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Computational Intelligence

Neural Networks, Deep Machine Learning, Recurrent Networks
Reinforcement Learning and Fuzzy Systems
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Summary

1 - Introduction — Connectionism, Epistemology, etc.

2 - Artificial Neural Networks — Biological Inspiration, OCR, ADALINE, etc.
3 - Convolutional and Deep Neural Networks — CNN, CifarlO0, etc.

4 - Recurrent Neural Networks — NARMAX

5 - Reinforcement Learning — SARSA, Maze

3 - Fuzzy Logic and Fuzzy Systems — Rule Based Expert Systems, ANFIS

4 - Examples and Applications

5 - Conclusions
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Part 1

Introduction — Connectionist Intelligent Systems

LAARN IS TSR TP Laboratorio de Automagdo e Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional 3



Some publications - Intelligent Systems

* [nternacional Journals
= Neural Networks, IEEE Transaction son
» Fuzzy Systems, IEEE Transactions on
= [ntelligent Systems Engineering
= Intelligent Systems, IEEE

»[ntelligent Transportation Systems, IEEE Transactions on

.....
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Epistemology —
“Philosophy of Knowledge”

Propositions

Sentences

Truths
not achievable

D True beliefs

D True and justified beliefs (Knowledge)

Untruths
not achievable
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Heuristics

Optimal Solution

v

@ Domain Heuristics give sub-optimal solutions.

Heuristics

Solution

Solution Space Optimal Solution

A heuristic rule leads from the domain space to the solution space

v

“Well-formed” Heuristics are close to the optimal solution.
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Dislexy?

I cnduo't bvleiee taht I culod aulaclty uesdtannrd waht I was
rdnaieg. Unisg the icndeblire pweor of the hmuan mnid,
aocdcrnig to rseecrah at Cmabrigde Uinervtisy, it dseno't mttaer
in waht oderr the Iterets in a wrod are, the olny irpoamtnt tihng
is taht the frsit and Isat Itteer be in the rhgit pclae. The rset can
be a taotl mses and you can sitll raed it whoutit a pboerlm. Tihs is
bucseae the huamn mnid deos not raed ervey Itteer by istlef, but
the wrod as a wlohe. Aaznmig, huh? Yaeh and I awlyas tghhuot
slelinpg was ipmorantt! See if yuor fdreins can raed tihs too.
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Giant x 3D Ilusion?

TRUGERISCHE KULISSE

Anders als es den Anschein hat, sind alle
drei Manner gleich groR, der linke ist dem
Fotografen jedoch viel naher als die beiden
rechten. Die Tauschung entsteht, weil der
rechte Teil des Raumes viel mehr Tiefe hat
(siehe Grafik), was durch die Bemalung der
Kulisse jedoch exakt kompensiert wird.







Simpathic?

LARN L

GRIMASSE STEHT KOPF

Auf den ersten Blick
scheint das Foto von
Margaret Thatcher nicht
ungewohnlich. Das andert
sich, wenn Sie das Bild
auf den Kopf stellen. Der
verbliiffende Effekt tritt
auf, weil Augen und Mund
auf dem Foto um 180 Grad
gedreht sind — und damit
genau die Merkmale, auf
die das Gesichtserken-
nungsprogramm des Hirns
besonders sensibel an-
spricht.
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Antipathic?

OHdVY / ¥30IN 3NW3

31004 ¥NINIOV

youds
-Ue |3qISUas SIapuosaq
SuliH sap wwesgoidsgunu
-UIBSIYDISIY Ssep alp

jne ‘glewnja alp neuad
JiWwep pun — puis Jyaipag
pei9 08T Wn 0)04 Wap jne
puniy pun uagny [1am ‘jne
13 Piaji3 apuapn|qlan
13@ "ua||91s jdoy uap jne
Plig sep 3IS uuam ‘yais
Yapue seq "yanuyomagun
14oIu J3yYdley) ja1esiep
UOA 0]04 Sep JuIdYdIS

2119 U3ISI3 U3 Jny

4dOX 1H3LS ISSYWINO

LARN B




Introduction

- Connectionist Intelligent Systems

Artificial Intelligence

Science field that studies paradigms

that aims to explain how

intelligent behaviour

can emerge

from artificial implementations, in computers.

Intelligence:
learning, adaptation, comprehension
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IA Paradigms

Symbolist o—— (Lisp, Prolog) - Expert Systems

Al <
Paradigms Connectionist Symbolic - Fuzzy
(numerical) Sub-Symbolic - ANN

Intelligence :
learning, adaptation, comprehension
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Connectionist Paradigm

Considers to be virtually impossible to

transform in algorithms -

l.e., to reduce to a sequence of logical and arithmetic steps
many tasks that the human mind performs with ease and speed,
for example:

Face Recognition,

Comprehend and translate natural languages,
« Memory evocation by association,

o (Games...
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Connectionist Paradigm

The computational process have to mimic
the brain capacity of self-organization — learn!

Emulate the Physiology

Numeric — Artificial Neural Networks
Human )
H Intelllgellt <

Brain Systems Emulate the Psychology
— Fuzzy Logic
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Symbolist versus Conectionist
Paradigm

-Perception

P
¢o B

The Kanizsa square, 1976
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“Local Coherency —Global Paradox"

W “~ £ - > - -t -

Sandro delPrete. Enigmas Visuais. Rio de Janeiro, 2004, p. 45
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M.C.Escher

n

-~

-

“Positive Truth X Negative Truth”
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Paradigma
Simbolista versus Conexionista

- J.S. Bach

g | c-rnoll .

g

“Coerencia Local - Paradoxo Global”

Shepard's scale

Pseudo-rising scale

played on a vibraphone
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Synapses Formation

Nervenzellen x Elektrische Impulse
Synapsen . B, durn nnesenar

0-2 years 2 years to puberty Adult
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Olfative Information Processing
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Auditive Information Processing

K|allgWE|ten Im Kopf Wege der Musik durch das Gehirn

E¥ Der Homerv leitet Klanginformationen an den
Hirnstamm weiter.

F Einige Signale erreichen das so genannte limbische E3 Die Informationen gelangen in die
System, das eine wichtige Rolle in der Verarbeitung von primare Horrinde im GroRRhirn, die Schalt
Geflihlen spielt. Schone Musik stimuliert jene Bereiche, zentrale des Horens.
die auch beim Sex oder beim Schokoladeessen aktiv sind. El Umliegend finden sich die sekundéren
EJ Auch korperliche Reaktionen auf Musik wie Weinen, Horareale. In der linken Hirnhalfte werden
Magendriicken oder Gansehaut werden im limbischen eher Rhythmen verarbeitet, auf der rechten
System ausgelost Seite dagegen Klangfarben und Tonhohen
A R

g

f £ = d
] t 3
- E &
‘
P

-
\ 3 Weiter vorn im Grohirn liegen Areale, die fiir Planung
e \ und Verstehen von Musik zustandig sind. Hier ist allgemei
N nes Wissen uber Musik gespeichert.
@ \ kA Darunter liegen Bereiche, die fiir den persdnlichen

Musikgeschmack oder fir kulturelle Eigenarten zustandig
sind. Gefallt die Musik, sind Hirnteile auf der linken Seite star
| ker aktiv. Unangenehme Musik aktiviert rechtsseitige Gebiete.
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Epilepsy Patient —
without left brain hemisphere since 12 years age

R Leben ohne links

o A

Seit zwolf Jahren lebt Philipp Dorr mit einem halben GroRhirn.
Trotzdem spielt er Schach, liest Goethe und taucht — ein verbl{if-
fendes Beispiel fur die Wandlungsfahigkeit des Denkorgans.
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A neuron over a Chip.
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Methods 1n Knowledge Engineering

Theory
Available == -~
A - - N
Rich Simbolic TN
Al Systems AN
/ |
Hybrid ‘,
Al Systems |
/
Neural )/
\
N Networks ,/
Genetic ">~ - __/ Stochastic
Poor Algorithms Methods

Data

Poor Rich > Available
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Godel’s Conjecture

Kurt Godel presented in 1931 a conjecture
that shook the dominant mathematics conviction. In simple words Godel's conjecture is:

“Every axiomatic formulation free of contradictions in number theory
contains sentences that can not be verified nor denied”

Otherwise a computer
programs could always

Denied
. Sent
be written to solve any erenees Sentences
problem that could be
formalized! Truths Untruths

not achievable not achievable | ||UStratiOn Of
_ Godel’s
Denied .
Axioms conjecture
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Genetic Algorithms

= Genetic algorithms, as well as the so-called evolutionary computing, are heuristic
methods for solving problems.

= John Holland, proposed GAs in 1975, inspired by Darwin’s evolution theory

= Basic Concepts
* Gen
« Chromosome - represents an individual, a possible solution
 Population
* Crossing
e Mutation
 Evaluation Criteria

» Selection
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Graphical representation of the GA

&paqo Solucao
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Example: Mastermind game

guess the number 001 010

The selection criterion is the proximity to the number 001010 (number of correct bits).

Initial Population Evaluation Selection
A 010101 1
B 111101 1
C 011011 4 *
D 101100 3 *

New population in which the individuals C and D are the parents.

New Population Evaluation Selection

C 01:1011 E 011100 3
D 10:1100 F 1010 11 4 *
C 0110:11 G 011000 4 *
D 1011:00 H 10 11 11 3
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Example: Mastermind game (cont.)

guess the number 001 010

New population in which the individuals F and G are the parents.
New Population Evaluation Selection

F 1:0 10 11 | 111000 3
G 0:110 00 J 0010 11 5 *
F 10 1:0 11 K10 10 00 4 *
G 01 1:0 00 L 0110 11 4

New population in which the individuals J and K are the parents.
New Population Evaluation Selection

J 0010: 11 M 00 10 00 3)

K10 10: 00 N 1010 11 5 *

J 0010 1:1 O 001010 6 Success — END
K10 10 0:0 P 101001 3

[Success after 16 questions. ]

By exhaustive search we would have 2° [64 possible questions. }
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Universal Approximators

A heuristic rule i1s of the form:
IF <condition> THEN <conclusao>

* fuzzy systems - heuristic knowledge represented by fuzzy rules.

e artificial neural networks - learn heuristics from the data.
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ANN Applications

m Pattern Classification

iﬁiﬁﬁiﬁﬁﬁ LA
saveEy ™ SEpmiag

m Functlon Approx1mat10n (non hnear)
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*y
0.4 * . 0.4}
o2f + ] 0.2|
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. Lv . | IRNA
* + * '
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¥
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Part 2 — Artificial Neural Networks
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Biological Fundaments

Muscles Contraction

Nervous System —> Speech

Body Control

Endocrine System —>  Metabolism

The nervous systems gatters
information from the surroundings
through sensors wich are combined
with stored information to produce
the actions of the body.

The nervous systems and the endocrine systems control the body.

Sensory

Informations\

Actions
(Body’s responses)

/'

Stored Informations
(inherited/learned)

Sensors + Memory + Inference — Action.
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Biological Fundaments

The nervous system comprehends three levels.

a
|

Cortex Each one build by

neurons of different anatomies.
Low Brain

It 1s estimated that the human brain has
Spina| Cord about 10!! neurons,

Whose summed lenght reaches 104 meters.
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Biological Fundaments

Brain Information

Processing Levels J——Cell body (Soma)
e Structural Input ot
« Physiologic Pulses

o Cognitive

The information flow (electric current)
1s always from the dendrites to the axon.
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Some kinds of neurons

Abtinal bipolar cell

Spinal motor neuron

Biological Fundaments

Hippocampal pyramidal cell

Purkinje cell of cerebellum
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Synaptic Connection

;oL
S R T ST TR
= LA B B T

Fi F
A
(FLE TR 1T A -
i L RELITNLY "
i e
-”J;‘ LRETRCR LV T F DI LN | PR T T ]
rf * PRRREE I R LT
TN WY Ly ?
|
e an L A q ‘s
= = 1 ven Fpppnenpn
o
=TT =
’ AR = " |
13
AW iy | 1w w i g "7
TYNAPLE e ——
a 4 .
— ( rd-{ — e
£ — —
l R

AN Laboratoério de Automagédo e Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional

39



Biological Fundaments

Connection pattern: mostly in layers

IANI
aAl
eA

7?<¢ =

AN Laboratorio de Automacao e Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional

40



Excitatory and Inhibitory Synapses

Dendrit
—\\

erregende Synapse
@, \\

(i N

Excitatory
Synapses /

A
/X\ Dendrit \

Dorn Enden von
Nervenf: g o
/e RS Inhibitory
erregende Synapse = hemmende Synapse
%
00.° * ‘)) N o
) %°§°:< l) , Zellkorper §\@

\ o

|l R \%\ AN
Zellkern .z

Nerventaser (Axon)
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Biological Fundaments

Neurotransmiters in the synaptic gap

1.

/ Vesicles of

Q) O PN

\J 2. 4, g Neurotransmitters

s-
) 0}
A
Presynaptic “LP/1\
O

membrane O© o 3 Neurotransmitters

POStynaptiC - - —gﬁoo—oc— I s s .

membrane Q Open 1on channels
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The Action Potential

©

't be displayed.

7-Dendrites

AXOon —
“distribuited R-C Transm

L

ission Line”

-
Potencial observed \
120 on a fixed poin on the Axon
mV
-60 4 6 8, 10,
C Th Ta 5 Tr .
N ™ N A
L "

T,— length of the nerve impulse

7"; — pm‘ind of absolute refraction

1, — period of relative refraction
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Space/Time Integration of the stimuli

,{2\# B AAB '{1\/‘ T excitatory synapse ¢ f\ﬁ

) inhibitory synapse

foo D~ b s

T7 axon

T1 T2 T3 T4

TS5

T6

Threshold

Potential

Action
Potential

Membrane Lf\f\/\

T7

Anatomy - structure
Physiology — function, operating modus
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Pulse frequency as the information

A B +QX-314

S)

Biological System:
Information is coded using

Pulse Frequency Modulation

-60 g
mW | WJ}‘UJNUJWUU\)JL}\)J\)JUUJ\“ ~
g 07 -
4 Sse
o L T
AL S W7 UG
70 U A ° Aizenman et al.
\) UU uw b Qeuss, P T s )
v W\\—»-\....\,. 8 104 i S e Polarity of Long-Term Synaptic Gain Change
= is Related to Postsynaptic Spike Firing at a
Z 0- iy o
— Cerebellar Inhibitory Synapse,
™ Burst Burst Neuron, Vol. 21, 4, 1998.
el (hyperpolarized)
. I
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Space/Time Integration

Maximum frequency of pulses in the axon

fr - Frequency of pulses

f-ax

Threshold Depolarization

fr  — average frequency of nerve impulses in the time interval 7,
a;(t) — synaptic gains,

xi{f) — inputs of neurons.

Difficult to implement as
an Electrical circuit!!
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Basic model of an artificial neuron

Synapses

pl i
Neuron i
P3 ai
pj
pn
_p n_| | Win _
00 Polarzzatzon Excitatory synapse w;; > 0,

inhibitory synapse w; <0.

’ -

g(.) - Usually, a non-Linear activation
function, e.g.: Sigmoid (“S” shaped)

ANN — same funcionality
i easy DSP implementation !!

47
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Neurons with lateral connection

Command Pulses »

——» conexi#o excitatoria

O—> conex#do inibitdria

- Neuron ) Neuron >
V l{'/
v w

Flexor Extender

Muscles Muscles

Neural circuit with antagonism inhibition
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Comparison Brain x Computer

Multi-Chip
Ex: 65 nm Pentium® D processo
(900 Sequence)

Brain Computer
# processing elements ~ 10" neurons ~ 10’ transistors
Processing Form Massively parallel In general serial
Memory Associative Addressed
Switching time ~ 1 ms ~ 1 ns
Switchings /s ~10° /s ~ 107 /s
Total Switchings (theory) ~ 10" /s ~ 10" /s
Total Switchings (real) ~ 10" /s ~10" /s

100 steps rule
People recognize a familiar face in ~ 0.1 s.

Considering Ims per neuron: 100 sequential steps to recognize the pattern.

=> parallel processing architectures! I
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Historical Perspective of ANNSs

1943 McCulloch Boolean neuron
1949 Hebb Learning rule )
1957 Rosenblatt Perceptron , Senitiog
1960 Widrow-Hoff ADALINE/MADALINE LMS | Enthusiasm
Rosenblatt Multilayer Perceptron, without training
1969 Minsky-Papert Perceptrons <
1974 Werbos Error Backpropagation Algorithm
— without repercussion > _
1982 Hopfield Network with feedback
1986 Rumelhart, Hinton & Williams {
PDP — MIT Backpropagation for Multilayer Perceptronas
Activation Funciont still continuous sigmoid >| Resurgence
1987 Kosko BAM
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The McCulloch Neuron (1943)

e o
:ﬂ/
p —— W,
for n=2
n wp+w,p, =b
a=g sz’pi_b =g(w'p—>) —> a €[0:1] D
i=1

g = step function

The euclidian space R" is divided in two regions A and B
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The McCulloch Neuron

— as patterns classifier

0 x O
(0] (0]
(0] (0] (0]
o (0]
0 X o x
X X o X
X X
X X X X X X
Linearly separable collections Linearly dependent (non-separable) collections

B
X (o]
©y , @D @y N\
B B
© ay @ g
OR X-OR

Some Boolean functions of two variables represented in a binary plan.
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Linear and Non-Linear Classifiers

There exist 2 = 2 possible logical functions connecting » inputs to one binary output.

n |# of binray # of logical | # linearly % linearly
patterns functions separable separable
1 2 4 4 100
2 4 16 14 87,5
3 8 256 104 40,6
4 16 65536 1.772 2.9
5 32 4,3x 10 94.572 22x 107
6 64 1,8x 10" 5.028.134 3,1x 107"
The logical functions of one variable:
A, 4,0,1
The logical functions of two variables:
A, B, 4,B,0,1
AV B,AAB,A~ B, A A B,
AvB,ANB,AvB,AAB, A@B,m
r -
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Two Step Binary Perceptron

\ P2
A0 N
n . ; :
4 )—45—6) _— o
w, \ a’>b5 7\ 44>b4
7
as>b3 N\ m
/o

The neuron 6 implements a logical AND function by choosing

5
bo =D Vis.
i=3

For example:

1
w36=w46=w56=§; b=1 = a,=1if and only if a,=a,=a5=1
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Three Step Binary Perceptron
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Neurons and Artificial Neural Networks

= Micro-structure
characteristics of each neuron in the network
= Meso-Structure
organization of the network
* Macro-Structure
association of networks, eventually with some analytical processing
approach for complex problems

ydl
1 b
A7
=7 p—1 ™
P 5@ ©—— Lo —— | Bias input» ™ _#x —
i %@ﬂ / Bias: B V.':/
with p=0,

output #0 still possible !
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LN

Typical activation functions

Linear f(s)=s Hopfield purelin )
BSB
Signal +1ses>0 Perceptron hardlims S
7(s) = 1 As)
—1ses<0
L
Step +1ses>0 Perceptron hardlim 2 As)
f(S)_{Oses<O BAM ll—d
Hopfield/ +1ses>0 Hopfield As)
BAM BAM 1 o=
f(s)= —1ses<0

unchanged if s=0
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LN

Typical activation functions

BSB or —Kses<-K BSB satlin £s)
Logical satlins K"
= -K K
Threshold Jls)=1s se sss
+ K se s 2 +K
S
- -K
Logistics 1 Perceptron logsig
f(s)= e Honpfield Ji 7](5‘)
I+e opfie o
BAM, BSB
S
Hiperbolic |— g2 Perceptron tansig As)
Tangent f(s) = tanh(s) = oy Hopfield I+
I+e BAM, BSB
s
1L
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Meso-Structure — Network Organization...

# neurons per layer
# network layers

# connection type (forward, backward, lateral).

1- Multilayer Feedforward

S PO

Multilayer Perceptron (MLP)
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Meso-Structure — Network Organization...

2- Single Layer laterally connected (BSB (self-feedback), Hopfield)

PP

3 — Bilayers Feedforward/Feedbackward

T
ek

. —
LARN
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Meso-Structure — Network Organization

4 — Multilayer Cooperative/Comparative Network

9

5 — Hybrid Network

Sub- = Sub- =

Network Network

1 ] 2
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Neural Macro-Structure

Netw. 1
- # networks
- connection type
- Size of networks Netw.2 a Netw. 2b Netw. 2c
- degree of connectivity
Netw. 3
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Supervised Learning

i y
*Delta Rule — Perceptron w _

i — learning rate

»Widrow-Hoff delta rule (LMS) - ADALINE, MADALINE

m(Generalized Delta Rule

A E[€]
W, <— W, + HO 1y
x
) > s
» W, :
/ i} Widrow-Hoff Delta Rule (LMS)
/ »
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Delta rule — Perceptron

d
Perceptron — Rosenblatt, 1957 -
x SDO—y
Dynamics: .
0

Sj:Zi:szsz*bj | bjﬂ

+1ses. >0

= f(s)) = = p, W,
) f(S]) {Osesj<0
7 \Y
w S N Y

0;=d;~y

J
@ Delta Rule

L - learning rate
0;= 0 — the weight is not changed.
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ADALINE and MADALINE

Widrow & Hoff, 1960 — (Mult.) Adaptive Linear Element
= Z WPy +b; ; |

Training:

= d Zwl]pl]+b

Widrow-Hoff delta rule

=1
—
'

LMS — Least Mean Squared algorithm

0.1< u <I — stability and convergency speed.
MatLab: NEWLIN, NEWLIND, ADAPT, LEARNWH

v
/
Obs : £; = 5}. Delta Rule / - ",

L v
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LMS Algorithm

Objective: learn a function R >R from the samples (x;, dj)

{ x;}, {d; } and {e, } — stationary stochastic processes
e = d — y — actual stochastic error — Linear neuron

\ E[&] y= inwi = xw'
i=1

AN

Expected value
E[e?] = E[(d-y)*]
= E[(d-xn")?]
E[d? ] - 2E[dx]w' + wE [xx] w'

Assuming w deterministic. 1w w,
With o
W

E [xx] = R — autocorrelation input matrix . .
Optimal analytic
solution of the
optimization

E [dx] = P — cross correlated vector
(solvelin.m)

\

E[e? | = E[d? ] — 2Pw' + wRw'
0=2w'R-2P

(Partial derivatives equal 0 for optimal w*)
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Iterative LMS Algorithm

Objective: adaptively learn a function f -SR" 5 SR from the samples (x;, dy)

Knowing P and R, > R-!' , then for some w:

AN

\ E[<]

V., E[e?]=2wR - 2P
Post-multiplyting by 2 R-!
%WV, E[e2]R' =w-2PR'=w-w" \n

i~ < w
w'=w - %V, E[e?]R! / » \H . '

- ¥

Wi =wi — ¢V, E[e* ] R!
(c,=" — Newton’s method)

LMS Hypothesis:
E[e?,. | €%y, €%, ... 3] = €%,
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Iterative LMS Algorithm...

assuming R =1 — estimated steppest decent algorithm:

_ 2
Wi =w, —¢ Ve

Gradient of €2, with respect to w

AN

\ E[«]

w Tk~ ow, ow,
o, -y’ od,— 1)’

| Ow ’ ow,

I 0 0
= _2(dk_yk)aﬁa —2(d, —» ﬁ}

- 1 n
:_26{%, GL}

ow, ow,

:—2€k[x;1€, xZ]= —2e,x, (=%, W})

LMS algorithm reduces to[ Wi =w, +2c. e xk]

A
S
”ﬁ
,ué‘jxij

2 Norma-
2 |, Xk lization

Iterative (adaptive) solution
(The optimal solution is never reached!)
MADALINE i-input, j-neuron
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The Multilayer Perceptron

- The Generalized Delta Rule

Rumelhart, Hinton e Williams,

Neuron Dynamics:
Processing Element (PE)
in layer
mput

with f (activation function)
continuous differentiable

0 1
pl_xl() Qxl()

0
P> —xg)

0
D3 —x§ )

U

PDP/MIT, 1986

(k) — W(()l;) +ZW(/€) (k1)

(k) _ (k)
X = f(s%)

@

p
Turning Point Question:
How to find the error
associated with an
internal neuron??

\_/
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The generalized delta rule

Training py=x©
m
Z(d -¥;)" - quadratic error Py =x
j=1
k k k k . . (0)
Wg) (W(EJ),WI(,), LW )) - weigths of PE D3 =x3
xi.k =, xl(f D,...,xif‘”) - input vector of PE j
(k)
With s® — whg®D B _ e
J ow® J
J
Instantaneous gradient: ) )
S0 V(k) _ o€ o€ (k 1
v _ oe? B oe? oe? oe? ! 6w§-k) as(k)
T aw® g 5 5 k)
oW oWy, Owy; OWpyj
Defining the quadratic derivative error as
k
v — oe? B oe? 855' ) o
I T Ak T ALK (k) k O (k-1 . .
OW J Os j oW j V( ) — 25( ) ( ) Gradient of the error with respect
to the weights as function of the

former layer signals!!
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The generalized delta rule...

— (0

: . . pP1=X

For the output layer, the quadratic derivative error is:

Ny Ny — 0

P2 =X

2 )\ 2
o) (d;—¥) 0D (d;— f(s)

sk __1 5 R _ O

J 7 P Sgk) 2 as§k) P3 = X3

The partial derivatives are 0 for i #;

10d; - f(s)?
2 ostH)
J

od; - (s
asth

5](/() - _ — _(d] _ f(SEk) )) (d] _ Xg-k))f’(SE-k))

The output error associated with PE,, in the last layer:

(k) _
£} =d;

(ORI
jTX =4y,

Giving:

Remember,
“activation function, f, continuous differentiable”
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The generalized delta rule...

For a hidden layer k, the quadratic derivative error
can be calculated using the linear outputs of layer k+/:

st __ 1 0¢° 1Nk+1( os® o5t

T as<k>
N, 2 (k+1) Ni, (k+1)
B z"j _l o€ Os; B Z"j S 0s;
_ k+1) (k o i k
P 2 0s! s ) s Os )

ing i — o) (k) (k 1)
Taking into account that s . WO] + Z
N,

k+
(k) _ (k+1) k+1 (k+1 k
%) _25’ a(k) i )+ZW1+)f(())

i=1

(k) _ (k+1) (k+1) ( (k))
J Z 2 Z o

PHCINPNG ] (Chain Rule)

0 1
P _xl( ) f ) x(z)_y
: 1 =N
(0) g
P2 =X

C )‘éz) =
(0)

P3 =X3 Q)

considering

a(k)f((k)) 0if /# j and that (k)f( )f((k))

k+1
.ok ( (k+1) (k+1)) ;( (k))
We have: 5}. = Z 51. W . f S;

)

Finally, the quadratic derivative errror for a hidden layer:

[55-’” - 85-">-f'<85“)}

.
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The “Error Backpropagation” algorithm

—

wl.(jk) < random, initialize the network weigths

2. for (x,d), training pair, obtain y. Feedforward propagation: &* = Z(d iy j)z
j=1
3. k <« last layer

4. for each element; in the layer & do:

(k)

: (k) _ (k) _ o
; using & =d;—x;’ =d; —y; ifkisthe last layer,

Compute & ;

Nk+1
k kD). (k1) cpe o
8](. ) = Zé;( i )w§i+ )ifit is a hidden layer;
i=1
k k) ok
Compute 51(. ) :g§- ).f (Sg- )
5. k< k-1 if k>0go to step 4, else continue.
(k) — w(®) (k) (k)
6. W (n+1)=w"(n)+2uo"x

7. For the next training pair go to step 2.
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The Backpropagation Algorithm in practice

1 — In the standard form BP is very slow.
2 — BP Pathologies: paralysis in regions of small gradient.

3 — Initial conditions can lead to local minima. “Bad Start”  «G564 Start”

4 — Stop conditions — number of epochs, Aw; <€

5 — BP variants

- trainbpm (with momentum) o Optimum
. . . Local Minima
- trainbpx (adaptive learning rate)
= eeee ) ) R WZ.J
- trainlm (Levenberg-Marquard — .J, Jacobian) >
e*(w;;) - Illustrative quadratic error

as function of the weights

AWE =TT+ u)) I e

Obs: the error surface is, normally, unknown.

Steepest descent — go in the opposite
direction of the local gradient (“downhill”).
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Computational Tools

* SNNS

 MatLab
- Neural Network Toolbox

* NeuralWorks

e Java

« C++

* Hardware Implementations of RNAs
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SNNS - Stuttgarter Neural Network Simulator

- - 3

S SISO eI =) e

i
'::mum:zmm:mcmm

e gl Ll

ik

ommw‘

SANS

VCO

o =
k) SRR Lo s e
EED X) b
- ] ) b

uwe b ERTRES

progres NTIRNE cvormars & e TN L eedl Dol
. .
P Tpiand Al L ee I INIT e
4

) X)) N ) (AN [R) (WD) [41) (NN )
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MatlLab

- complete environment

f(u)

-System Simulation
-Training
-Control

Constant 3

I

N

Switch

fu) —

Fen

T y(n)=Cx(n)+Du(n)
Z 7| x(n+1)=Ax(n)+Bu(n)
Unit Delay 1 Discrete State -Space 2 Matrix
Gain 4
T y(n)=Cx(n)+Du(n)
Z 1 x(n+1)=Ax(n)+Bu(n)
Unit Delay 5 Discrete State -Space 1 Matrix
Gain 3

-C-
Constant 2

am
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Fen3

<m
Constant 5
Switch3

Switch

Model Reterence Controller

qi

ha

model liq 4 order

h4

h4

f(u)

Fcn2

V‘ v

Matrix

netsum

-C-
Constant 4

Scope

p—

Constant 7

y(n)=Cx(n)+Du(n) 3
x(n+1)=Ax(n)+Bu(n)
Discrete State -Space 3 Matrix
Gain 2

Constant 6

»

»

Switch2

Saturation 1 765" Order

W

uhat

Hold
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Demonstration - Perceptron

% Perceptron

% Training an ANN to learn to classify a non-linear problem

% Input Pattern

P=f0O 0 O O 1 1 1 1
o o 1 1 0 0 1 1

o 1.0 1 0 1 0 1]
% Target ‘
%T=[10111010] % Linear separable

T=[10011010] % non separable

% Try with Rosenblat's Perceptron T=1 0/0 1 1\ 0 1 O
net=newp(P, T,'hardlim’)

% train the network N
net=train(net,P,T)

Y=sim(net,P)
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Demonstration - OCR

Training Vector

SiECE= - H
SHEL LR

20 % Noise

AT $>EHHIHHEH
AL PHEL 14T, SHEL L EE




Demonstration — OCR...

X1

P . - % of missclassifications — Neural OCR Classifier
D1 2 30 F
° 60 L
D63 V16 id T
40 + %
.*.
20t N
Training with 10 x (0,10,20,30,40,50) % noise +
0 = : - '
0 10 20 30 40 50

Noisy patterns used in training (unitl % of bits flipped)

| I 1 |
i H E ﬁ E ﬂ ? H * - error without noisy training patterns
: . . * - error using noisy training patterns
; # i'l| H1 i ﬁ ﬁ :ﬂ With Some Noisy Training Pattern

— Learns how to treat “any” noise
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Demonstration — LMS, ADALINE, FIR

y(k)=wou(k)+wu(k-1)+wu(k=2)+---w u(k—n)

Y(Z)_ + —1+ —2+“. -n
u(k) UG) =W, + Wz +W,z W,z
FIR Model (always stable,only Zeros)
u(k-1) Obs : IIR Model is more compact, but can be unstable!
u(k-2)
1 3
0-79.9sec) = 80—-150sec) = ———
& )= 0ot & Y
System changes at 80 sec  Sampling Time, T, =0.1sec
L I L
|
: i
v
u(k-n) |
(TDL — Time Delay Line) 47 i r
0 50 100 150

sec
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Demo — LMS, ADALINE, FIR...

% ADALINE - Adaptive dynamic system identification
% First sampled system - until 80 sec

g1=tf(1,[1 .2 1]), gd1=c2d(g1,.1)

% Sytem changes dramatically - after 80 sec
g2=tf(3,[1 2 1]),gd2=c2d(g2,.1)

% Pseudo Random Binary Signal - good for identification
u=idinput(120*10,'PRBS',[0 0.01],[-1 1]);

% time vector

[y1,t1,x1]=Isim(gd1,u1 t1);
[y2,t2,x2]=Isim(gd2,u2,t2,x1);

% Creates new adaline nework with delayed inputs (FIR)
% Learning Rate = 0.09

net=newlin(t,y,[1234 56 7 8 9 10],0.09)
[net,Y,E]=adapt(net,t,y)

% design an average transfer function
netd=newlind(t,y)
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Demo — LMS, ADALINE, FIR...

RMSE Set 1=6.5742  y=idinput(1500,'PRBS',[0 0.01])

4. L
2. n=10, Ir=0.1 f\ / j / ]
OI{ /\v M ﬂ J U/\‘ {\ A R |
o 2V U U \ | A
© ADALINE 6 500 1000 1500
Learns System AND 4 L e :
also Changes in the Dynamics!! 2l .
J ) w
“o 500 1000 1500

RMSE Set 2-22.7817  y=idinput(1200,PRBS',[0 0.05])
n—lO lr—O 1 Verlﬁcatlon Slgnal

But, in other frequency range
not so good...
(needs to Adjust TDL, Ir, T,)

r ' [ r \ r r L
o 200 400 600 800 1000 1200

r r r r r L
(o] 200 400 600 800 1000 1200
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Hopfield Network— Recurrent Netorks

A%
2l 5 k)
Wnl >
\YY
12, k)

Wy

Ly, (k)
2n
—— >

Hopfield Network with n Processing Elements

Auto-Associative Memory:
Given an initial n bit pattern

returns the closest stored (associated) pattern.
No PE. self-feedback!

n
Dynamics sﬁ-k ) = Zwij y®
i=1

k+1 k
0 = p(s)

Network Initialization: y(O) =X
Output Vector: y® = [yl-(k)]
Binary activation function :
Lif s;>L;

Sf(s;)= 0if s; <L;
hold previous value, if s; =L,
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Hopftield Network...

- Fast training and fast data recovery

W i .
A} (k) - IIR system with no input (only I.C.)
W, - Guaranteed stability
> - Good for VLSI implementation
W -Operating F firi d
12 k perating Forms (firing order)
"’y y (k)
WIl
2>  Asynchronous
» Synchronous
 Sequential
) 010 .
W Initial Condition An
L ® ’I |
W Yy 000 i _io01
——y | / -
100 e \L ‘End Value (stable)
_ ) Possible Hopfield Network states (8) with 3 Processing Elements
Hopfield Network with n Processing Elements (Ilustration of a typical recovery state evolution. From 1.C. to E.V.)

LARN IS TSR Laboratorio de Automagio ¢ Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional 85



Hopftield Network...

Learning:
The patterns to be stored in the associative memory are chosen a priori.

m distinct patterns. Each of the form:

4, = [alp al ... a,fl with af =0 or 1. (L =0, usually)
wy; = > (2af =1)(2a? -1
p=l

Obs: (2al —1) converts 0/1 to —1/+1

wy; 1s incremented by 1 if af =af otherwise it is decremented

Procedure is repeated for each i,/ for every 4,.

Learning is analogous to reinforcement learning
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Hopftield Network - Example

Patterns to be stored as 3x3 matrices:

4] | 9 ! NN E 1
a, | as | as 1 1 BEEE
a | as | 4 1 1 1 1 1
Symbol Training Vector
T AT ToT0aT0 0 1 1 o1 1 3
+ A;=[010111010] -1 0 1 -1 3 1
1 1 o -3 1 -1
m -1 -1 -3 0 -1 1
& -3 1 -1 1 1 0
1 -3 -1 1 -3 -1
1 1 -1 1 | |
1 -3 -1 1 -3 -1
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Hopftield Network - Example

Sequential operation of the network:

New pattern presented Fired PE. | P.E. Sum [ P.E. Output | New output vector
to the trained network: 1 2 1 101 100011
2 3 0 101100011
! 1 3 4 0 100100011
1 4 1 1 100100011
L]1 5 ) 0 100100011
6 4 0 100100011

x=y?=[1 0 1 1 0 0 0 1 1]
8 0 1 100100 111
0 -1 1 -1 -1 -3 1 1 1] 9 4 1 100100111
10 1 -1 3 1 -3 1 -3 1 2 1 100100111
2 -8 0 100100111

-3 1 -1 1 1 O -1 -1 -1 Remember — Binary activation function, L; =0:
!l -3 -1 1 -3 -1 0 -1 3 Lif 5;>0

1 I -1 1 I -1 -1 0 -1 Sf(s;)= 0if s; <0

1 -3 -1 1 -3 -1 3 -1 0] hold previous value, if s; =0
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Hopftield Network — java demos

Demonstrations available in the www, e.g.:

4 L

[ techhouse.brown.edu/~dmorris/JOHN/StinterNet.htm

Welcome to Dan Morris's CG102 final project...
L C' A [ lenepfl.ch/tutorial/english/hopfield/html/index.htm Wl i

J.O.H.N. Second exercice: 10x10 nodes

Java-Based Observation of the Hopfield Network
P Clear Display | Randomize | Memorize | Test| Clearmemory | FirstPatiem | LastPatiem

L ;,[)m Applet itself and a detailed description follow. The accompanying paper is also availabl

http:/‘techhouse brown edu’dmorms JOHN/JOHEN html Overlap —First Pattern
Also note that this takes a minute to load, but it really will load. I swear. ........ 1 —Last Pattern
ERmmEmEEE |
Clear Input Train ........ . leration
Scale Propagate .-..-...
Noise %: Clear Weights ========
|16 Clear Output .-..-..- 1
[V Animation lterations per display: |2 Interval (ms): |5
Store Pattern | |3 T @ Clear Set | 1. What is the theoretical maximum number of random classes the network is able to memorize?
2. What is the experimental maximum number of random classes the network is able to memorize?
3. Do the experimental results agree with the theorv?
4. Store a finite number of random patterns, e.g.. 8. How manv wrong pixels can the network
tolerate in the initial state so that it still settles into correct pattern?
5.

Trv to store characters as the relevant patterns. How good is the retrieval? What is the reason?
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Hopfield N. — final considerations

Stability proof — Cohen and Grossberg, 1983.

W symmetric with zero diagonal
“Energy funcition” always decreases.

Hopfield Network Limitations:
- Not necessarily the closest pattern is returned.
* Differences between patterns. Not all patterns

have equal emphasis (size of attraction basins).

 Spurious patterns, i.e., patterns evoked
that are not part of the stored set.

* Maximum number of stored patterns is limited.

m < 0,5n/logn, m patterns, n bits network

A E — “Energy” of the network

Spurious Pattern

f Initial State

/

g

Stored Patterns

Recovered Pattern

_ States

Typical Energy and Patterns illustration for Hopfield Newtworks
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Radial Basis Functions

- Moody & Darkeg, 1989,... B o Gaussian
- Function Approximators | . a, =e€ (Average, Variance)
- Inspiration: sensoricc overlapped reception fields in the cortex

- Localized activity of the processing elements

ml:
w — weigth
b — bias

Weighted Sum of Radial Basis Transfer Functions

1.4

Output a

91
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Radial Basis Functions...

Input Radial Basis Neuron Input Hadial Basis Layer Linear Layer Where
N N N\ A
r . : N . R = number of
Yo s | IW elements in
P, ' 4, " ey input vector
f;:z '\+/' f a :H NdistlPN ™! - s LW n2 5:“~ > 51 = number of
13 Il dist Il —Pp A—’ — ,-’\ FIX5 — 7£ nEUrens in
b4 =K
P b 1—p{ b NE ayer
R Fld 51 52xt [ 52 =number of
AV AN l J NN AN J neurons in
a = radbas( || w=p Il b) al =radbas (I IWiL-pllbT) a2 = purelini LW21 al +h2) layer 2
alis ith element of m where IWulis a vector made of the § th row of 1Wi1a
a= }/‘adbas diSt W, * b . Weighted Sum of Radial Basis Transfer Functions
1 as(disi(w, p) *b) MatLab Implementation "“ ; - -
0.8 [net,tr] = newrb(P,T,GOAL,SPREAD,MN)
X:-0.83
0.6 Y:0.5021 / \ . .
. .’ P - RxQ matrix, Q input vectors (“pattern”), s
0.4 T - SxQ matrix, Q objective vectors (“target”), 3
\ GOAL - desired mean square error, default = 0.0,
0.2 SPREAD - radial basis function spread, default = 1.0,
i i i MN - Maximum number of neurons, default is Q.
-3 -2 -1 0 1 2 3 ) _ :
W-p Input p
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Radial Basis Functions...

Learning: add neurons incrementally
- Where? To obtain the largest quadratic errror reductions at each step — min Zez =0

0.6

0.5 -

0.4 .

spread — to low
- - Good fitting (at the training points)!
- Bad interpolation!

0.3 |-

0.2

0.1 -

-0.1 -

-0.2 L.

-0.3 |-

-0.4 r r r r r r
-20 o 20 40 60 80 100 120

0.6 T T T T T T
0.5 L.

04l ] spread — to high
- Good fitting at low frequencies

- Good interpolation in some ranges!

0.3 |-

0.2

0.1

-0.1 |-

-0.2 |-

-0.3 |-

-0.4 r r r r r r
-20 (0] 20 40 60 80 100 120

LARN ST ERER R TP Laboratorio de Automagio e Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional 93



Radial Basis Functions...

Heuristics:
‘xl. R xi‘ < SPREAD < ‘xmax — Xpmin
0.6 \ 12:i rf:ltrilgﬁon samples i
0.5 \\ Aprox. with 20 RBF neuros i
ol | . spread — OK
e 1 - Good fitting!
5 020 \ . . .
- . | - Good interpolation!

\ / /t\
o. — /A -
0l f \W : -Bad extrapolation

oz/. I (1s a very difficult task)
Conclusions

- Faster training faster, but uses more neurons than MLP.
- Incremental Training, new points can be learned without losing prior knowledge.
-You can use a priori knowledge to locate neurons (which is not possible in a MLP).

- Fixed spread — Incremental traning — suboptimal solution!!
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Comparison RBF x MLP

RBF comparison - MSE over ti=0:0.1:100,yi=exp(-.03*ti).*sin(0.003"ti.*ti))

0.6 § § § §
O  samples (21)
0.5- function MSE |-
5 RBFs 0.0602
0.4 10 RBFs 0.0325 |
0.3 15 RBFs 0.0208 |
20 RBFs 0.00901

0.2
0.1

/ ‘ Ké
0.1 ‘ M 2 ]
0.2 ]
0.3 |
045 20 40 60 80

100

0.6,

0.5

0.4

0.3

0.2

0.1

-0.1

-0.2

-0.3

0.4t

MLP comparison - MSE over ti=0:0.1:100,yi=exp(-.03*ti).*sin(0.003*ti.*ti))

L L L L

O samples (21)
function MSE
5 MLPs 0.0672
10 MLPs 0.0268
15 MLPs 0.0244
20 MLPs 0.0416

0 20 40 60 80

RBF — more neurons better fitting — best solution newrbe (exact fitting!)
MLP — too much neurons — worse fitting (bad interpolation)
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Unsupervised Learning

)

Input Vectors
14 : :
12t -
1 B + ++ H- +£- -
4 T + ’dﬁﬁ +
08} +
=) + ++++
So6t + F* .

'H‘_H- -{'1_' ++ ++ *'}' + / ; \
04F No known desired Code Vectors
02} L Ii N

95 0 52 02 They should reflect the

e Inner statistical distribution
of the process

» \of the p
12t -

1r + ++J%>JE¢* }t

+'|’H' + :t: + + + + ++_:-
08 +# O ”
+ 47+

06} . ]

. -:FH_ b -}?i- + ="-=++ +
04} -
02} N ]

O Il " ++ Iq-f-‘- " 1 1

02 0 02 04 06 08

Competitive Layer

Find vector codes that
describe the data distribution

Used in Data Compression

Example:

Code symbols that

will be transmitted over a
communication channel.

For the comprehension the
variability of the signal is
considered as “noise”,
and so, discarded.
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Competitive Layer

x
X X X 2&& x X X%
x % = x x
0.8} “ “ x S @ .
= X x
x £ S X
x
x . ZQK &) 2§ xﬁg x
X x
0.6} & x % = -
x % x x x
o5 & . X %
x
X % & x N L
0.4 x X,k ge) « -
X
“ X x & = wx x @_& X =
X x % x =
0.2 S X % x =
2 X % « % % x ® kel
X « X x x
x N “ «
x X ® XX
x X og %
0L % X = & “ x ® X “ —
= @ x % x S
£ x x x > X X
=« X,ox LY x x X
-0.2]. @ L © Lo & x @ x ]
x = x = Ky *
X & o 5>
x % x
L wx
0.4 % x * * * “ x @) x x|
. o> £ . x PPN x
x * R @ &
5o
0.6 = o0 = S -
.6 |- « « ; X x
x &
x » .
x . X X O. X XX x
X % X @’ . %
-0.8; x . 4 = SN X X « !
Cox X X « ¥
% _’?‘t‘ X X X & «
% X X
-1 P [ r r S P T £ *F x
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

Input Competitive Layer
N N
SixR [IWu
P ‘ Six1 A >
Ex17)| || ndist | n! §hxt
Sixl C
1—p b

Sx1

‘\i/ Y

s

0 code vectors
@ training vectors

X test vectors
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Borders

(Voronoi Diagram)

O code vectors
@ training vectors
X test vectors
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Ex. Classification Borders

o0 code vectors

@ training vectors
X test vectors
1 L "2<_ X T Lz<_ - Ex_ L L T T |8 L %
x & - B -X-&& “ +
0.8l &= & mal B g T
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Competitive Layer

Input

e G Rt g
mxxmx% xux&.&“m. x%xf A o
.Mm. x.xmm" s %&M« X 50X, Ak o 0.
e "X. _" » .

100

R Six1
NS
2&4‘&‘5@&

S1xR

oy
Q
Q
S
<
-
Z
o
g
Q
=
E

S m

s

7)) p—

S §

B p—

n

g

@)

=

=

Q

a

Bias

% mWMX..wa".. Xarsd % 3 o 5

% R AT YRR ekt & R il o

mﬂ&x&x &%MWW £X b1 ik x@%_ P A %L A %M@ 43

o el od e A ST U s T R

mwxx X o s xmx"x.%x._ x&& A Mm““ e xxyx X Wmvix. 2

@%%Mm&g R R Sl AT W
© < [aV] o [
S !

o
T

KKKMA Kt
w0
3

i

s mxwmm

S N
@«
o

3

)

Bias adjustment to to help “weak”

1
|
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[earning Vector Quantization

/ No known desired Code Vectors \

Data points belong to Classes
Code Vectors should reflect the

A \[Inner statistical distribution of the process )

Class B
O Input Vectors

® Current input
— Code vectors

Class(X)=Class(Wc)
Class C

Y

LVQI, LVQ2.1, LVQ3, OLVQ
“Enhanced Algorithms”

-Dead neurons
-Neighborhood definition
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Self Organizing Maps

ﬁ(ohonen, 1982 — Unsupervised learning \

One active layer with neighborhood constrains

Code Vectors should reflect the
\Inner statistical distribution of the process /

R

Triangular distribution

Weight Vectors

—_

o o e, TR
g ﬁ%ﬁﬁﬁ

7
@‘

0.5

']
A
o
.

il
e
oy
g
4 oFi

[9)]

_0%¢ﬁ*§§;a%¥
oF +%ﬁ%
=N %%Ef‘%?;%i%
= :L‘;EE;EJ&'?‘L_' -
#Eg%fih%* T
0.5 0 0.5

'
|

1 06 -04 02 0 02 04 06

Weird unsuccessful training
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ANN General Characteristics

m Positive = Negative
= Learning = Knowledge acquisition only by
= Parallelism learning

(“E.g., Wich topology is best suit?)

= Distributed knowledge = Introspection is not possible

= Fault Tolerant (“What is the contribution of this neuron?)
= Associative Memory = The logical inference 1s hard to
= Robust against Noise obtain

(“Why this output for this situation?”’)

= No exhaustive modelling Learning is slow
|

% = Very sensitive to initial conditions
© To obtain successful ANN
a good process knowledge is
recommended in order to design
experiments that produce useful data sets! )
—/

b Zﬁ;re is no free |UM
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The
picture
can't be
display
ed.

El The picture can't be displayed.

Part 3 —Fuzzy Logic and Fuzzy Syst¢ms

A

s LC m
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Fuzzy Logic

 The fuzzy set theory was proposed by Lotfi Zadeh in 1965.
* Was long misunderstood.
* In the mid-80s used to design Mamdani fuzzy controllers

Emulate the Physiology
Artificial Neural Networks

Emulate the Psychology
Fuzzy Logic
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Fuzzy Logic

According to the availability of
an expert Or samples of a system

the fuzzy or the RNA paradigm 1s indicated.

Problem Partial Descriction of the System (Incomplete)

Available .
Information Expert J Ail;ptatlon, Samples

Paradigm F uzzy Artificial Neural Networks
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Expert Systems

Knowledge Base

Facts Base

R1: If A and B then C
R2: If D and E then F

A
B
D

-

Inference
Machine

New Facts

Extraction of Knowlegde of Expert (build knowledge base)
[.T. expert creates the environment (shell)

“Normal” human presents facts and questions (over and over)
Response of ES similar to the human expert!
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Example of “If-Then” Rules

Conventional Sets

Fll 1 low OK high
Air Conditioner >
18 25 T/°C
If temperature 1s low
. . . . Fuzzy Sets
Then reduce air conditioning R
. 5 low OK high
If temperature 1s OK b S
Then do nothing
If temperature 1s high \ ‘
Then increase air conditioning power 1825 T°C

(9]

[ Partial membership to both linguistic concepts!
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Fuzzy Sets — Membership Fuction

1, (x): X > [0,1]

Fuzzy Sets
A
: : B 1 OK high
1 if xis a fully member of A 1 ow 18
Uy(x)=1 (0,1) if x belongs partially to A
0 if xis not a member of A
18 25 T
Tal person:

Subjectiv concept and depends on the context

. . . . . . . ‘\
Extension of the Boolean Logic — Historical perspective: M china curope NBA

1

~ 1930, Lukasiewicz : {0,1/2,1}, [0,1]

1937, Black : Membership fuction
1965, Lotfi Zadeh : Fuzzy Sets
Multivalent Set Theory

\4

~ 1988, Commercial Products : “third wave” of interest
1,70 1,80 2,00  h/m
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Fuzzy Sets — operations

Ex.: Complement, Intersection and Union

HA"(x)=1-pA(x)
p# A NB(x) =min(u A(x), 1 B(x))
p A UB(x) = max(u A(x), 14 B(x))

W A AS M A ANB B M A AUB B

XA X LXK

>
> >
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Fuzzy Sets — Properties

Involution
Comutativity
Associativity
Distributivity
Idempotency
Absorption
Identity

(AOC = A

AUB = BUA
AUBUC) = (AUB)UC
ANBUC) = (ANB)U(ANC)
AUA = A

AU(A NB) = A

AUD= A

Absorptionby Qe ® AUQ = Q

De Morgan’s Law

(AN B)¢ = ACU BC

ANB =BNA
ANBNC) = (ANB)NC
AUBNC) = (AUB)N(AUC)
ANA = A

AN(AUB) = A

ANQ=A

AND = @
(AUB)C = ACN BC

However:
ANAC £ @
AUAC £ Q

AU(ACNB) £ AUB
AN(ACUB) £ ANB

Does not satisfy the law of no-contradiction
Does not satisfy the law of third excluded

Does not satisfy the absorption of the complement
Does not satisfy the absorption of the complement
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Fuzzy Sets — Examples of “strange” behavior

ANAC # @ Does not satisfy the law of non-contradiction
AUAC £ Q Does not satisfy of the third excluded
A A
H A A’ b A A*
1| 1
ANAS
X> X;
A A
" A A’ n A A
1 1
AUAS
X= > X
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Sentence Calculus — Classical Logic

In Classical Logic, the truth values of propositions (sentence calculus)
are obtained by the following truth table ("modus ponens" — afirmative modus ).

A B —A AAB AvB A—>B
0 0 1 0 0 1
0 1 1 0 1 1
1 0 0 0 1 0
1 1 0 1 1 1
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Sentence Calculus — Fuzzy Logic

When the information is inaccurate, the inference engine
implements the so-called approximate reasoning.

Fuzzy logic implements approximate reasoning
in the context of fuzzy sets ("generalized modus ponens").

fact: A Tomatoes are very red
rule: A—B If tomatoes are red then they are mature
consequence B’ The tomatoes are very ripe

-A =n(A) n— negation

AAB = T(AB) T — t-norm

Av B = S(A,B) S — t-conorm

A—>B = 1I(A,B) [ - 1implication
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Implication Operators

“If <premise> Then <conclusion>"

1:[0,112 —[0,1], pA:X —[0,1], uB

HA—-B (x,y) = I(A(x), uB(y))

LY — [0,1]

Implication

Name

max (1-a,b)
min(1-a+b,1)
=P | min(a.b)

a.b

Kleene-Dimes
Lukasiewicz
Mamdani
Larsen
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Fuzzy Reasoning
based on Max-Min composition

Definition: Let A, A’ and B fuzzy sets on X, X and Y respectively.
Assume that the fuzzy implication A — B is expressed by the
fuzzy relation R on X x Y, then the fuzzy set B’ is induced "x is A"
and the fuzzy rule "if x is A then y is B" is defined by:

uB’(y) = max, min [pA’(x), pR(X,y)]
=V, [LA’(X) A uR(x,¥)], that means: B'=A'ocR =A"o(A — B)

One fuzzy rule with one antecedent

N A A’ min . B

X

w— degree of membership to the rule
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Fuzzy Reasoning
based on Max-Min composition

One fuzzy rule with two antecedents

“if xisAandyis B thenzis C”

min

w,, W, — degrees of membership to the respective rules.
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Max-Min Fuzzy Reasoning

min O

Two fuzzy rules with two antecedents

“If x1is Al and y is Bl then z is C1”
“If x 1s A2 and y 1s B2 then z is C2” Result: C’
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Defuzzyfication Schemes

Associate a numeric value
— output of the fuzzy inference machine

A
C’

max

D

Supreme of max
Centroid of the area
Bissection of the area
Average of max
Minor of max
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Fuzzy Inference with exact A’ (“crisp”)

- Mamdani Model

A Al

Two fuzzy rules with two antecedents

“if x1s Al and y is BI then z1s C1”
“if x1s A2 and y is B2 then z 1s C2” Result: C’
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Fuzzy Inference Systems

* Fuzzy systems are knowledge-based systems (like Expert Systems).

Knowledge Base

R1: If A and B then C
R2: If D and E theno F

Inference
Machine

l

New Fact

(Action!)

Facts Base (SCIISOI'S)

A
B
D
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Fuzzy Inference Machine

The fuzzy inference machine follows these steps
to obtain the Inference Result given a set of facts:

1. facts with premises (antecedents)
2. compatibility degree of each rule
3. belief in each rule

4. aggregation

For the aggregation four methods are popular:
a) Mamdani (Max-Min)
b) Larsen
c¢) Tsukamoto
d) Takagi-Sugeno
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Exemple: Fuzzy Control (revisited)

— Air Conditioneer

Window Air
Conditioneer
Knowledge Base Facts Base Supervisory
rol
R1: If Tis High and U is T=30°C Contro
Low then Pis average U=20%
R2: If T'is Low and U is R =22°C
High then P is low

Inference
Machine

123
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Interface with the Real World

*Fuzzyfication and Defuzzyfication

Fuzzy-

Exact ;
—» | fication

Values

Rule Database

Inference

Defuzzy-
fication

Exact
Values

A feedback controller based on fuzzy logic (Intelligent Controller) would have the following structure,
where F. I. D. means: Fuzzyfication, Inference and Defuzzyfication.

>

» O

F.

ID —

System
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Computational Tools

XX fuzzy

ZTeerep,

http://www.imse.cnm.es/Xfuzzy/download.htm

XFuzzy System for Unix developed by the
Instituto de Microelectronica de Sevilla — Espanha

http://www.mathworks.com MatLab®

http://www-rocq.inria.fr/scilab/ SciLab
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Ex: Fuzzy Proportional Control

ref error u

» O > F.:i 1. iD. o Sistema

i

output

Closed Loop Control

N NMEZ R P
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Ex: Fuzzy Proportional Control

.
1 r»l'
_/ 5 J—Ll_ > (- Scope
= s+1
Ramp Zero-Order Gain Transfer Fcn
Hold
.
i r»l'
P 0
s+1
Ramp1 Zero-Order Gain1 Transfer Fcn1
Hold1 Fuzzy Logic
Controller

with Ruleviewer
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Time offset: 0
10

Time offset: 0

File Edit View Options

~ | File Edit view

FIS Yariables

,,,,,, LIy

erro

Membership function plots  Plot points: 181

T T T T T

z R

1 l/%l

-4 -2 0 2 4 5] (5] 10
input variable "erro"

Current Variable Current Membership Function (click on MF to select)
i AERRLEELE SRRRERRREE CEEEEEEEE R Name erro Name z
. T Type input Type trimf Vi
Params
[-013200132]
____________________________________ Range [-1010]
B TR [-1010] ( Help | ( Close |
Saved FIS "ex_SENE2007" to disk
- |
CIox) ] C O]
File Edit VYiew Options
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1 T

’ A
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-10 10 |
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Ref. Input: [ Help ] [ Close ] Input: | 5 ggpag ||Plorl points: 1454 Move: [ left ] [ right l [down] [ up l
Renamed FIS to "ex_SENE2007" Renamed FIS to "ex_SENE2007" [ Hep ||  close |

128



Ex: Multivariable Fuzzy Controller

Air conditioning system for an office environment.

T A

Frio Morno Quente

Baixa

SEEEEEEEEEELY TEPEEEEE

o o o {> F i A .
10 20 30 T 30% 50% 80% > Poténcia

(Universo de Discurso)

Conjunto Fuzzy
Particao do Universo de discurso

' Umido

30% 50% 70% ~ Unidade

Membership functions used for the temperature control.
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Fuzzy Inference:

Temperature 1s 28° C
Relative humidity is 35%

The calculated Power is 65%.

Rule Basis

1
T=28° 35%

If T 1s cold and U is dry then P is low R
If T is hot and U is humid then P is high
If T is warm and U is average then P is high

If T is hot and U is dry then P is average Gentide
. L @
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" Rule Editor: ex2_SENE2007

./ |Membership Function Editor: ex2_SENE2007

- [B]X]

File Edt View Options File Edit View
: Membership function plots  Plot points: 181
1.1 (T is frio) and (U is seco) then (P is baixa) (1) FIS Variables . ne P .
2.1f (T is quente) and (U is umido) then (P is alta) (1) frio conforto quente
3.1f (T is conforto) and (U is medio) then (P is atta) (1) y‘x M 9
4.If (T is guente) and (U is seco) then (P is media) (1) AN
T P
XX 05} J
u
0 n 1 = = 1 L
10 1 20 5 30 35 40
frio input variable "T"
conforto
quente Current Yariable Current Membership Function (click on MF to select)
none
Natne T Natrie ‘ conforto ‘
[ ] not [ ]nat Type input Type | trimf vl
Params
~ Connection Weight: Range (10 40] l [22.523.524.9) l
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Display Range (10 40] Hel
h Close
() and 1 [ Delete rule ] [ Add rule ] [ Change rule ] ‘ ‘ [ ] [ ]
The rule is added [ Help ] [ Ready
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File Edit View Options File Edit View Options
T=25 U=05
P =50
\,
1 \
/ 4
2 / /-*
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L S\
4 / i’ ;
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15t Order Sugeno Fuzzy Inference System

&
R,: IF x is A; AND y is B, THEN f, = p,x + q,y + 1, 9 Consequent:
R,: IF x is A, AND y is B, THNE f, = p,x + q,y + 1, linear combination
of the inputs )
At B1 -
(pi,qi,ri) instead of output M.F.
\ w1 f1=pix+ qly+ri

X Y f= w1f1+ w22
N w1+ w2
= W1fl+ w2f2
f2= p2x+ q2y+ 12
w2
X / Y
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Adaptive Neuro Fuzzy Inference System
R;: IFxisA;ANDyis B THEN f, =p,x + q,y + 1, (ANFIS)

R2: IF X IS Az AND y 1S Bz THNE fz = p2X + qzy + 1‘2

X A1 \ 1 1 w11
®—e -y
=)

B1

Y NN
Ppoiio

x—
<=

Adaptive feed-forward network for the Sugeno fuzzy model — adaptive block O—) fixed block
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ANFIS Layers

[ Layer 1: Adaptive Nodes ]

01 = Hai(x), fori=1, 2.
01;= Ugi2(y), fori=3,4.

Ai — generalized bell function

1
L+ [Gee) @

Hai(x) =

[ {a;, b;, ¢;} set of premise parameters ]

Layer 2: Fixed Nodes

02 = ®; = Uai(X) ii ugi(y),1=1,2

T-Norm
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Layer 3: Fixed Nodes

03;= ®;(medio) = __ w; 1=1,2

w4+ Wy

[ Layer 4: Adaptive Nodes ]

o .f=

— Y

w4+ 0y

O4,i = _o;_ . (pxtqytr), 1=1.2

04+ 0

[ { p; qi, 1;} set of the consequent parameters ]

Layer 5: Fixed Node

O5,i = Zi 03!_ .
0q T )
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ANFIS Hybrid Learning

<« =
<« =<

x IR
0 \
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f Premisse Fixed Gradiente descent
o Parameters
Consequence | LMS Estimate Fixed
Parameters

1 — Fix the premisse parameters
= Output is a linear combination of the consequence parameters

f=__o_ .1+ _o, .1
0+ o, 0; + o,
=_ 1 . (0oxp; T o1yq; T 01 + 0Xp, T0,¥q, + ©,15)
®; Tt ®,

—Identify consequence paraters using Least Mean Squares method.

2 — Backpropagtion of the errror signals toadapt the premisse parameters
= Gradient descent method.

Forward Step Backward Step

Signals Output nodes Error Signals
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ANFIS

Adaptive Neuro Fuzzy Inference System

180 /pi l:l
erro .
u train _data
Scope

To Workspace Rad2Deg

ref 30 u
~|"err®

Rampa 1 ZOH 1 1
Kp s s [

1/len theta _dot theta Pivot point
Scopel for pendulum

c/(m*len A2)

M
9.8*sin(u) « » g f

x & theta Animation
Function

g*sin(theta)

G=—C ¢-&m0
ml [

0 +46+9.8sin(0) = u

Control law u=30(r—-0)
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ANFIS x P-Controller

=

BE

Ramp ZOH

Fuzzy Logic
Controller

c/(m*len”2)

L ]9.8*sin(u)

=P

Radians Scope
to Degrees

Pivot point
for pendulum1

>

g*sin(theta)

‘B

x & thetalAnimation

Function1

ShE

Scope Atuador

1/lent theta_dot1

c/(m*len”2)1

9.8*sin(u)

thetal

g*sin(theta)1

o (degrees)

200,

150

100

50

-100

-150

-200¢
0

Angular position g(t) for a stair reference

\
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— Ref
———y_ fuzzy
‘P
i
20 40 60 80 100 120 140 160 180 200
time (sec)
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FIS Variables

XX

y

Membership function plots  Plot points:

ANFIS Controller

131

f(u) Ny
u

0S5

in1mfé4 in1

mf1

in1mf3

in1mf2

in1mfS

r=1.57

3 2 -1 0 1 2 3
input variable "r"
Membership functions of r (reference)
S u=-0812
|

4
5
-3.1416 3.4907

-3.1416

N

3.1422

Rule Viewer

-1231

20

NS

.........

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

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

......

.......................
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Another view of the non-linear control surface
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ANFIS — Who 1s the Expert?

Expert Knowlege

Radians Scope

to Degroes Linear behavior if

the control signal, u,

can cancel the non-linear
dynamics of the process.

Ramp  ZOH Fuzzy Logic
Controller

Pivot point
for pendulum 1

9.8*sin(u) |«¢
g*sin(theta ) x & theta 1Animation
Function 1

— “Exact Linearization” (E.L.)
(not only operating point)

Scope Atuador

y -
L
L] o 2WS
> }
+p 9.8*sin(u)/5

Comp . néo linar

0 +46+9.8sin(0) = u

1/len theta _dot 1 theta 1

P—Control law u=K (r—0)

c/(m*len A2)1

9.8*sin(u)

g*sin(theta)1

E.L.—Control law u=K  (r—6-9.8sin(0))
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ANFIS — Controller

200 L L L L L L L L L E g\
r 4

__fuzzy _
y_ linEx

150

Rules Trained by an ANN!

)

100

-You can explain and

50 |
7 add new rules (fuzzy)
¥ | -You can train with

real data (ANN)

-100

-150

-Drawback

_200 r r r r r r r r r L
o 20 40 60 80 100 120 140 160 180 200 mOI/‘e paramet‘ers
tempo/[segd] °te /
12 T T T T T T T T
u__fuzzy u
u__linEx
10 - -
5 -
@
=
o
S
2
o .
-5 -
-1 O r r r r r r r r r L
(o] 20 40 60 80 100 120 140 160 180 200

tempo/[sed]
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Part 4 —Applications

Nondestructive inspection of structures
Visual inspection of transmission lines
Liquid Level Process

Water treatment plant .
Automatic Car Guiding

Consumer Electronics

Path Planning

Building Automation — (Ambient Intelligence)
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Applications:
Nondestructive inspection of structures

DAMAGE DETECTION USING AN HIBRID FORMULATION BETWEEN
CHANGES IN CURVATURE MODE SHAPES AND NEURAL NETWORK.

Miguel Genovese, Adolfo Bauchspiess, José L.V. de Brito,Graciela N. Doz

| —>| 4 o cm 33
rrrrrrrrrrrrrrrrrrrrrrrrrrr e

o |98 ¢m

Figura 2: Discretization of the test beam

- strain gauges
- Hammer hit
- Signal acquisition
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Applications:
Nondestructive ispection of structures

et b NOs  Beam oscillation frequencies (Hz): with and without damage
Harmonics | Beam without | Beam with 20% moment of inertia
damage reduction at element 10

First 67.76 67.48

Second 184.22 182.72

Third 354.01 352.62

Fourth 570.26 569.59

Fifth 825.83 821.93
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Applications:
Nondestructive inspection of structures

30 ~

25 |

20 L

15 |

10

ERRO EM %

-10 1 1 1 1 1 1 ]
0 5 10 15 20 25 30 35

ELEMENTOS

ANN error at the training data
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Inspection of Transmission Lines

C Autonomous system - visual inspection of electricity transmission lines
- Detection of flaws in the gripper of the line spacers

Need

— Maintenance!!
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Inspection of Transmission Lines

= Traditional inspection of transmission lines:
= Aerial survey using a helicopter

U Staff onshore

= Costly and expensive
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Inspection of Transmission Lines

IFPGEA

CEERTEEIEN  Laboratorio de Automagao e Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional



UAV — LARA/UnB

TFPGEA
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Inspection of Transmission Lines

= Adaptation of Unmanned Aerial Vehicles (UAVs)
= Research project UNB / ANEEL - Expansion

= Development of an UAYV to aid inspecting transmission lines

Acel 3D

&

Sensor de
pressao
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Gripped cable contour:
FFT coefficients of directional chains

— 2 /]

I _ ]

Reconstruction -
7 and 15 Harmonics

a) Gabor — b) Closing — ¢) Border — d)Image
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Results — Representation of the contour

Projecéo X x Projecéo Y Projecdo X x Projecdo Y
100 F ' ' ' ' 1ooF " "
ol 3
0 4
>_
e —
o -80F —_ 1
100t
50}
0 5 100 150 0 0
Ei Eixo X
Projegéo X B do X 1 Projegéo Y
100F ' '
. jrr’-
= R
i e I
-100 -100F
-150 ¢ -150¢
0 100 200 300 0 1I£U 21]] 3Il
Eixo X

Eixo X

AN Laboratorio de Automacao e Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional 151



Gripped cable contour:
FFT coefficients of directional chains

Componente A da Série de Fourier para X - Componente B da Série de Fourier para X
T hl T T

N L 25 0 ANN - .
’ R B I S A “Need Maintenance”

50

e e e classification
‘E _100 L. - _____________; _____ 4_’?_._._-_; _________________ nlg 1EI = _____________J; _________ {/l_ ______ E ________________
5-- TT gt Training, Test, Validation
L ) ot SRR SRR T T .

© g ; 0 e 80, 25, 25 images

200 5 i 5 ' '
1] 5 10 15 0 2 10 15
Harménico Harmdnico
Componente C da Série de Fourier para ¥ Componente D da Série de Fourier para Y
12 o T T 30 o T T
R S—— | I U N S - . ol
] B oo y L ) oy | o |
B ------t--1---==g -~ - 15F--1------ , ---------------- . 1
15 Cn ; Pt ; Dn 5 4H 20
- ----- oo e e et e e . L R e R .
R S R | H=10
e ? P9 '

0 5 SRR R R 2 Misclassified images

Harmdnico Harmdnico | H = 1 2 >

1 Misclassified image

Flavio Oliveira & Alexandre Dias, 2007
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Results — Neural Network training

Erros de Treinamento, Teste e Validagcdo (12 harménicos)
0.45 T
e e
7| R VUSSR SRSRRRRRN SOSRUPR UPPRIE RSOt SO -
1 ' ' ' ' '
| ' ' ' ' '
03 e S e .
\ ' ' ' ' '
\ ' ' ' ' '
028 LA -
3 \ ' ' : : :

5 J : : : : :
Y02} ‘%*v ---------- -
VN : : : :

- RS S R e .
R e R SR R— .
1. S N2t SUIUN: SRR SN ;
0 i R — ——
0 2 4 B 8 10 12
Epocas de Treinamento

= Simulation of the validation set for the network trained with 10
harmonics
= Misclassification of 2 images
= Simulation of the validation set for the network trained with 12
harmonics
= Misclassification of 1 image
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Gripper inspection with 3D reconstr.

It is not possible to train an
ANN for every position/orientation
in the visual field of the VANT.

ANN trained
for a fixed point of view.

Build 3D contour model

Par de Imagens
~_ Estéreo

~

Reproject 3D contour
to ANN point of view

Classify with ANN

—
——— P =
== — B C———"]
Py =

Correspondence —ROI contour in stereo pair

Different ROI’s
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3D Reconstruction

% SRI'SVS Stereo System
File Device Video.. VideoBuffer... Subwindow

ANN data bank Image plane

Rate: 7.5 Left * Color [Opened device 0 i E _
mput: [Video ] Continuous | | Function: [None ] cont: 4] 712 ¥ Disparty: 4] 52 M /}/

P, P5

Reprojected contour for ANN
Results:

20 stereo pairs — 1 false pos., 1 false neg.
Elder Oroski, 2011
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Liquid Level Process

Components
-3 Reservoirs (5x25x35 cm)
-1 Supply Tank
-3 Level Sensors
-2 Pumps (0 to 10 V)
-2 Power Circuits

-A/D & D/A Interface

- Time Constant = 5 min

-Sampling Rate = 2Hz
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qol

Schematic Diagram

Il qd i1

Tandque 1 Tanque 3

Reservatdrio

q 32

d 2

Tanque 2
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Dynamics

Bernoulli: h
— L — g +sienal(hs — h) )k Jlh, — hy | = kih, .
ar 9i1 gnal(hz — hy) \/‘ 3 1| 1
dh,
A = q;, + signal(h; — h, )k |h — ky/h, ,
At = 4;2 8 ( 3 ) J| 3 My
dhy
= —sienal(h, — h))k./\h, — h
7 gnal(hy 1) \/‘ 3 1‘

— signal(h; — h, )k \/ |]73 - hz‘

Non-Linear, Coupled e Multivariable
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Remotely operated process - www

Client Process Controller-PC Server
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_ Prop. Deri.
Define reference

(@ Step

_ Triangular

Edit reference

4 14

|4

Instructions

Experimental Rmesults

(@ PID Control Kp Kd
) Sgquare ‘ 5 ‘
) Senoidal Frequency Amplitude Offset

Send Controller 2

Send reference 1

Send reference 2

[ Stop Experiment {

100 120 140 160 180 200 220 240 260 280

Segundos

100

120 140 160 180 200 220 240 260 280

Segundos

300 320

300 320 340

Finish

360

380 400

340 360 380 400

Show Plots:

[v] Reservoir-1

[v] Reservoir-2

[v] Reservoir-3

[v] Actuator-1 [v] Actuator-2

Step Response
* 10 cm (tank 1)
* 05 cm (tank 2)
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Experimental Results

__ Prop. Deri. ‘@) PID Control

Define reference

e Step ) Sgquare

) Triangular ) Senoidal

420 440 460 480 500 520 540 560 580

420 440 460 480 500 520

Kp Ki Kd Send Controller 2 |
'4 1 Send reference 1 ’
Frequency Amplitude Offset Send reference 2 I

’ Stop Experiment ’ Finish

reas RealPlayer: live.rm

File WYiew Play Channels Radio Favorites Help

)1QQ www Plus

%) Location: IItSpZa"a"154.41 .43.94:554/encoder/live.rm

ADD NEW
DCH ANNELS Subscribe To

Segu
g Free Channels

Updated 30/1 T~ ) @ Q3 wr—=m |
,llli Ao 1 , [t h'g Radio Tuner &P Guide 4 Search O Message Service v =§

[»] 34,0 Kbps SureStream Ge 21:57.7 LLive

|'

540 560 580 KOO K20 640 bBBO BBO YOO 720 740 760
Segundos

Reference

Step and
Triangular

Live Video

Streaming
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Fuzzy Control in Simulink

|

CONTROLE FLEETY [ PROCESSO WULTFTAHOUES

Cainl |risagrabar 1

ki

ki

y

(3]

k 4

— ML

kil

Furzy Logic Codmlier?

[l

h1

hL
iz
hz
Tanques Nombdrs
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Fuzzy Control

Step Response to
different levels:
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LEARnN

Remotely operated Automation Laboratory
(Laboratério de Ensino de Automacgao Remoto)

4th order
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Water Treatment Station —
T www.abwasser.nuernberg.de

zur Kldranloge
Unteres Schwarzachtal
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Water Treatment Station —

Klarwerk 1
TWW. a[;wasser.nuern[;erg. de Abwasserfilter

Mechanik (Rechen, Sandfang, Vorkldarung)

Klarwerk 1

Abwasserzufuss:
‘Sadwestlicher Hauptsammier, o
Sadlicher Entiastungssammier [ > Abluft (zur

Abwasser von
2. biologischer Stufe

Z

( »
l !Z?Jﬂm » Felt (zur
Abwasser (
1
=N

f-'J

J zur Pegnitz

T

A

>
(zum Zulans Klarwerk 1) Ho :ﬂ®n sser- g
Splluft Spulwasser

Substrat (z B. Methanol)

] Nx@j/ |
.,

Abwasserzufluss:
Peg e (Zugabe ven (zur (zur

hebewerk
Klarwerk 1

h Sandf: Absetzbecken

Klarwerk 1
Schlammfaulung

2. biologische Stufe (Schwachlastbelebungsanlage)

Kiargas

Abluft
{zur Abluftreinigung)

Druckiuft vom
Maschinenhaus

J

. Abwasser zum

Ronhschiamm Fautschlamm zur
Schiamamtrockn

Ruckfuhrung
Substrat (2. 8. Methanal)

Abwasser
und Belebtschlamm

Faulschlamm-

Faulbehdilter

Ruckiaufschiamm UberschuBschia a
fm?’ﬁ‘mr (2ue bs:;--mmena:dr:mn) Klarwerk 1 Sct Faulstufe 2 eindicker
Stute Belebungsbecken Absetzbecken Schlammtrocknung
1. biologische Stufe (Hochlastbelebungsanlage) At (Braden) 2ur

Schlammvorwimung

Faul-

Sauerstof!
(von der Erzeugungsaniage) Pelletierpresse

== =i =y =y
>
mechanisch ( Kidrgas / Heizol
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=y o L s
Damp; > j 3
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Automatic guiding - BMW

Cruise Control

automatic transmission

User Profile
sporting
economic

cautious

Proximity Sensor

front

back

side

BMW 645 c1 - www.bmw.de
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Fuzzy Air Conditioner

g A High Definition Of Design And

Performance.

ENERGY SAVING, BETTER STARTING CURRENT, PLASMA FILTER, DESIGNER
PANEL

LP-K2465QC

4 WAY SWING
DEHUMIDIFICATION
FUZZY LOGIC

JET COOL

R, 49826
I@ LG ADD TO COMPARE

Life's Good
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Camera

Olympus IS-5

Auto Focus SLR Camera - 28-140mm 5x zoom lens,
Date imprinting capability, Panorama Mode - w/Case
& Batteries

Features

Programmed Auto Exposure lets you choose between Full Auto, Stop Action, Portrait,
Night Scene and Landscape modes
TTL metering system: Fuzzy logic ESP, center-weighted average, Spot

Specifications

Focus TypeTTL phase-difference detection system with autofocus focus lock. Auto
focus beep available. Auxiliary flash activation in low light.

Focus Range0.6 m to infinity in macro shooting; 0.6m to infinity at wide angle and
0.9m to infinity at telephoto in standard shooting. Predictive autofocus (in Stop

Action mode only)

8.8 T ()@

AF Sensors
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Washing machine

s Modern washing machines automatically determine the optimum P
settings to get your clothes clean with the use of fuzzy logic. That's
the 'skill' that gets machines to make 'best case' decisions based on
incomplete information. -

m  Previously, washing machines were manually set. You had to %8
make trial-and-error decisions on the amount of washing detergent, ‘ ai

the size of the load, and the length of washing time. A fuzzy logic - P,
controller, comprising sensors, microchips and software Voo
algorlthms mathematically works out the amount of dirt and type gy
of dirt on the clothes with the help of an optical sensor, which . 8

measures the transparency of the water.

= When the clothes are loaded into the washing machine and water
added, the sensor checks to see how dirty the water is - dirtier
clothes mean dirtier water, naturally. It also checks the type of dirt
on the clothes by how fast the water gets saturated by the dirt.
With this input, the fuzzy logic controller determines how soiled
the load 1s, decides how much detergent is needed and how long it
must wash the clothes.
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Vacuum cleaner

Samsung VC-8930EN

Power Consumption : 2000W
Suction Power : 450W

Digital Auto Power Control (Fuzzy Logic)

Variable Power Control

5-Stage HEPA-Filter System
Exbug : Mite Killing Function
LED Display Panel

2 Step Smart Brush
Aluminium Telescopic Tube
Smart Protector

3 Built-in Accessories

2-Way Parking System

With Twister System
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Digital Wrist Pressure Monitor

Model WS 501

It has 60 memories with date and time (digital clock) that
facilitates distance monitoring between doctor and patient.
Battery charge indicator.

Japanese FUZZY LOGIC technology of the latest
generation. R§220,00

www.etronics.com.br/detalhes.asp?codpro=495
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Coal Unloading — Erlangen/Germany
Conveyor Belt

schieuse  Elbe-Havel-
Niegripp Kanal

Trajectory Planning - Fuzzy

“Redundant Sensor Guided Unloading Crane”— MAN

* R Bauchspiess, 1995

River Crossing — Minden, lbe, Germany
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Universitdt — Erlangen-Niirnberg

Sensor guided Hydraulic Robot

a) TCP cartesian position / [mm]: reference(--), measured(_ )

T
50 -
x/[mm]
0+
50 [ ! ! ! ! ! ! ! !
-1050 1000 -950 -900 -850 -800  -750 -700 -650
y/[mm]
b) Velocity / [mm/s]: reference(--), measured(_)
50 T T T

20

10

0 | | | |
0 5 10 15 20 U[s]

Bauchspiess, 1995
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M otr-linear 1L —
> Controller Faobot

Path tracking — Linearized Joinss

u:?'

Atate Space Controller

Predictive control signal

- ML %14 TR
PE) [ o :
i T anEru) e e =k 17 :% e .
Pre-Filter A <
:i Frediction Wodel T: — bz
::' State Feedback -
FMP-Controller
e 7'=j
e SassasamsmmE e CCD Image
T man Frocessing
é a8 Sampled Spline - = s
; s Fohot Position
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Ambient Intelligence

= Comfort and energy rationalization

s Factors

temperature,

humidity,

outside temperature,
solar radiation,
neighboring rooms,
presence of persons,
furniture int the rooms,
heat sources (e.g., computers),
windows,

heaters,

air conditioners

etc.
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Thermal Comfort x

Energy Rationalization

1

Detector

® Sensors,
Window

Window
8 An},' ond.
/,

g

Fuzzy
Controllers

Temperature Sensors

Spin Engenharia de Automagdo Ltda

Window
A Cond.

w— R S485 Controller Network
e R S485 Power Meaters Network
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Simulation of the
Energy Rationalization — Thermal Comfort

> E
Rad1 ~ Pp-[extern disturb
b—p»-|disturb vicin® __:E
[ ) - |
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Simulation of Fuzzy Thermal Comfort

<) Surface Viewer: predial
File Edit View Options

dlifExt
X (input): difExt | Y (input): error + | Z (output): pot v
X grids: 15 Y grids: 15
Ref. Input: Help ] [ Close l
Ready
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Measured Energy Consumption (kWh)

Experiment\ Room | Develop. | Directors | Meeting | Total
On-Off Dawn 19,39 11,87 12,04 43,30
Fuzzy Dawn 03,78 01,07 02,05 06,90
On-Off 8-12 14-18 | 35,25 17,42 19,07 71,71
Fuzzy 8-1214-18 |21,97 13,50 18,14 53,61
On-Off 8-18 35,34 17,96 19,95 73,48
Fuzzy 8-18 16,41 15,80 13,10 45,32

Spin Engenharia de Automagado Ltda, 2006
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Finep/Lablnov

Ambient Intelligence Innovation Laboratory
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u Humidity Sensor
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A Thermal medium radiation sensor
7 Piranometer

¢ Ar Cond. Actuator
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Projects: SAPIEn, CT-Energ and FINEP-Lablnov
Energy-Saving Approach:

Model-Based HVAC Control

hy h.—1
J =Y (k+)—yp ) + D Au” (k+1)Qy,Au(k +i)+u” (k+i)Q,u(k +i)
i=1 i=0
) comfor;r related ’ ) energy\;elated

Where :

h, — prediction horizon

y —controlled variable I Considers comfort and energy saving. Needs model!

Vp —reference
u — manipulated variable

Q,,.Q, —weighting matrices

EE ————
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Hybrid Air Conditioning: Evaporative-Conventional
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Hybrid Air Conditioning: Evaporative-Conventional

Compressor
(external)

ceiling

Damper-air
L:Dﬁ_: \ mixe:’r / PVC lining
41 /_“ @*g _’ 00  Duct — OO
— R A R
P ¥ v

\
i — < [4 <
Outside air = ' v Air outlet arill vy
inlet grid @ Evaporative Split - Fan Iroutlet grilles
Water ogr;ﬁe
Reservoir
door

Meeting Room - LARA

Schematic Diagram

(air mixer)
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Hybrid Air Conditioner Controller

Controlador A.C. Hibrido

e A—i_

'
‘N Sensor Temperatura
: }- Sensor Umidade

Sensor Radiacdo
Térmica Média

Modulo PMV MOV el2

- Modulo PMV Mével 1

Meeting Room LARA. Sensors attached to the wall - Temperature,
Mobile modules 1 e 2. Actuator of the hybrid Humidity and Thermal Radiation

alriondltloner hibrido
LARN Laboratério de Automago ¢ Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional 187




Fuzzy Control in Wireless Network

J [FIS Editor: AGORA_VAI E]@

File Edit View
\ AGORA_VAI
ERRO
EE Ef / el
PWM
REF
FIS Mame: AGORA_WAI FIS Type: mamdani
) And method i | || curent varisbie
@\ c
Or methad T vl Name
g) || Type
a : Implication min v ik
' o . Range
.......... Aggregation ok 3
Defuzzification @ Help Close
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Fuzzy Control in Wireless Network

NEG ' EERPP POS

3

1 1 1 1 1 !

-30 -20 -10 0 10 20 30

Membership functions of the input variable error

Truth Table of Fuzzy inference-LAVSI/ENE/UnB

EmoxT ref| MB B M A MA
NEG A A A A A
PN M M M M M
ZERO M M M M M
PP MB MB MB MB MB
POS MB MB MB MB MB
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Fuzzy Control in Wireless Network

295 +
g« BN NEYEN TS

Dead Zone PWM1

Fuzzy Logio
Controller S1

To Instrument Query Instrument

To
Frame

Frame Conversion

To
Sample

Frame Conversion1

245 +_ 7i
T_REF ’Q m 27

Dead Zonet PWM2

Fuzzy Logic
Controller S2
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Fuzzy Control in Wireless Network

Temperatura (°C)

S Energy saving: On-Off x Fuzzy Wireless,
= ' ’ ' ' ' ' ' ' Ferreira Junior, 2009.
— ! Controller Energy Energy
ol : : 4 e : : : : (kWh) saving
6 On-off 15,69 17,00 %
H Fuzzy 13,41

Temperaturas no setor 1 e setor 2 — Controle Fuzzy
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Mobile Measurement of Thermal Comfort
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RFID occupancy identification
(GPS indoor) for thermal load estimation
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Indoor RFID Localization @

in the Context of Mobile °

Robotics

with Application in ©
Ambient Intelligence

40

RSSI

Interpolated

from measured
RSSI

100
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Indoor RFID Localization

in the Context of Mobile
Robotics

with Application in

Ambient Intelligence

X
&

A
L 4

Localization results
using encoders in-
formation in UKF

without any update

step
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Indoor RFID Localization
in the Context of Mobile

Robotics
with Application in
Ambient Intelligence
E Pre-define
Augmented ARToolKiL -~
Reality 7 1
. ~fconsian

Localization Sys-
tem Results
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Indoor RFID Localization in the Context of Mobile Robotics
with Application in Ambient Intelligence

[

: l [ ] [ ] [
s

Augmented Reality Localization System Results

LARN IS TSR Laboratorio de Automagio ¢ Robotica - A. Bauchspiess — ENE0154 — Inteligéncia Computacional 197/28



Comparison (Red - odo., Black — odo+vision, Green — all 3)

comparative results of the Augmented Reality-RFID RSSI system,
Augmented reality system and pure odometry system
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(Cristovam Silva Jr., 2012)
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Building
Automation

1Phone

WiFi

Arduino
Z1gBee
Infra-Red

Air Conditioner

(Daniel Vilela, 2012)




Automacao e Monitoramento Remoto de Sistemas de Irrigacao

Visando Agricultura Familiar

Arquivo Maps Conexdo Configuragdes

) \ 4 E &) Gravar posicdo Retornar posicdo Conectar com servidor Enviar configuracdo
"Mapa " Setor
[Goiaba j

[ 1) Alterar configuracdo do setor ]

« julhg, 2011 K

dom seg ter qua qui sex sab

26 |27 | 28 | 29 | 30 1 2
3 4 5 6 7 8 9
10 | 11 | 12°| 13 | 14 | 15 | 16
17 | 18 | 19 21 |22 | 23
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»x 3 [l >
1 3|45

6

L Visualizargra’ﬁcos]’ 1 Excluir ]

Dados do mapa - Termos &; Use [ " Novo setor l
" Edicdo dos horarios de irrigacio
Dia espedifico I Dias periddicos l Visualizar semana Copiar um dia para outro Copiar um setor para outro
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04:00 . | 01:00 . 0400 0E:00
[ 0 Remover horario ]
[ < Adidionar ]

(Vinicius Guimaraes, 2011)
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RFID — Radio Frequency IDentification




Passive RE1D to track users
n blllldlng automation (Frederico Rocha e Filipe Oliveira, 2013)
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Occupancy by Passive RFID + Laser Beam

Legenda

Antena
. Leitora

1 [ Sensor

Ambiente 4

Ambiente 1

G dUBIqIY

Ambiente 2




)

7 Regio 2 ”\? M
: 02) (03) (04) ™ P -
RCNC Y BS B/
Sala de J I
@ Reuniodes @ i_\\ |,r" ¥
e S
(WA é O
e ¢ N
KW‘NAM*'\J\ AN A~ g ; \7\“\"\«,\/«* S
¥4 PC's :Il,éa)blnov %J ;,
¢ Regiao 3
O UU U f -
R e A S s e S R e L a 2 3
4 Regiao 1 \} e \”s {
(12) (13) (15) 16 RS

Controle de Prog

LARA/SG11/UnB

Inspegz{lo de|LT

R e e S AR

\‘\_

Escaninhos

01-20 Data collecting points

RFID Reader

ir Conditioner

MLP10
MLPS0
MLP100
MLP150
MLP200
LVQ10
LVQ100
LVQ200
SVM -
RBF
SVM —

Lin

72,2%
74,5%
74,8%
74,0%
73,8%
65,5%
65,4%
65,4%

76,3%

a) Raw RSSI
(missing RSSI ->0)
b) RSSI hold last valid RSSI

c) EKF

76,9%
78,9%
78,3%
77,9%
76,9%
73,5%
74,8%
74,6%

82,1%

I
N’
H
N’
I
N—

(Cristovam Silva Jr., 2012)
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RL: 4% order liquid leve Process
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Actor-Critic Q-Learning

LARA/UnB, Lucas Matos, 2018
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DyTEE MAC/UnB —
Dynamic Timed Energy Efficient
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Part 5 — Conclusions

* RNA - A technique that involves learning

' ’ * Fuzzy — Demands a Human Expert
' ' e Neuro-Fuzzy - ANFIS

e Commercial products available
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Philosophical origins

René Descartes

“analytic geometry”

1637
Immanuel Kant Reason
“Critique of Pure
Reason”
1781

John Locke

“Essay on
Human Understanding”
1689
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Philosophical origins

René Descartes

“l think, therefore | am”

Immanuel Kant Rationalism

“We can only know what
we perceive”

Zugiikan S

John Locke

“The knowing of no man
can go beyond his experience”
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Conclusion

ﬂ-
—)

10 be able to design intelligent systems that are really useful
you must have a good theoretical background.

Normally, only what is already known to exist, will be found.
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Projetos...

-

UQ 'y:_,

(1995-2002)
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Thank You!

Adolfo Bauchspiess

lara.unb.br/~bauchspiess

bauchspiess@lara.unb.br
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