot negative rewards when it bumps into things or when
somebody yells at it. For an agent to learn to play checkers or chess, the natural
rewards are +1 for winning, -1 for losing, and 0 for drawing and for all nonterminal

positions.

You can see what is happening in all of these examples. The agent always learns to
maximize its reward. If we want it to do something for us, we must provide rewards
to it in such a way that in maximizing them the agent will also achieve our goals. It is
thus critical that the rewards we set up truly indicate what we want accomplished. In
particular, the reward signal is not the place to impart to the agent prior knowledge
about how to achieve what we want it to do. For example, a chessplaying agent
should be rewarded only for actually winning, not for achieving subgoals such taking
its opponent's pieces or gaining control of the center of the board. If achieving these
sorts of subgoals were rewarded, then the agent might find a way to achieve them
without achieving the real goal. For example, it might find a way to take the
opponent's pieces even at the cost of losing the game. The reward signal is your way
of communicating to the robot what you want it to achieve, not how you want it
achieved.

According to the distribution of rewards in the space of states, reward function can
be classified as two basic forms, dense function and sparse function. Sparse function
takes advantage of the easy implementation, but its learning efficiency is relatively
low. As for dense function, it is very difficult to design when the size of state space is
very large. In response to these defects, we will present a methodology for designing

a fuzzy reward functions by the use of fuzzy inference system.

4.2.1 QL-based FLC with scalar reward function

Consider a control system composed by a SISO unknown plant and a FPI or FPD
controller. The cost function, which quantifies the effectiveness of the fuzzy
controller, is evaluated at the end of a step-response experiment. Without loss of

generality, we take the sum of square error cost function given by:

_ 1

= Sy, €% (k) 4.2)

NT—N,oT
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Where N is the total number of samples, N, is the number of transient samples and T

the sampling time.

In order to minimize the cost function | we use the reinforcement signal r given by:

_ {—Rl if 1>1 43

+R,ifI<T
where R; and R, are positive coefficient and I* is a satisfaction threshold. The signal
r is perceived as a reward or a punishment depending on whether it is superior or

inferior to a satisfaction threshold.

It is a simple form of a reward function and may ignore some useful information
about the interactions between agent (controller) and environment (plant), which can
result in an acceptable performance. In order to overcome this disadvantage we will
suggest a methodology to invent an innovative kind of reward function which

incorporates more elaborate information to how best achieve our goal.

4.2.2 QL-based FLC with fuzzy reward function

Instead of comparing the obtained cost function with a given satisfaction threshold
(I") and assigning a reward or a punishment to the reinforcement signal, we propose
a fuzzy system which its inputs can be considered to be some features of the system’s
closed loop response such as settling time, overshoot, rise time, etc. and reward

signal r is seen as the output of the fuzzy inference system.

4.3 Tuning FLCs by the FQL algorithm

The discrete Q-Learning such as we described it uses a discrete space of states and
actions which must have reasonable size to enable the algorithms to converge in an
acceptable time in practice. In this case, a look-up table can be built up by listing the
state/action pairs with their Q values. However in many applications, the number of
state/action pairs is very large. Thus a method that is able to make Q-Learning
applicable to the continuous problem domain is necessary. The Fuzzy Inference
System (FIS) learner is one existing generalization methods which can be introduce
generalization in the state space and generate continuous actions in the

reinforcement-learning problem.
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The principle of Fuzzy Q-Learning (FQL) proposed by Jouffe [64] is RL method that
tunes with only the consequent part in an incremental way based only on
reinforcement signals. Each fuzzy rule R; has possible k discrete candidate
consequents (actions) U;= (u‘y, u,, ... ,u’;) and it memorizes the parameter vector Q
associated with each of these actions. Local actions (uy, u,, ..., u;) selected from U
compete with each other based on their Q-values so as to maximize the discounted
sum of rewards obtained while achieving the task.

Each Rule R; of the FPID can be described as follow:

If e is L}, and de is LY, then u® is u‘; with Q(s, u‘,)

Or ul is ul, with Q(s, u',)

Or ut is u', with Q(s, u'y)

Where L', is linguistic label related to each input state, u’; is a rule consequent
(action) which corresponds to the consequent part of i-th fuzzy rule R; and has its

own Q-value qij.

In the previous method, the antecedent parameters are set using the a priori task
knowledge of the user. To restrict a FPID optimization to the only tuning of the
parameters of the consequent part is often insufficient to reach high performances.
The principle of the FQL algorithm applied to the antecedent parameters will consist
in selecting for each membership function a modal point from a possible discrete

candidate modal points set basing on the evaluation function of the action Q(s;, u;).

Let us consider the FPID controller with the two input variables e or de. Each
universe of discourse of e or de s partitioned in Nmf; membership
functions F/;:{F*;, F?;,...,F/, ..., FN™/i;}. Each F/; has a possible discrete modal
point set AG,):{a’t;, al?y, ..., al*,, ...,a?N" i} where a/*; is the kth point
modal possible of the jth membership function of the input i. F/; and Nni,, , are the

cardinals of the set.

Each Rule R;of the FPID can be described as follow:
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If e is F;(a, %) and de is F,"(a,"?t) then u is u’,

or is F;'(a,%?) oris F,'(a,?)
oris F,"(a,"%) or is F,'(a,*)
According to the FQL algorithm, local modal points

(@l ad?,, ..., bk, ..., a?N™ii) selected from A(i,j) compete with each other
based on their g-values so as to maximize the discounted sum of rewards obtained
while achieving the task. Global quality Q for the state s; is then defined by the

inference of these qualities locally elected:
—_ 2 Nmfi j Fij i
Qe(se) = Xi=q Zj=1 Qt(ai ) et () (4.4)

Where a;/ is the elected modal point at the time step t for the membership
function F;/ by an exploration-exploitation policy and thij(xi) IS the membership

degree of the input variable x;(x;=e, x,=de) to F,” and it measures the contribution

of the modal points to the generation of the global action.

F i

i

(mgéile)
AAA

[ N J.Nniv
a}o ' a{ vee a{l
NPT Tdees _J'. oee __.f---\'”f‘.':.r ool . _-\"“.ff',--f\
q{' q:- ' Qf * Q’, qf

Figure 4.2 : FQL Structure for the antecedent part.
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5. SIMULATION STUDIES

5.1 Standard Fuzzy PID Controller

In this study, we will deal with standard fuzzy PID controllers, formed using a fuzzy
PD controller with an integrator and a summation unit at the output, as it is shown in

Figure 5.1.

[ K, E .|"-"J-
ro+ Fuzey U p Gis) |2
- Derivative | ¢ . E Controller ¥
i I'L_, - iE

Estimatar

Figure 5.1 : Closed-loop control structure for PID-type FLC.
The output of the fuzzy PID controller is given by:
u=oaU+B [Udt (5.2)

The error e and the derivative of error é are used as the inputs and the change of the
control signal U is used as the output of the FLC. The input scaling factors k, for
error and k, for the derivative of error normalize the inputs to the range in which the

membership functions of the inputs are defined.

The corresponding symmetrical rule base which has beed used for the FLC is shown
in Table 5.1. And also three equidistant triangular membership functions for the

inputs of fuzzy controller and five singletons for the output of it have been utilized.

{ W 1\[3- NS PS PB

Ev 0 Ep e Dy 0 Dp “Ae -I.\? Uy 0 Up Up

Figure 5.2 : Input-Output MFs to the FLC.
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Table 5.1 : Rule base for the FLC.

e de

N Z .4

N | NB | NS | ZR

Z | NS | ZR | PS

P | ZR | PS | PB

In practice, fuzzy control is applied using local inferences. That means each rule is
inferred and the results of the inferences of individual rules are then aggregated. The
most common inference methods are: the max-min method, the max-product method
and the sum-product method, where the aggregation operator is denoted by either
max or sum, and the fuzzy implication operator is denoted by either min or product.
Finally, a defuzzification method is needed to obtain a crisp output from the
aggregated fuzzy result. Popular defuzzification methods include maximum
matching and centriod defuzzification. The centroid defuzzification is widely used
for fuzzy control problems where a crisp output is needed, and maximum matching is
often used for pattern matching problems where we need to need to know the output
class. In this thesis, the fuzzy reasoning results of outputs are gained by aggregation
operation of fuzzy sets of inputs and designed fuzzy rules, where max-product

aggregation method and average-sum defuzzification method are used.

5.2 Application of fuzzified QL to membership function tuning

The application of the QL algorithm for tunning the membership functions of the
FLC is to optimize the universe of discourse of the input-output membership
functions by the suggested method and finally update the table 5.1 for the rule base
of the FLC.

The cost function to be minimized, which quantifies the efficiency of the fuzzy
controller, is evaluated at the end of a step-response experiment. Without loss of

generality, we take the sum of square error cost function given by:

I= —— 3N\, e (k) (5.2)

NT-NoT
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Where N is the total number of samples, N, is the number of transient samples and T

Is the sampling time.

In order to demonstrate that the performance of the proposed QL method can be
significantly improved by manipulating the reward function of the algorithm, we
propose a fuzzy reward function for the QL algorithm which incorporates a fuzzy
structure including more elaborate information about the rewards/punishments
assigned to each action which is being taken in each step time and make use of this

fuzzy reward function in our simulations.

Besides enhancing the performance of the system’s unit step response, Q-learning
with a fuzzy reward function reaches to its optimal value and meets its convergence

criteria faster than the Q-learning with a scalar reward function.

5.3 Structure of the proposed fuzzy reward function

To build a fuzzy reward function for the QL algorithm, we consider the inputs to our
fuzzy system to be Integral Square Error (ISE) and settling time( t5). Consequently,

the output of the fuzzy system is considered to be reward/punishment.

For our fuzzy reward function, three equidistant triangular membership functions for
the inputs and seven singletons for the outputs have been used. The corresponding

input MFs have been shown in the following:

(S a =L B Membership Funcion

Fle Edit View

] Membership Function Editor:

File Edit View

T Membership function plots  PIot points: 181 FIS Variables Membership function plots  Plot points:

i

input variable "ISE”

: | ) [ :
output | output! /
- 05 1 @

input variable "ts*

Current Variable Current Mambership Function (click on MF to select) Current Variable Current Membership Function (click on MF to select)
Name ISE Name Name ts Name
Type input Type trimf Type nput ype
Params Params.
Range [00.18] Range 014
Display Range o8] ‘ Help Close | | Display Range 014 | Help Close | l
Ready | ISavodFS'mzzy reward" to fie I

Figure 5.3 :

Input MFs for fuzzy reward function.
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The performance of the fuzzy reward function will be evaluated according to ISE and
settling time of the given system. Therefore, we can build a desired fuzzy rule base

according to these informations as the following:

If ISE is Small and tg is Small then reward is Positive Large.

If ISE is Small and tg is Medium then reward is Positive Medium.
If ISE is Small and t, is Large then reward is Positive Small.

If ISE is Medium and tg is Small then reward is Positive Small.

If ISE is Medium and tg is Medium then reward is Zero.

If ISE is Medium and t, is Large then reward is Negative Small.

If ISE is Large and t, is Small then reward is Negative Medium.

If ISE is Large and t is Medium then reward is Negative Medium.
If ISE is Large and t, is Large then reward is Negative Large.

The resulting rule base for our fuzzy reward function is assembled in the following
table.

Table 5.2 : Rule base for fuzzy reward function.

ISE t

S M |L

S PL |PM |PS

M |PS |Z NS

5.4 Simulations

At first we will apply the proposed method to two second order linear systems with
and without time delay and their unity step responses will be demonstrated. After
that, we consider a non-linear system and try to utilize the QL in order to tune the

membership functions of the corresponding fuzzy controller.
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Note that in all of the simulations in order to simulate the given plant and its
corresponding time delay, Fourth-Order Runge-Kutta and Pade Approximation

methods have been used, respectively.

54.1 System |

Firstly, we apply the method to a second order linear system without time delay:

16
s2+3s+2

G(s) = (5.3)

The scaling factors of the FLC are taken as « = 0.22, =1, k,= 0.7, k;= 0.2. The

unit step response of the system is represented in the following figure:

T
===== QL with Discrete Reward
QL with Fuzzy Reward
wneiss GA based FPID

------- Non Tuned FPID

SR o

0 2 4 6 8 10 12 14 16 18 20

Figure 5.4 : Closed-loop unity step response for system 1.

As can be seen from the Figure 5.4, the overshoot of the response has been decreased
to 2.2% and settling time has become 3.57 seconds by means of the proposed method

with a fuzzy structure for its reward function.

5.4.2 System Il

The other system to be considered is a second order plus dead time (SOPDT) linear

system which is given by the following transfer function:

2e—1.5$

G(s) = (5.4)

s2+3s+2

The scaling factors for this system are taken as: a« = 0.2, $ = 0.4, ke=1, k4= 0.1. The

unit step response for the given plant is shown in the following figure:
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T
QL with Fuzzy Reward
====- Ql with Scalar Reward
12 e =+=+=- Non-Tuned FPID

‘ D e N GA based - FPID

W
7
/
J
s
0 2

5 10 15 20 25 30 35 40

Figure 5.5 : Closed-loop unity step response for system I1.

By comparing the results of the figure 5.5 it can be observed that by the proposed
method the overshoot of the response has been completely eliminated and also

settling time has decreased significantly to 11.22 sec.

The learned parameters and obtained rule bases for the FLC have been demonstrated
in the following for both systems | and II.

1) System |
QL with fuzzy reward: Ep= |[Ey| = 0.3, Dp =|Dy| =0.02, Up, =|Upz| =1
QL with scalar reward: Ep= |Ey| = 0.4556, Dp = |Dy| = 0.1289,

Upz = |UN2| =0.45

2) System Il
QL with Fuzzy reward: Ep= |Ey| = 1.864, Dp = |Dy| =0.871,
Up, = |Uy,| = 1.578
QL with scalar reward: Ep= |[Ex| = 1.457, Dp = |Dy| = 0.743,

Upz = |UN2| =1.367
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Table 5.3 : Learned rule bases for Sysl (QL with fuzzy and scalar reward).

e de de
N Z P © N z P
N -1 -0.5 0 N -0.45 |-022 |0
Z -05 |0 05 Z -0.22 |0 0.22
P 0 0.5 1 P 0 0.22 | 045

Table 5.4 : Learned rule bases for Sysll (QL with fuzzy and scalar reward).

e de e de

N z P N z P
N -1.57 | -0.78 | O N -1.36 | -0.68 | O
Z |-078 |0 0.78 Z |-068 |0 0.68
P |0 0.78 | 1.57 P 0 0.68 | 1.36
5.4.3 System Il

In this part we apply the proposed method to a nonlinear system. We consider the
problem of stabilization of an inverted pendulum in the vertical position to
demonstrate the efficiency of the proposed tuning method. We use a fuzzy PD
controller as shown in figure 5.6 with triangular membership functions for inputs and
singletons for output and try to tune the universe of discourse of input-output MFs.
For our simulations we use an Inverted Pendulum which its dynamics is described by

the following equations:

—i—0.25y2 sin y)

9.8siny + cos y( s

j} - 0.5(%—§c052y) (5'5)
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i = —100% + 100u (5.6)

u v
Inverted

¢
oy
] Fuzzy controller —)- pendulum -

)
L

Figure 5.6 : Fuzzy PD controller for balancing an Inverted Pendulum with scaling

gains g, g, and h.

As shown in figure 5.7, y denotes the angle that pendulum makes with the vertical (in
radians), | is the half-pendulum length (in meters) and u is the force input that moves
the cart (in Newtons).

Figure 5.7 : Inverted Pendulum.

Here, the first order filter on u to produce % represents an actuator. For our problem
y(0) takes different values and y(0)=0. The initial condition for the actuator state is

also zero.

During the simulations scaling gains for the FPD are taken as: g,= 12.23, g;= 0.712
and h = 0.601.

We consider four different cases depending on the initial state of the pendulum’s
vertical position and gradually increase it in order to observe both the output and

control signal of the inverted pendulum’s behavior as following:

x0=0.2 (rad), x,=0.4 (rad), x,=0.5 (rad) and x,=0.8 (rad).
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Initial state for the Pendulum’s vertical position is 0.2(rad) = 11.46(deg):
0.2 T T
QL-Based FPD with fuzzy reward
==-==='QL-Based FPD with scalar reward
=== Non-Tuned FPD
0.15
0.1
0.05
{
0 =
-0.05
1 2 3 4 5 6
Figure 5.8 : Inverted Pendulum balancing for case (i).
30 T T
QL-Based FPD with fuzzy reward
‘\l ==-=== QL-Based FPD with scalar reward
- N ++-e=** Non-Tuned FPD H
20 \\
15
> 10~ % \‘
5 i

-10
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Time(sec)
Figure 5.9 : Control signal for case (i).
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Initial state for the Pendulum’s vertical position is 0.4(rad) = 22.92(deg)

0.45 T T
QL-Based FPD with fuzy reward
—==-=== QL-Based FPD with scalar reward
04 ===+ Non-Tuned FPD

A

0.35 %
"
1
1%
v

0.3
[
1
[

\'- :
0.25 3
L
L
LI
L
\ [
X 02 '

[
[
[
[

\

0.15 i
1
1
1
H H

0.1 t *
' H

\ %

1 H

1 K

1 i

0.05 Y Y
AY .

\ .
\, S
oy .,
~, .

0

~a

-0.05
1 2 3 4 5 6
time(sec)
Figure 5.10 : Inverted Pendulum balancing for case (ii).
35 T T
QL-Based FPD with fuzzy reward
==-=='QL-Based FPD with scalar reward
30 Non-tuned FPD n
25 \
20
“ \
3
154
A
10 [\

...............

-10
0 0.2

0.4

0.6

0.8 1
time(sec)

1.2 1.4

Figure 5.11 : Control signal for case (ii).
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Initial state for the Pendulum’s vertical position is 0.5 (rad) = 28.66 (deg):
0.6

QL-Based FPD with fuzzy reward
==w=== QL-Based FPD with scalar reward
++==#=* Non-Tuned FPD
0.3 “‘
i
X [
i
0.2 !
|
0.1 “‘
\
“\
0 v\"
-0.1
0 1 2 3 4 5 6
time(sec)
Figure 5.12 : Inverted Pendulum balancing for case (iii).
30 T T
25

20

QL-Based FPD with fuzzy reward

==-=== QL-Based FPD with scalar reward
===+ Non-Tuned FPD

15

0 0.2 0.4 0.6 0.8 1 12 1.4
time(sec)
Figure 5.13 : Control signal for case (iii).
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iv.

Initial state for the Pendulum’s vertical position is 0.8(rad) = 45.85(deg):
0.9 T T
QL-Based FPD with fuzzy reward
==-=== QL-Based FPD with scalar reward
O8N *** Non-Tuned FPD
0.7\
0.6 v
\
0.5 \
X 04 “\
\
\
0.3 i
\
0.2 !
\‘.
0.1 "|
\'.
\
0 \
0.1
0 1 2 3 4 5 6
time(sec)
Figure 5.14 : Inverted Pendulum balancing for case (iv).
30 T T T
QL-Based FPD with fuzzy reward
‘ ===== QL-Based FPD with scalar reward
25 \ Non-Tuned FPD ni
20 \
. \\ ....................
) N
5 \\\
N ﬂ:;‘ ........
0 WAV
v
. i
|
10 Vw
-15
0.5 1 15 2 25 3 35 4
time(sec)
Figure 5.15 : Control signal for case (iv).
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From the given figures, it is obviously observable that the balancing time of the

Inverted Pendulum is considerably decreased when using the proposed QL method in

comparison with the non-tuned FPD controller.

The learned parameters and rule bases obtained by the QLA for the Inverted

Pendulum balancing problem are given as following:

1)

2)

3)

4)

Case (i)

QL with fuzzy reward:

Up2: |UN2| =43.57

QL with scalar reward:

UP2: |UN2| =46.79

Case (ii)
QL with fuzzy reward:
Upz= [Un| =50

QL with scalar reward:

UP2: |UN2| =30.07

Case (iii)

QL with fuzzy reward:

Upzz |UN2| =37.14

QL with scalar reward:

Upzz |UN2| =43.57

Case (iv)

QL with fuzzy reward:

Upzz |UN2| =46.78

QL with scalar reward:

Upzz |UN2| =43.58

EP: |EN| = 115, DP = |DN| = 0884,

Ep: |EN| = 1318, Dp = |DN| = 0785,

Ep: |EN| = 1234, Dp = |DN| = 0883,

Ep: |EN| = 156, Dp = |DN| = 0687,

Ep= [Ey| = 1.49, Dp = [Dy| = 1.08,

Ep: |EN| = 158, DP = |DN| = 069,

Ep: |EN| = 115, DP = |DN| = 11,

Ep: |EN| = 123, DP = |DN| = 0981,
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Table 5.5 : Rule bases for case i (QL with fuzzy and scalar reward).

de

N Z P
-43.57 | -21.79 |0
-21.79 |0 21.79
0 21.79 | 43.57

Table 5.6 : Rule bases for case ii (QL with fuzzy and scalar reward).

de

N Z P
-50 -25 0
-25 0 25
0 25 50

Table 5.7 : Rule bases for case iii (QL with fuzzy and scalar reward).

de

N Z P
-37.14 | -1857 |0
-18.57 | 0 18.57
0 18.57 37.14

e de
N Z P
N -46.79 | -23.40 |0
z -23.40 | 0 23.40
P 0 23.40 46.79
e de
N Z P
N -30.07 1 -15.03 |0
Z -15.03 | O 15.03
P 0 15.03 | 30.07
e de
N Z P
N -43.57 | -21.79 |0
Z -21.79 | 0 21.79
P 0 21.79 43.57
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Table 5.8 : Rule bases for case iv (QL with fuzzy and scalar reward).

de

N Z P
-46.78 | -23.39 |0
-23.39 | 0 23.39
0 23.39 46.78

S7

e de
N Z P
N -43.58 | -21.8 0
Z -218 |0 21.8
P 0 21.8 43.58
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6. CONCLUSIONS AND RECOMMENDATIONS

In this study an optimization method for tuning the parameters of membership
functions of fuzzy logic controllers based on Reinforcement Learning (Q-Learning)
is proposed. This approach is very powerful in stochastic control problems, and in
those without an exemplary supervisor or a complete lack of model of the
environment. In essence, the agent does not need to know the very nature of the

controlled system but only rewards from interactions.

Firstly, we applied the QL based optimization method to different second order linear
systems with time delay and without time delay for tuning the universe of discourses
of error, change of error and output singletons of triangular membership functions of
the fuzzy controllers. The simulations revealed that the overshoot and settling time of

the closed-loop unity step response has decreased in a considerable manner.

Afterwards, the proposed algorithm is applied to a non-linear system and it has been
observed that the reinforcement Q-learning algorithm with its very simple algorithm,
is a systematic method that saves us a great deal of time in comparison with its
counterparts when performing complex simulations and also its convergence is

guaranteed.

For future work, the proposed method might be applied to a practical system to
explore the efficiency of it. The other area to be concentrated on can be proposing
more sophisticated reward functions for the algorithm in order to examine its
performance. Besides that there exist some other action-state selection methods other
than greedy policy, which can be used in the suggested algorithm.
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