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Properties of Fuzzy Systems E

* Rule-Based Models which build upon the concept of Fuzzy Logic e

(going back to Zadeh: truth values are fuzzified in [0,1] by Fuzzy Sets)
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20 25 28 =>100.2 degree” Warm*to 0.8 degree ,Hot"

 Formation of Linguistic Rules by Conjunction (t-norm) of Fuzzy Sets
over Input Vars, e.g. (example frgm’ﬁremise price modeling):
IF Areais LOW AND Ageis OLD Then Price is LOW

Tradeoff between

» Universal Approximation: Models with arbitrary degree of non-
linearity by piecewise local approx.

» Interpretability (Readable Linguistic Terms and Rules)

. Dat)a-Driven Case => Gray-Box Models (ranging from to dark
grey

 Similarities Between Certain Architectures with Certain Types of
Neural Networks (e.g. TS with Gaussian sets < RBF networks)
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Research Directions In Fuzzy Sys Design E
. Old-School (70ties, 80ties): Knowledge-Based Design
(White Box)

 New-School (90ties, 00s): Data-Driven Learning with
Machine Learning/Optimization Techniques (genfis2+3,
LOLIMOT (tree-like structures), FMCLUST, ANFIS, Genetic
FS ...) --- batch design!

« Emerging Topic 1 (in infants): Hybrid Design
» Input: Expert-based Design + Measurement Data
» Output: Refined Fuzzy Systems meeting Interpretability Constraints

» Variants:
— Movement of Expert-based Partitioning
— Optimization of Fuzzy Set Combinations (=> New Rules)
— Model Transfer (Mamdani=>Takagi-Sugeno, consequent re-learning)

« Emerging Topic 2: Adaptive Evolving from Streams
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The ldea of Evolving Fuzzy Systems
(emerged approx. 2004/05) E
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Evolving 74 Evolutionary (=>Genetic FS)

Learning Fuzzy Systems in (Single-Pass)
Incremental and Evolving Manner from
Streaming (Block/Sample-wise Loaded) Data

Characterization of a Data Stream (Gama, 2010):
» The data samples or data blocks are continuously arriving on-line over time

e The data samples are arriving in a specific order, over which the system
has no control.

« Data streams are usually not bounded in a size

» Once a data sample/block is processed, it is usually discarded
immediately, afterwards
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Concepts in Evolving Fuzzy Systems E
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" Incrementality accounts for a step-wise (sample or block)
processing of data and model building, omitting time-intensive
re-training (on-line capability)

= Adaptivity accounts for (recursively) adapting parameters
with newly loaded samples

* Evolving means that structural components (rules,
neurons) are added on demand due to new system states,
operating conditions etc.

» Single-Pass Capability = Sample is loaded, sent into the
Incremental learning engine and discarded immediately,
afterwards (achieving low computation time and virtual
memory demand)
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Structural Evolution vs. E
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Structural Evolution vs.
Parameter Adaptation

FUZZY.LOGIC LAB.LINZ
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Structural Evolution vs. E
Parameter Adaptation ..

Target Y
A O ....Old Data Samples

@ .- New Data Samples

Adapted Model
(Dotted Line)

N
oy
.
.
.
.
.
.
.
.
.
.
.
.
.

~N
Original Model (Quadr., Evolved Model
Dashed Line) (Cubic, Solid Line)
>

Input Feature X

Dr. Edwin Lughofer http://www.flll.jku.at/staff/edwin




Failure Case (Parameter Adaptation)

Bad Approx.
1.3 . : : . : : B . : : i o
+ Data Samples - ==={Jriginal Model
1.25 ! ==Fuzzy Model . e + Qld Data
5 18- | + MNew Data
—Updated Maodel
16+
>
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it
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Input Feature X Input Feature X
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Significant Range Extension
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Success of Update with EFS
(evolving rule base)
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Update Params only Update Structure + Params
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Target Y

Failure Case (Parameter Adaptation)
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Success of Update with EFS
(evolving rule base) —
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Some (Industrial) Requirements E
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* Fast Online Identification of Models/Classifiers (from
scratch), usage in On-line Production/Decision/Plaus.

e Updating and extending models to dynamic changes,
new operating conditions, environmental influences etc.
=> Improvement of generalization capability of models

* Hybrid Modelling: Refining Knowledge-based Models (Rule-
Base Systems) with Data

 Huge Data Bases [Big Data]. data which cannot be loaded
Into virtual memory at once => has to be processed block-wise

« Enhanced Human-Machine Interaction Scenarios
(Operators give feedback and provide their expertise)
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Evolving Modelling Framework

Inclusion of target values from measurement/feedback;
Never include estimated/predicted values from models (risk of self-error propagation) r/w
Operator

Incremental Feedback Loop (only new data is processed) J

Response | |

Refine (predictions, 'Feedback |
Pool of L 5 e

Expand classifications 'on Quality:

» . Evolved ’ — :
Evolve MGdars yeer) of
Models of models for Response:
new data | |

Internal
Algorithm

/ Initial Models (from / Data _

batehiotlinsor | Usually required for

former on-line | classification problems =>
training cycles) Problem: high effort/costs to give
feedback => Active learning requ.
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Definition of Fuzzy Rule Types in EFS E
(Reg reSSiOn) Arbitrary many ANDs ReBYioae s

_//
Rule; : IF (2 IS pi1) AND...AND (z, IS pip) THEN [; IS &,

Mamdani (Mamdani, Assilian, FSS, 1977)
» &, fuzzy set
e Sugeno
»  ®;: singleton numerical (real) value
 Takagi-Sugeno (Takagi and Sugeno, IEEE SMC, 1985)
»  ®; 1 linear function (hyperplane)
 Takagi-Sugeno-Kang (Sugeno and Kang, FSS, 1988)
» @, : polynomial functions, Gamma, Kernels (local SVM) Covariance

] ] . Matrix
Generalized Takagi-Sugeno — non-axis parallel
contours! New developm. in Lughofer, Cernuda et al., Evolving Sys, 2§15
»  Antecedent part is a multidimensional kernel, e.qg. exp(—(X -C)TE (X -C)
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Basic Geometric Interpretation
of Rule Contours Shape Depends on |

types of fuzzy sets

Contour of classical Rule:
IF x1is A1 AND x2 is B1 THEN

. Contour of classical Rule (t-norm):
e |Fx1is A2 AND x2 is B2 Then...

Input Feat. #2
A

<

easy ewsdis-g
14

e Noisy Sample Data

— Regression Trendcurve
based on 3 rules

Input Feat. #1
>

/ Al S 2 > Characteristic Spreads of Fuzzy
Sets define Contour of Rules

Target (Consequents) 2-sigma Area

Dr. Edwin Lughofer http://www.flll.jku.at/staff/edwin



Basic Geometric Interpretation
of Rule Contours Shape Depends on |

types of fuzzy sets

Contour of classical Rule:

Input Feat. #2
A IF x1is A1 AND x2 is B1 THEN ...

-------------------- . Contour of classical Rule (t-norm):
ol % |Fx1is A2 AND x2 is B2 Then...

““
.
--------------

<

easy ewsdis-g
14

Contour of Generalized Rule: . :
Multidim. Gaussian
IF (x1,x2) is GIThen.. Kernel

More exact representation, less

interpretability
Input Feat. #1

>
/ Al — A > Characteristic Spreads of Fuzzy
2-sigma Area Sets define Contour of Rules

Target (Consequents)
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Extended Projection Concept to Assure
Inte p retabil Ity (Lughofer, Cernuda, Pratama, ES, 2015)

N
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rl sqre(A1) e

Cos(Phi_1(e_1,a_1))=0.1

r
cos(P(e;. ay))

o1 T
a1
Cos(Phi_2(e_2,a_1))=0.8 \
rl sqrt(A2) %
c-sigma Center c c+sigma c-slama i ——
i y
Eigenvalue Eigenvector Case: Large Span Rules

/

o) =max,_, , (Ch— cos(g(ey.a;))

a; =(0,0,...1,...0)
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Evolving Fuzzy Classifiers E
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e Single Model Architecture
(classical: Kruse, Nauck, Ishibuchi), two options
» @;: Singleton consequent labels

» ©; : Confidence Vector for each Class
(able to represent class overlaps in rules)

 Multi-Model Architecture for Class Decomposition:

» Regression-based on Indicator = one-versus-rest (Lughofer, Angelov,

Zhou, FSS, 2008) resolving masking effect of linear version Preference of
Class #1 over all othe

» All-Pairs (Lughofer and Buchtala, IEEE TFS, vol. 21 (4), 2013) - binary /

classifier between each class pair!
o ) 0 confra confiz ... confik
— less complex decision boundaries, .
_ _ con foq 0 confay ... confor
— new upcoming classes can be integrated #=
quicker
| con i1 \confrxa confrgs .. 0

(lower class imbalance effect)

— enhanced output interpretation based on

. . Preference degree of Class #2 over #1
preference relation matrix
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Resolving Masking Effect in Indicator-
Based Multi-Class Classification e—

T T T T 1
'] -
08t
08F
5 06
06
Red class completely

04t
masked out (nowhere

maximal) ol
02
0r s NE
02t o2l Samples lying in this

region are correctly
.classified.tol red

1 . L - R —————
04 05 06 05 08 09 1 -0 YR D AILG VR EE SR B

Linear Regr. By Indicator matrix, 3 classes Fuzzy regression by indicator matrix, 3 classes
from all A models: o
MmaxXm= o T
conf = - S in( )
Zmzl g‘m(r)

—

where g, (7) = fm(?) + | min(0, mingm—1, _x fm(Z))|.
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Geometric Interpretation of
Classification in EFC
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h
Input Feature X2 Input Feature X2
Rule #2
Rule #1 ’ - Rule #1 Rule #2 )
|:| N |:| AR
/ DEA‘ D |j DEA\ , D 0O |j\
o\ 08 } o ol
ot ' ! g O/
A‘%GE' ; \Oxn A‘%ﬁEA ) \Dga.
0o g- G0 g :
A . Class#1 Query Point: closer to Rule #1 => A Class#1  Movementofdecision boundarycloserto the
O ...Class#2 output class: triangle (certainty 11/21) O Class#>  uncertainrule (due to gravitation concept) =>
5 output class: rectangle
Input Feature X1 Input Feature X1
Winner-Takes-it-all New Weighted Average Voting

(including class confidences)

pr(xh xy g +pa(x)hxo Lughofer, Evolving Systems, 2012

L = k" with " = argmax; << (

pa(x) + p2(x) Lughofer, Weigl et al. ASOC, 2015
_pa(x)hoxy g tpa(x)hEg L
confr = :
(1 (x) + po(x) Membership Second nearest
Membership of nearest rule fule with different majority
i } class label L_2 than nearest
11,1 12,L
hxq | = ’ hxo 5 — : rule
Lo pi L+ hin, 2" harp +hog,
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Behavior Decision Boundary

Input Feature X2
M
0o0a)
DI
A ... Class#1 \\\AD’,/ Rule #3
O .. Class#2 ==

Input Feature X1

Example: two nearest rules having
different majority classes =>
decision boundary inbetween, query
point with high conflict

p1(x)ho#q. 1, +p2(x)hg

Input Feature X2

COTL = -
i p1(x) + i2(x)
; hl,L / hQ,L
Lk = Lk P — FUZZY.LOGIC.LAB.LINZ
E R P hi,r, . har + ha 1,
Rule #1 Rule #2
Mu 1 ,oT T
— N
x / A A \ - -

R ~ A,
-~ ’D_ =
Mu 2 ‘0 - AR
2 —F0ed
\ I
A Class #1 ¥ AD’EI’ Rule #3
0 Class #2 -

L%

Input Feature X1

Example: two nearest rules
having same majority class
=> decision boundary between
these two and a third rule with
different majority class

=> query point with low clonflict
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Evolving Fuzzy Systems Approaches in
Literature (2004-2015)

Common Baseline:

/ RFWLS + Variants

Method Architecture Ant. Learning Cons. Learn- Rule Forget. D¥im. #* of MNote
ing Pr. Red. P.
AHLTMNMITY TS fuzey system Incremental  Split- REFWLS Yees Yes, con- Mo 1-2
and-Merge (own) S IEN
1
DENEFISTIE renro-fiey system Cluster- M M M 1-2 ane of the lirst ap-

Fovalbving

BEFWILE

with

EFC-AP™" all-pairs classifiers Fvobleing Cluaster- REWILS or Y Mo M 1-2 Very high acouracy
ing (a0 Consecpuent la-
beslinig
e S ER TS EV AT T = Ewolving Clusler- ST T 154 B Yo Tem,  Ciall- T == Nral althernpsl ol o=
Rizey system ing (own) + HLM (glabsal) [ESIS 1IN cursive learming of
anly non-linear params
eFPT™ T'ree- based Dvnamic substitu- Mone YWiss Mo s 3 good interpretabil-
structure tion with neighbor ity, esiploits archi-
Lroe tecture from 130
eFT 1 T'ree- based Hep lacement REW LS M Mo Wes B lirst  approach of
structure of leaves with sub- cdonb le-weight., evolving Ihawsy deci-
Lreres o bree
eFulhio TS dyvnarmic 15 Taseay Eivolving Cluas- REW LS Wi Yes, con- i 35 capable of splitting
svabern (lags) tering  (Custalson- double-weight., =]l { ol rules
Foonsal) ante
ehMG™T e ral e TS Partici patory REWILS Yes Mo Mo B [ir=t ap
fu sy svstem Licarning double-weight. proach using gener-
alized rules
ENFLTTY generalized TS Hecursive Cluster- REW LS Yes Yes, con- Mo 3
fu sy svstem ing {(Gath-Geva) LT
ol v
e lass™ single model, one P'Lw:-lvillj.i_ clustering BEFWLS + or M Y, Con- M 1-2 lirst one-vs-rest in
versus-rest olassi- (e Clustering) Conseoquent la- B 1L EFC
fiers= and W1TMO bsslinig orly
ePL =1 TS furey system *articipatory RLS (zlobal) Yers Mo M 5 lirst
Lerarning usage of participa-
I < ] 2
e pp—
eT2FIS™T Typee-2 Moarmdd ani MNative activa- ST as Ari- Yoz Mo Mo 3 first eval ving 1y pse-
tion levels, param- tewedent  learn- 2 Mamdani svstem
PRI SNl § LA T U1 Ty 1
eTS( 411G TS fuzey system FEvaolving clustering REFWILS Yers Yors, later Yo 1-2 aone of the pionesr-
(el ustoring) clonab le-weizhit, T ing met hods (2004
e TS-L5-5 e ectended 1S Tuzey e ursive  cluster- ecursive ‘el Mo M 3 [ 244 ) irst approach flor
TE-LS-5V N> 1 led 1S N It lust It b N i 6 (244 lirst P h |

svELermn

ing, suitability

Cranass-N e Lo

evabing  esctended

TS hazey system
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Evolving Fuzzy Systems Approaches in
Literature (2004-2015)

Common Baseline:
RFWLS + Variants

Method Architecture Ant. Learning Cons. Learn- Rule Forget. Dim. St of MNote =
_ ing Pr, Red. | P. =i
I""l'..-l'i‘.}'.'.I""IISI:—-|——-|—}|'ﬁ'""“‘2 TS Mizey system Frvolving elustering HEWLS Yes YWes, oon- M 1-2 first approach fo s
(e ) sl i soebling in ante, en--|
ETRIER hancoed robustness B
FLEXFIS-Class 155 single model,  one Evalving clustering RFWLS MNao Y, oon- s 1-2 first one-vs-rest in-
ve-rest classifiors (e ) UL (srnoot b)) EH D ?ﬁc
ol [
FPa T single mode] ol assid imncrermnent al wrl zhi vectaor Mo Mo Mo 2 &
fiers constraint-based upselate
b iiza bion =
Gen-FLEXFIS™? generalizod TH Ervolving clustering RIFWLS Yes Yesm,  oon- Yes 1-2 first point c:c:rlc:s'plg
Mizzy system {emtended eV 0)) seuent {smwath) on-line dim. r(*d.g
ool Fosr e, rules +3
pruning =]
GENEFIST] werveralismed - Gen. adaptive res- FW OGRS Yes s Yo A4 e rules chl—:
Mizzy =ystem anance  theory i {crisp) line: clirn. red. &
stat, influenos [
HAW -NFS 157 neuro-Muszsy systenr e ot {ruonlin- RLS (global ) M M M 3 Fir=t W:-Llr'i"i'l—hi-l.a-i'd%
ear mod, of Kacs- nero- sy -
izt 8 =]
LOLIMOT inc 25 Tree-based Maode  replacement Flesirs ive Mo M M 1-2 first :-|.;:-;:-r-::-:-|.»::h§
structure {recursive split) non-linear least for an incremental3
e g Y N 1 I "%.
PANFIS™ Eemn eralixed TH B tended Seli- FW O RLES Yies Ma Ma s first proj. conceptE
Miz=y systemm Organizing Map, of gen.  rules, stals
statistical inthaence Exility ool =
T e s oy T T T (o o T ey (me e i ey (8 v e e e e e
irg (iR REFWLS (local) sl g
el =
I:E:ISA]"'IS'J"'"'” TS hasmsy systenr statistical infhai- RL= {glabal), Yes Mo M 3 ane of the ploneer- =
(BTN ence, distance ori- T stabaility ing mothods I:'/_‘[][]."J-E
terion with Liyvapunow 20000 ) E
e L vl el - N s LB [ZN 1 1 i o
TS Muzswy svstem ence, distance ori- %
Lerion L
SEITZFMNINT Twpe-2 TS hasey coverage  oriterion, FLS (global ) My W, oo Mas 3 first approach for
svsterm meremertal  steep- =L an evolving Tvpe-2
esl clescent oy Nuimey syvstem
SOFNLS=" PBlevrnedani Frvolving clustering rivosedi Fiee] s M Mo 4 lirst approach of an
(nearest  neighbxor- RLS with in- evalving  Marmdani
hood ) ¢ reasod stability [ 6 vi e
SOFMNMN (lmp) ™5 TF neuro-Mixey systern ooverage  and  svs- rracacli Fecd RLS Yes Mo M 2 one of the pioneer-
tem error criteria, (Zlobal) ing methods (2005)

rule enlargement

with weight pa-
rarneter
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Algorithmic Key Steps in EFS
(Common Denominator) O

Algorithm 1.1. Key Steps in an Evolving Fuzzy Systems Learning Engine

(1) Load new data sample ¥

(2) Pre-process data sample (e.g. normalization)

(3) If rule-base is empty, initialize the first rule with its center to the data sample
¢ = ¥ and its spread (range of influence) to some small value; goto Step (1).

(4) Else. perform the following steps (5-10):

(5) Check if rule evolution criteria are fulfilled

(a) If yes, evolve a new rule (Section 3.4) and perform body of Step (3) (without
if-condition).
(b) If no, proceed with next step.

(6) Update antecedents parts of (some or all) rules (Sections 3.4 and 3.2)
(7) Update consequent parameters (of some or all) rules (Sections 3.3 and 3.1)
(8) Check if the rule pruning/merging criteria are fulfilled

(a) If yes, prune or merge rules (Section 3.4); goto Step (1).
(b) If no, proceed with next step.

(9) Optional: Perform corrections of parameters towards more optimality.
(10) Goto Step (1).
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Algorithmic Key Steps in EFS
(Common Denominator) O

Algorithm 1.1. Key Steps in an Evolving Fuzzy Systems Learning Engine

(1) Load new data sample ¥

(2) Pre-process data sample (e.g. normalization)

(3) If rule-base is empty, initialize the first rule with its center to the data sample
¢ = ¥ and its spread (range of influence) to some small value; goto Step (1).

(4) Else. perform the following steps (5-10):

(5) Check if rule evolution criteria are fulfilled  Very approach dependent

(a) If yes, evolve a new rule (Section 3.4) and perform body of Step (3) (without
if-condition).
(b) If no, proceed with next step.

(6) Update antecedents parts of (some or all) rules (Sections 3.4 and 3.2) Very approach dependent

(7) Update consequent parameters (of some or all) rules (Sections 3.3 and 3.1) Common Baseline:

(8) Check if the rule pruning/merging criteria are fulfilled REWLS

Very approach dependent:
) " Generalization Concept in
(b) If no, proceed with next step. Lughofer et al., EUSFLAT, ES, 2011

(a) If yes, prune or merge rules (Section 3.4); goto Step (1)

(9) Optional: Perform corrections of parameters towards more optimality.
(10) Goto Step (1).
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Consequent Learning E
(More or less Standardized) .

 Updating (Linear) Consequent Parameters in TS(K)-
fuzzy Systems by recursive fuzzily weighted least squares

» =>induces a local learning effect

» Converges in one iteration step (=> global optimality) due to
parabola of objective function!

» => Fast and robust convergence to hypothetical batch case

» Recent extensions introduce:
1.) weight decay regularization (GFWLS)
2.) adaptation regulation factor (based on the current
approximation error), 3.) forgetting of older samples
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Incremental Learning of Consequent E
Parameters (in TS fuzzy systems) s

Local learning by a recursive fuzzily weighted least
squares (consequ. func. for each rule separately)

ei(k) = y(k) —Vi(k)

Al Y
Objective Function J; = W;(¥(k))e; (k) — min
k=1 Wi
Wi(k+1) = Wi (k) + y(k) (y(k+ 1) =" (k+1)Wi(k))
/ B Pi(k)r(k+1)
start values: WX (k+1)) l
alpha*l / 0-vec \>
Lo St ™= P (ke 1)/ (= y(R)r (k+ 1))&(&N
weighted average from all rules
(Angetmv, Filev 3004) Weighted Inverse Hessian Matrix:
Membership degree to Rule #i XATQ_IX with Q_i weighting matrix

http://www.flll.jku.at/staff/edwin
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Local Verus Global Learning E
(All Params In All Rules at Once) ™

* More Flexibility during learning: Rules can be added,
pruned or merged by not ,disturbing’ the recursive
parameter update of the others

(Global learning requires a spec. Handling of the inverse
Hessian in such cases as size changes)

e Comp. Complexity: O(C(p+1)"2) versus O((C(p+1))*2)
« More stability as dealing with smaller Hessian matrices
e Local feature weighting capability (per local region)

» Better Interpretability (piecewise linear approx. along
real trend of curve, vyen, Wang and Gillespie, IEEE TFS, 1998)

Dr. Edwin Lughofer http://www.flll.jku.at/staff/edwin



Antecedent Learning - Principles E

FUZZY.LOGIC LAB.LINZ

* Incremental Partitioning of the Feature Space:

» Concept 1: Rule Evolution (expansion of the knowledge base to
explore new regions) — distance and density-based criteria

» Concept 2: Rule Pruning (contraction of the knowledge base to
remove redundancies, obsolete rules etc.) => more compact, less
time-intensive for on-line — distance and geometric criteria

* Incremental Adaptation of Non-Linear Parameters:
1.) analytical (incremental optimization, e.g. RLM), - concept by
Wang, Vrbanek, IEEE TFS, 2008!

2.) heuristics-based (movement of rules, fuzzy sets), often done

with inc. Clustering (many possibilities: eVQ, incremental fuzzy c-means,
recursive Gustafsson.Kessel, recursive subtractive clustering, potentials as denisity
estimators, evolving participatory learning, ...)

Dr. Edwin Lughofer http://www.flll.jku.at/staff/edwin




Incremental Learning of Non-Linear E
Antecedent Parameters (for LS Problem) -

Recursive LM (used in EFP by Wang and Vrbanek, 2008)

(pm:vnfm(k_’_ l) — d)nmrﬁn(k) —|—P(k)J(f(‘T(k)£?(k) (2-87)

with l
P(k) = -—(P(k —1) = P(k— NWUS U P(k—1) (2.88)

K

Am a forgetting factor (set to 1 in case of no forgetting) and
S=MV+UTPk—1)U (2.89)
The matrix S is a 2 x 2 matrix, therefore easily and quickly calculated in each update

step; this is because
UT _ [ Jac' (k) ]

Update of 0...010...0
and only one

param in one = {1 0 ]

cycle 0 Doy
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Principal Cases of Data Stream

Influence on Rules (over time) .
A Old rule Updated rule Newsingle
contour e Old rule sample may
j contour induce newrule
/ U "4 Case 3: too early
h;.\ oPa» knowledge expansior| =>
. Enﬂ'_? = back-merge desiregl
: 9 Case 1: rule t.0 .-'h Therulelatter
Y ’ expansion (parametgr . becomes
updates) overlapping

New data block=> new

Old rule rule, —l"‘
contour ‘m -\‘
'l. - = : + untypical rule growing
N, => split desired: in infants
T

e ..0Old Samples

m ..NewSample(s) Case 2: knowledge expgnsion
(new rule evolved)

—
il

o ..New Samples next steps —_— Contours of original Rules
- Contours of updated/new Rules
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Concrete Example: Antecedent Learning E

IN FLEXFIS (Lughofer, 1EEE TFs, 2008)
= |s performed in the Clustering Space => each cluster is
associated with one rule (local region)

» Based on evolving version of Vector Quantization (evQ,
Lughofer, PR, 2008)

* Three central steps (Start: first center = first sample):

= Checking whether a data sample x fits into cluster partition
= Main Pos (Euclid): distance to nearest cluster higher than vigilance
= Arb. Pos (Mahal): Statistical Tolerance Region

* |f yes, Movement of winning = nearest center towards sample

(old)

o =cn +n(x—c5”) . Update ranges of influence of win. Cluster

FUZZY.LOGIC LAB.LINZ

Ellipsoids in Main Position (Euclid) : (%, + 1)05. — kigf}. + (ki + 1)_55;{}. + (cij —xk_;-)z Vi=1,...p+1

Ellipsoids in Arbitrary Position (Mahal) :  x=1(; 4 1) = TR e TTMRE—)E (k) (x—c)T

~ - l-a 1-a 1+a((x—c)TEZ-1(k)(x—Cc))

1 ZC et frac
= |f no, evolve new Rule  cci=+ 55t ===L"0 0 57! = diag( )

C ‘range?
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FUZZY.LOGIC LAB.LINZ

Concepts for Increased Stability

 Automatic Drift handling (detection + reaction)
» Older learned relations become obsolete
(] Center New Data Distributionin

Target

Target Y
Center Old Data Distribution

h
\ Input Feature X2 Drift in .theVarIar.ﬂc.e.ln Class #2 Input Feature X2
(expansion of definition range) {Regress Output)

Center Old Data Distribution
@ Class #1 (circular) 1 0Old Decision
bound
Center New Data Distribution uRCary \
L RN ]
[ ] < ®
| ]

4

Updated Regression Curve
using Life-Long Learning

Class #1 (circular)
[
il o | Old Data Distribution Class #2 ule
e (O] ape

o®E A ] (Rectangular) . ®

L . ® o'\ ®  OldDecision New Data Distribution Class #2 b
selte *— boundary - (Rectangular) _—

New Data Distribution 0Old Distributions circular and rectangular Class Original Regression Curve

Class #1 (Circular)
¢ 0Old Data Distribution ® B New Distributions circular and rectangular Class DigPats: S sbatn

1 == Drf #1 loverl sutiasmdins 4k => Drift in the Target Concept (gradual left, abrupt right) o New Data Distribution (Drift in the Mean)
increase, some new grey samples wrongly classified) . i
Input Feature X1 Input Feature X1 Input Feature X1
Drift in Target (regression)

Drift in Target (classification)

Drift in Input Space (Mean, Variance)
» => More flexibility in model updates | )
required => Forgetting \ e
» Global and Local Drift Handling //
(different intensity! per Rule): g |— | I 77 Exponential
. S o4l |—lambda=0 / v S0
Shaker, Lughofer, Evolving Systems, 2014 e [~ i forget
- lambda = 0.8 /#',/ ’/
Ait = Nit—1 — direction(drift_indicator)Cr A; ¢ 02y [Tstandard sliding window - *:f P
. drift_accumy_y — drift_accoms | 4 [ {f i P -
e e i I
P TIinset 0 - o Current Sample |
Ai,f. E.’“"j 0 1IO 26 Sas‘r(rip\e \nsta4r;[]ce ﬁb SIO °

- 25:1 Erry,
http://www.flll.jku.at/staff/edwin
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Drift Reaction - Example

1 1 d LAB.LINZ
s = 3:?9';.1(;‘?;:?;13:) . End {Center of updated
ai tart . 0.8 cluster without forg.) | )
s 5 Conventional
g os L os
2 i Update =>
2o B cluster joins
02 End - 02 both distribution
0 0
085 04 06 08 1 083 04 06 08 1
Input Feature X Input Feature X
(a) (b)
1 | 1 | Update with
o _ il Clason) forgetting
[0F:] i 1 08+ 1
) e \ mems,  => Cluster
o ) A A \, ted N wi orget.
2 g etk ) COVErs new
g o4 g oy 4 distribution (old
B End | Ao Jump ac«:ordi‘ng ';ﬁ' Sam p I eS
5 o | o deria g | completely
o . . . . = . P | forgotten
6.2 04 05 0.8 1 6.2 0.4 05 0.8 1
Input Feature X Input Feature X
(¢) (d)
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Concepts for Increased Stability

FUZZY.LOGIC LAB.LINZ

« Dynamic Curse of Dimensionality Reduction
» Next slide

* Incremental Smoothing (Regularization)
» Rosemann, Brockmann, INS, 2012

outpat
outpat

\ — 10
input 2 0 0

input 1

Non-Smoothed Surface Smoothed Surface after Several
Incremental Steps

« Convergence Analysis / Ensurance (FLEXFIS, PANFIS)

» Bounded Sub-optimality in the least squares sense (correction terms integration),
Proofed bounds on the system error

Dr. Edwin Lughofer http://www.flll.jku.at/staff/fedwin




Idea of Dynamic Smooth Dim. Reduction

FUZZY.LOGIC LAB.LINZ

 Introduction of the Concept of Feature Weighting

(EFS Approach Independent, Lughofer, Pratama, ES, 2015) N P —
» Criterion: expected statistical contribution <o = i i = =0
» Important Features => High Weights (in [0,1]) ;rf'f’*—\
» Update Feature Weights over Time => —
smooth change in the importance of features — o1
No crisp selection/deletion oot == rmimi = N e R
(as features may become important later again!) S T e S i A B T

* Integration of Feature Weights in Rule Evolution Criterion
(Approach Dependent)

» In Gen-Smart-EFS: weights Feature

X2 High distance to ellipsoid =>

|nt0 MahaanbIS dlStance evolution of new rule suggested I}

» => re-scaled version of
Inverse covariance matrix:

n

As Feature X2 gets
unimportant, the distance is
shrinked by its weight, thus
the sample seems to lie
inside => no rule evolution
suggested

Z.‘l(;-{rsca:’.ed_) =V x diag(Ax) * D * diag(Ax) * vT

1

v

Feature X1

diag(\x) = diag(Ay) = diag(VT = diag )x%-*i)\ _ .
o i = 0% | Original feature weights

Dr. Edwin Lughofer http://www.flll.jku.at/staff/edwin




Concepts for Increased Useability

FUZZY.LOGIC LAB.LINZ

e Interpretability: understanding the model components and behavior

» Position Paper:

Edwin Lughofer, Online Assurance of Interpretability Criteria in Evolving Fuzzy Systems -
Achievements, New Concepts and Open Issues, Information Sciences, vol. 251, pp. 22-46, 2013

» Criteria examined: Distinguishability, Simplicity, Consistency, Coverage,
Input/Output Behavior, Feature Weights, Rule Lengths, Rule Weights, Local
Property, Interpretation of Consequents (red = essential for transparency)

« Reliability: interpretation of model predictions (useable for AL)

Conflict
Concept

Input Feature X2

A .. Class#1
O ---Class#2

Decision
.~ Boundary

Query Point:
Conflict Case 1
(query between

Query Point: Conflict
Case 2
(strong class overlap)

two classes/rules

Input Feature X1

lgnorance
A Concept

Query Point:
lgnorance Case

Input
Feature X2

Possible
Decision
Boundaries
+
preference
relation
A . Class#l interpret.
O - Class#2 in case of
Input Feature X1 AP

Dr. Edwin Lughofer
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Merge Criteria for Assuring E
Distinguishability and Compactness ..

Final Criterion: AND Connection of 1, 2 and 3:

1 5P leay — coyl(fac oay + facx o) Touching (€ps=0)
d(ca,cp) < S Toxr — oo + ¢ Slightly Overlapping (eps<0 big)
\ desstEet Close (eps>0 small)
Euclidean distance between centers
2
Vinerged < P(Va + VB) Homogenuity Criterion (restricting
’\ the volume of the merged ellipsoid)

Dimensionality

3 For Regression: Similarity of Consequents high (dihedral angle)

Srcon.s(u_;;{g "U_':B) 2 f} eSS f' l

3 For Classification: majority class in both rules are the same

Dr. Edwin Lughofer http://www.flll.jku.at/staff/edwin




Homogenuity Criterion: Impact

FUZZY.LOGIC LAB.LINZ

» Basic Idea: Merging of rules which are touching, slightly
overlapping, very close to each other and fulfilling homogenuity

criterion

Input Feature X2 Volume of merged rule Input Feature X2

a bit higher than the

sum of the volumes of
/ both rules=>merge
suggested

FEe -

\ «— Volume of merged
b rule significantly

1 higher than the sum
of the volumes of
both rules=> merge
not suggested

[A:]

N\

(pabBlaw)g
=
' @‘
é’
= ,’l
zd

!
1
i

Input Feature X1 Input Feature X1

Candidate for = B
Merging

Input Feature X2 Volume of merged rule

abit higherthanthe
m
S
)
E I\

sum of the volumes of
/ both rules=>merge
e suggested
L a4
1
I
RN

Not a Candidate
for Merging

Input Feature X1

c

Dr. Edwin Lughofer http://www.flll.jku.at/staff/edwin



Concepts for Increased Useability

e Sji ng|e_PaSS Active Learni ng oy
(Lughofer, PR / ES, 2012 for classification; Cernuda, Lughofer et al. 2014 for regression)

» Reducing Annotation / Measurement Effort
» Based on Reliability Concepts and Beyond (certainty-based sampling)

 (Towards) Plug-and-Play Functionality: Compensating
,unlucky” initial settings of learning parameter(s)

» Possibility 1: adaptive learning parameters (e.g. steering rule evolution vs.
Rule update) according to the current data stream characteristics

» Possibility 2: dynamic split-and-merge of clusters (rules), resolving intra-
heterogenuity (=> split) and inter-homogenuity (=> merge)

<~
8

b2
o

[}
=]

=>merge suggested

o
[0))

ut Feature X2 .
— Clusters are forming a
- homogenuous
/ combination
RN

—
n

Feature X2

o
[&)
T

;). Histogram alon
3 | Pri-Comp 1
" | of Cluster 4

-y
=]

Histogram Bin W9|gF1ts and Fitted Gaussians

w

o

0.55 06 0.65 07 0.75
Feature X1 (Samples Belonging to Cluster 4)

0'8.5 0.6 0.7 0.8 0.9 1
Feature X1
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FUZZY.LOGIC LAB.LINZ

Applications of EFS
and
Some Results
(from own Projects)
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Applications of EFS — OverView

Application Type/Class

(alphabetically)

Active learning / human-

machine interaction

EFS approaches (+ refs)

FLEXFIS-Class,191:192 EFC-
AP 8 FLEXFIS-PLS148

Comment

reducing the annotation ef-
fort and measurement costs
in industrial processes

Adaptive on-hne control

evolving PID and MRC con-
trollers

in,19%3  eFuMo,15 rGK,194
self-evolving NFC,'%9 adap-

tive controller inl3Y

design of fuzzy controllers
which can be updated and
evolved on-the-fly

Bioinformatics

EFuNN19

specific applications such as
ribosome binding site (RBS)

identification. cene profilinge

Chemometric Modeling and
Process Control

FLEXFIS++;"%1"7 the ap-
proach in®7

The application of EFS onto
processes in chemical indus-
try (high-dim. NIR spectra)

EEG  signals

and processing

classification

eTS, 196 epSNNri97

time-series modeling with the
inclusion of time delays

Evolving Smart Sensors (eS-
ensors)

orecasting  an Predlicilon

(general)

Dr. Edwin Lughofer

ETS—Fth

(gas industry),1%9:198 (chem-
ical process industry), FLEX-
FIS199 and PANFIS?? (NOx
emissions)

) iy
eT2F1S67 (traffic  flow),
eFPT72 (Statlog from UCI),
eFT™ and eMG®! (short-
term electricity load), FLEX-

emp. |,

FIS+'"™? and GENEFIS™
(house prices), LOLIMOT
inc.'”®  (maximum cylinder

pressure), rGK194 (sales pre-
diction) and others

evolving predictive and fore-
casting mod-
els in order to substitute cost-
intensive hardware sensors

various successiul implemen-
tations of EFS

http://www.flll.jku.at/staff/edwin
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Applications of EFS - Overview

Financial domains

eT2FIS,57 evolving granular

time-series modeling with the

systems,?’?  ePL.2?! PAN- | inclusion of time delays
FIS, >3 SOFNN?202
Identification of dynamic | DENFIS, 114 Mackey-Glass, Box-Jenkins,
benchmark problems eT2F1S,67 eTS+,117 FLEX- | etc.
FIs T SAFIS, 123

SEIT2ENN 66 SOFNN202

FUZZY.LOGIC LAB.LINZ

On-line fault detection and
condition monitoring

eMG for classification, "

FLEXFIS++,35:203 rGK194

EFS applied as SysID models

for extracting residuals

On-line monitoring

e15+1°% (gas industry)

supervision of system behav-
1018

Robotics

ETS+2U4

in the area of self-localization

Time-series modeling

DENFIS,“"> ENFM'!Y and
eTS-LS-SVM?2 (sun spot)

local modeling of multiple
time-series versus instance-
based learning

User behavior identification eClass and eTS,?"%:2U7 | analysis of the user’s behav-
eTS+,208 FpPA 136 1ors in multi-agent systems,
on computers, indoor envi-

ronments etc.

Video processing eTS, eTS+4209,210 including real-time object 1d.,
obstacles tracking and nov-
elty detection

Visual quality control EFC-AP,”* FLEXFIS- | image classification tasks

Class?11 80 pClassBY

based on feature vectors

Dr. Edwin Lughofer
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Evolvable Chemometric Models in
Chemical Production Systems —

Halogen lam
o . Optical fiber
Light source
FTNIR-Spectrometer i
———

T

|

|

|

l

l =l

l

2 : - Immersion probe
PLC O I B Evolving _
(ARM-processor) . Chemometric Models .
Chemometrics- eChemo paradigm
Unit
Feedback (recent development
Monitoring Loop 2012'2015)
Storage
process control ) )
Rem&t\?Egcess - Trigger analytical
/ reference value
CANopen Clamp _,_| M 1
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Some Results (eChemo paradigm)
(Cernuda, Lughofer et al, ACA 2012 - EFS + PLS for Chemo models)

FUZZY.LOGIC LAB.LINZ

 Dynamic Adaptation of
Chemometric Models in Viscose Production

9 1

087

0.33

IR

] A B

oftdy | }w e/ *”‘% '
osskﬁl Wwﬁwm\ f

Gy ;“JWW‘* M%

Period over 3 months ] I Period over 3 months

_ | 1 1 ! _
9 500 1000 1500 2000 2500 3000 10 500 1 000 1500 2000 2500
Samples Samples

Prediction On-line Data with Static PLS Models Prediction On-line Data with Dynamlc
(State of the Art) Evolving Fuzzy Models (eChemo paradigm)

e Coupling with Active Learning => Reduction of
Measurements + Model Updates by approx. 98% =>
Significant Cost Reduction (Cernuda, Lughofer et. al, CILS, 2014)
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Active Learning Results in On-line

Melamin Resine Production
(Sliding Window Based Approach)

No Active Sample Selection, blind equidistant adaptation

PLS with Fixed Retrain _Ratio of 8 (Buffsize 200)

Problem Beginning of

B | Qctober (06/07.10. 2014)
235 And ]
e
2 ] e T T s LT
%2,5 h B
5 | 5
2 2f
5 1 I I
By |
% 1(1;\ |||T J&n JT T Jl EIF |
LU L L U‘ M lLJ
Ol bt tf L) i B4t f@! Q ,
0 20 40 80 100 120
Block |Number
01/09 01/10 01/11 01/01

6

Absolute Error Observed versus Predicted
w

w
T

Y
T

L~
T

FLEXFIS with Fixed Retrain Ratio of 3 (Buffsize 50)

October (06!07 10. 2014)

Maximal allowed error

Savings: ~13% (~87% Samples used for Selection)

120

o]
& @ | \
wole |l |
i | T R i T . 11
| [IJ;I‘F"I 'éL-‘Jgélﬁ il 7 \|fl L\;) lﬁJ
AL [T A P93 7 LB
1 11 et ALY blg™ PRI
0 20 100
Block Number
01/09 0110 01/12 01/01

Absolute Error Observed versus Predicted

FUZZY.LOGIC LAB.LINZ

Active Sample Selection

FsLEXFIS with Fixed Retrain Ratio of 8 (Buffsize 50) - Dynamic Selec!

5_
No Problem observed!
ot
3 ___________________________________________________
2 jf )
o ‘Ir
) ) I‘ 7 I "}I ?l 1l
T af R “ I I LH f > (1o
. Jw\ s !|¢|““"ﬁll hl.llum;blﬁﬁ | #lf,lf E
! 'I'q':, LJ‘}%@ PUE RN P k"‘t '%L‘i [
0 20 40 6 80 100
Block Number
01109 0110 01/11 0112 01101
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Automatic On-line Surface Inspection

with Adaptivity of Image Classifiers
(blnary good/ bad reward) Eitzinger, Lughofer et. al, MvA, 2010

FUZZY.LOGIC LAB.LINZ

Lughofer, Smith et al., IEEE SMC-A, 2009

Getting Rid of
Manual Checks! -

External Process
Information
Regions of ‘ Aggregated
Interest (ROI) | Features |
- ) Good Good
» Adaptive Feature | : Feature v
| Calculation r | vector #1 ]
™ Adaptive Feature i Feature Clasilf'er
Calculation | | vector #2 v
: Classﬁ"er Ensemble
'.—b L4 I t d _""I B Classn“er
» ® T L J
[ = C\assmer
- . A
= :
» Adaptive Feature | | :' Feature |
Calculation | |vector #n | | Tralnlng Signal
Low-level processing i i )
(application-specific) Additional external | J
Iformationiper e Feedback Loop for Classifier Adaptatlon
® AC h levemen t S: (based on native good/bad reward)
n

» Common Interfaces between Images and Classifiers
» EXxtracting Arbitrary Regions of Interests with Clustering Methods

» Machine-learning Classifiers with Accuracy > 99% (on three real-world
surface inspection scenarios)

» Resolving Contradicting Input from Several Operators (Ensembles)
» On-Line Adaptation and Evolution of Image Classifiers (with EFC)
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On-line Surface Inspection - Results

(Lughofer, Eitzinger, Guardiola, On-line Quality Control, in: Learning in
Non-Stationary Environments, Springer, New York, 2012)

FUZZY.LOGIC LAB.LINZ

CD imprint (#2) Eggs Rotor Bearing

Static Image Classifiers
(trained in off-line mode)
eV(Q-Class variant A 75.69 01.55 66.67 63.75
eVQ-Class variant B 38.82 90.11 66.67 64.65
EFC SM 78.82 95.20 66.67 60.73
EFC MM 73.53 95.89 54.67 55.59
k-NN 79.61 91.51 53.33 58.30
CART 78.82 91.78 52.00 65.26
Evolved Image Classifiers
(updated in on-line mode)
eVO-Class variant A 89.22 (+13.5) 91.12(-0.4) | 86.67 (420) | 67.67 (+3.9)
eVQ-Class variant B 90.39 (+1.6) 93.33 (+3.2)| 86.67 (+20) | 67.98 (+3.3)
EFC SM 78.82 (+0.0) 06.21 (+1.0)| 64.00(-2.6) | 63.14 (+2.4)

| o EFC MM 87.65 (+14.1) 97.19 (+1.3)| 78.67 (+24) | 65.56 (+10.0)

very slow — re”almng 7 k-NN (re-trained) 9098 (+11.4) 06.06 (+4.6)|74.67 (+21.3)] 59.52 (+1.2)
on each sample, juV A )
purposes +max % 14.1 5.2 21.3 10.0
Multi-class Data Set EFC SM| EFCM . eVQ-Class AleVQ-Class B CART k-NN
problem CD imprint]62.0£2.5[73. [ £ L1826 £ 1.5] o41+24] 749+1.6[75.81£2.1]73.85£29

Dr. Edwin Lughofer
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Accumulated Accuracies

R i - FUZZYLOGIC.LAB.LINZ
& 0gks” : — Conv. Update z
C . § 085 ""N:‘.ldUpdate et ek % .
- . -—-Update with Inc. Feat Weights I
D I m p rl nt % ) 8_.-"': —-Update with Rule Merging/Pruning| | % i Eg gS Wlth
. £ 08 = .
with Fore merging
- $ =3
merging ¢ - and feat
'E 0.65 -E i .
an d fe a.t g S S 3 —Conv. Update Welg hts
. < - 5 4 < - No Update
h ——Update with Inc. Feat. Weights
We I g tS e ---Update with Rule Merging/Pruning
055 100 150 200 250 500 350 400 450 085500 1000 1500 2000 2500 3000 3500 4000
Time (On-line Sample Number) Time (On-line Sample Number)
(a) (b)
! Full Updat fsi : :
—Full Update T
095! ——09 (ca. 55%) | ﬁrﬁpﬁgﬂ'e
I il 0.7F| ~-Update with Inc, Feat, Weights
0.9r _gé Eg: 12;’% l g‘ -=-Update with Rule Merging/Pruning
1) L o Ll .
Z0.85¢ —0.55 (ca. 10%) || 80.65+ g h
Mi Eluid f.. | = e 1% < Rotor wit
ICIrO FIUl 3 08 —— pr——— L :
Chips with ¥ i1y merging
p . 20551 d .I:
. E 07 B and teat
Active 8 065 M Recovery § ool )
. Drift w/o forget g weights
, g i
Learning £
0.45
0.55¢ e -
05— : N ‘ - 04 ) : ' . -
2000 4000 6000 8000 10000 12000 14000 100 150 200 250 300 350
Sample Number Time (On-line Sample Number)
(c) (d)
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On-line Human-Machine Interaction @ VISystems
with Evolving Fuzzy Classifiers, AL and Drift
Detection embedded (Weigl, Lughofer et al., MVA, 2015)

FUZZY.LOGIC LAB.LINZ

Production

F
F 3

If AL Buffer
not filled

Event Types during Visual Inspection,
Recognized/Segmented

Explain Classifier

2128

Fiza e ue \_‘—> Decisions (on
Input to

Fy

Samples in AL buffer)

Feature Vector If AL Buffer Filled

Extraction
" Update (Fuzzy) Classifier, . —
verwrite -2 abels of Samples,
— Gisssifer | IntegrgteTI:‘ev\:: IClasses < N Cluksng
n-The-Fly
Y
Active
Evolving (F ample Selection wit i
ve \nng‘(- uzzy) Input to }_/S/p X ) Selected Learning
Classifier Active Learning
Buffer
l Drift )
Out'im » Betection t——————Drift Detected

k.

Classification / | | Production Line
Decision > (In-line Process)
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,2Adding New Event Types/Classes

On-the-Fly* (On-line Visual Inspection)
Lughofer, Weigl et al., ASOC, 2015 PUEVLOaC AN

 Operator labels from time to time new samples within active
learning cycles => new classes may be defined

« => Extension in EFCs, class decomposition in EFC-AP
favorable (K new binary classifiers introduced)

Production

—EFCAP, # of samples for upd: 10.6% '
0.9}| ~~~EFC-8M, # of samples for upd: 17.1%

e

]
gor

Class#1
starts

Event Types during Visual Inspection,
Feature vectors for characterization

z 3 5 ] 10 12
Sample Number % 10°

——EFC-AP, # of samples used for upd: 9.85%

Labels of Samples, New Classes 0.8|- |~~~ EFC-SM, # of samples used for upd: 18.1% ‘

k4

ﬁ Class #7
starts

ERGAR updating its parameters,
structures and integrating
New Classes on-the-fly

(class
decomposition)

EFC -SM ‘ Evolving Fuzzy Classifier,

'

Classification Product Assessment
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Explaining Decisions Linguistically

(Enhanced Model Output Interpretation) -
Lughofer, Richter et al., ESWA, submitted, 2016

. i ' Experiment LI_M:' =
Bonding Void Labeling by Dropping

(still Native Feedbac
Bonding Void Closed

Dirty

Kanal nach Filter

Dirty Closed Dirty Classifier Output

— Das Beispiel ist mit sehr hoher Sicherheit (90 %) Dirty.
G Das Beispiel kann mit sehr niedriger Sicherheit (10 %) auch Inclusion sein.
Der Bereich ist durch das Training nicht (13 %) abgedeckt.
Fibre Grund: Aspect Ratio ist klein (208.7 +/- 74.6), Min Max Len ist klein (8.3 +/- 4.4), Dipol angle ist klein (0.0 +/- 0.0) und Sgrt Area ist klein (3.2 +/- 3.4).
Inclusion T Linguistic Explanation for Reason
Scra‘tch — — — Axis Parallel Rule Contours. ‘]]ID Query 1: One rule for classification
— — — Generalized Rule Contours Oulput = SHOWAS REASON
Iﬂll] Query 2: Two rules fire equally =>
= Induced Decision Boundaries responsible for classifier output
Surface O Query 3: Three rules fire equally
H Query 4: high novelty content, Rule
G:sesv Le\.relr _ Rule 3 Contour | 3fies mo:i‘\ -
Unknown LI H Pl
§ 2 Enh.Proj. \\ l.l;\ B, Vd A‘Al
———1 g ‘I : O ’/“A’
S ’ ,“"ﬂg‘:’
i H !
by I r.'h".“ "t
E ) H ' 1t
£ 2) | standerd Projection | _____ L poslel ! Rule1Contour representing
g | \ .f ! Class #1:
] L 200y S\ IF Width is HIGH
sy, ool | ~¢% | AND Grey Level is MEDIUM
fﬁ]eCtan _.<" 1 1 -
through oidefialuee) :  THEN . (Conf_1=0.98,
i 4 Conf_2=0.02, Conf_3=0.0)

» |
Class#1 ... ® —44'&\\_ = —JAMHE'}L W-;Ddth

Class#2 ....a 2.sigma Area 2-sigma Area
Class#3 ...m
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Condition Monitoring in Rolling Mills

Serdio, Lughofer et al, INS, 2014/15 (FD + FI)
Serdio, Lughofer et al, INF, 2014 (dynamic models with lags) FUZZYLOGICLABLUNZ

Back Tension
-

Strip Travel
—
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Condition Monitoring in Rolling Mills

FUZZY.LOGIC LAB.LINZ

Z 00— H4>»0— T —-—HAZ2mMmQg —

s i
T. d | d :/ " EAULT DETECTION
y Residuals H Filtered Residuals I—‘ M
Clean dataset Cha neIS
|—){ Tolerance Band H Tracking O
Cleaned
I A ey
Model
No Yes N
Span dataset E
Span channel Update, : N i
h 4 P Update Tracking
Delay channel For EVOIVe l of Normalized Alarm
Get channel \ 0
Y each For each Residuals
lag channel MOdel
| Add delayed channel e I
Fault indicator model 1 (faulty) O
VVARMA Raw Fault indicator medel 2 (non faulty)
MODEL
Spanned Fault indicator model M (faulty)
dataset ¢
Systdm Identificatipn with Sy_s;em_ E FAULT ISOLATION
Orthdgonal Transfgrmation \ Identification I
A 4 A 4
| Take channel as target ¥ | ‘ Take channel as target Y | IMPACTED CHANNELS
¢ ¢ Get impact
For each H of channel
h |
Take remaining channels as inputs X £Nanne Take remaining channels as inputs X | .L \ Ef;;:::‘
v Weight impact with In Model For each G
Identify funcional relation Y=FX'), model quality and violated
PC PLS where X' ¢ X violation degree Madel
T
Y ¥ +
Project X to orthogonal space X' ‘ | |
For each Train a Sysld maodel over (X', Y) % 1> Impact x_1 H
h ] — —
N channe ¥_2 -> Impact x_2
| Train a Sysld model over (X', Y) | \ - Iﬁ;n-pact By F
<4+— ¥ H
Sparse Fuzzy D
A\ 4 + L. Decision making based on impacts
Ch 1 -> Madel for channel 1 Ch 1 -> Model for channel 1 SyS Tralnlng T
Ch 2 -> Model for channel 2 = et H : e m e
Ly uiy | with GA Tuning |
Ch M-1 -> Model for channel M-1 Ch M-1 -> Model for channel M-1 Isolated Channel
Ch M -> Model for channel M —Eh-M——MedeHerchantretHv— Isolation Confidence
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Residual Residual Residual Residual Residual

Residual

0 1000

Results from Condition Monitoring

Effect of Adaptive Filters

Absolute residuals of a model with R2: 0.9928

2000 3000
Mu + Sigma band around the absolute residuals
2 X *
0 1000 2000 3000

Mu + Sigma band around the absolute residuals, after an average filter (n=10)

1 T
&L ; | §
4 : 1
0 1000 2000 3000

Mu + Sigma band around the absolute residuals, after a modified average filter (n=10)
A S S SO N
6 z
8‘. 77777 .. :-” .. . . ] " ..

0 1000 2000 3000

Mu + Sigma band around the absolute residuals, after a median filter (n=10)

6_ i -
4 ; -
0 1000 2000 3000

Mu + Sigma band around the absolute residuals, after a gaussian filter (2 bells)

% True Positives % True Positives

% True Positives

e
o
o

FUZZY.LOGIC LAB.LINZ

Effect of Genetic Tuning

5% Fault Intensity

% False Positives

10% Fault Intensity

% False Positives

20% Fault Intensity

% False Positives

== Method: SpareFIS. Filter: None

—&— Method: GenSpareFIS.
—5— Method: GenSpareFIS.
~&— Method: GenSpareFIS.
—&— Method: GenSpareFIS.
—— Method: GenSpareFIS.

Method: GenSpareFIS.

Filter: None.

Fitter: Median (window = 2).
Filter: Median (window = 4).
Filter: Median (window = 8).
Filter: Median (window = 8).
Filter: Median (window = 10).

Dr. Edwin Lughofer
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Results from Condition Monitoring

FUZZY.LOGIC LAB.LINZ

Effect of Lags

Fault intensity 5 % Fault intensity 10 % Fault intensity 20 % Fault intensity 50 % Fault intensity 100 %

AT | | g a8 et _ "Z:-II;TS

el o 1@ a 1© - 8 | ol -0 PLS+lags

T e e e e | e P e e

(5]
) ‘.-""-‘-- . E .»

100
80

60—t 5 T
401G " TS fuzzy
20 Systems

100
80

&8
60 prs
40 Q 3 \ @0‘9 gﬁ ’?
¢ o 0.0 ’,w - e A ) X
206 &
}/ 4 oo--g--pe-8rlooeed - R o |
‘\ﬂ

W S - Y BUPO SraTe(mc oI o fodpg. BB ﬁﬂm* 0 N o e O P
4 6 8100 2 4 6 8100 2 4 6 8100 2 4 6 8 100 2 4 6 8 10
% overdetection % overdetection % overdetection % overdetection % overdetection

]
®

% detection

Bt | @B | - SPF
gl 1 '0-PLS+SPF+lags

o

{1% ¥

% detection

o100 ~5-PCA CPV 0.90
o0 O 9| % ARMA
-9-0OCSVM Signal

-0 OCSVM ARMA Model

% detection
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NOx Emission Modeling (eSensor)

Lughofer, Guardiola et al., ASOC, 2011

FUZZY.LOGIC LAB.LINZ

Engine In-cylinder Flame NOX
parameters | | parameters temp.

. Evolving Fuzzy
O Grey box —e Systems Modeling with
— . = = Compact Rulebases
®—  Thermodynami NOXx
o—uig model - G.Box
._'_ Thermodynamic Bl
*— mqqel I

1D mixing  NOx T

model Kinetic E’ 1000} -\ §

1 2
o— 3D- CFD NOx | o =
@ Kinetic o el o

'l 'l 'l 3 . |
gOO 1500 ZSEOO SSEOO 4500
engine speed [rpm]
Analytical Models requiring long Static Points of Engine Map

(off-line test case)
Dynamic Driving Trajectory
(real on-line case)

development and setup phases for
new types of engines!
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0.7
X f
(separate test set) Ny
E | 1 FUZZY.LOGIC LAB.LINZ
=0.25 h -
frequency [-] \\ “L 0e
0.25 0.5 0.7 i }
1 y= o_gésstx_ doous4l 2 I ¢ ‘ | ! ; ézs 80 120 il 180 240
R-squared: 0.9465 ++90.2 T”
=075 | =2 s :
E e i g 404 é
w = £
E g -40.05 g
6 0.5k i q g ~40 $
= a =
E E - —-005% time [s]
E — | E I I | .
20 g Lois Error Analysis

o2 Evolving Fuzzy Systems

pet o+ | ; i -0. I i Lo, _0.25
025 05 075 1 0 025 05 075 1
normalised NOx predicted [-] normalised NOx predicted [-]
Method | MAE Static | MAE Dyn. | MAE Mixed / Static | MAE Mixed / Dyn. frequency [-]
i 025 05 075,
Fuzzy 1.32 2.04 1.61 2.46 y=06733"x + 0.0324 |
4 ; {0.2
Phisiea 1.57 2.3 NA NA e
= E 410.15
Ridge Regr. 291 3.04 5.76 2.76 S S
- = = {0.1
SVR 3.61] 3.44 1.94 1.61 @ g _
— . : . 2 g 0.05 =
ANFIS 2.37 3.26 4.04 4.74 @ 8 [
7 Y 1 BAE R S o &
NN 1.49 2.65 7.06 3.49 8 B 2
< g 10,05 8
Té | ,—é 4-0.1
E S .0.15
Jis g 2
Outperformance Error AnalyS|S T 102
H H i i 5 Sl PO Tl N i S i ]
of analytlcal model StatIC Fuzzy SyStemS 0 025 05 07 1 0805 05 075 1 e
normalised NOx predicted [ppm] normalised NOx predicted [ppm]
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Adaptive Dynamic House Pricing

(Lughofer, Trawinski, Trawinski, Information Sciences, 2011)

FUZZY.LOGIC LAB.LINZ

S— Adaptivity for new Recordings |
Cadastral “/\/\ Appraisers
Digital Map /'
T Cadastral ‘
S System |
Data-driven )
Cadastral Fuzzy System / =
Database for Premises 2
S Valuation . £

\ :
e [ L / |
T — Registry of Real e S | / — %
and Prices Estate Transactions Aplgrfillsa' Appraisal b, I o
ata

ianousey | oo ‘uv\ Quality Zones

State-of-the-Art before:

hard coded Expert System,

No (flexible) data-driven model at
all
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Results from Prediction of House Prices E

FUZZY.LOGIC LAB.LINZ

Tr. / Test FLEXFIS | FLEXFIS+pr. | Expert | # Rules | # R. pr.
1998-2002 / 2003 0.049 0.049 0.078 9 9
1999-2003 / 2004 0.072 0.074 0.106 12 10
2000-2004 / 2005 0.072 0.068 0.121 12 9
2001-2005 / 2006 0.130 0.125 0.134 10 8
2002-2006 / 2007 0.089 0.089 0.138 14 10
2003-2007 / 2008 0.110 0.115 0.145 13 7
0.14
R s Default vigilance of 0.3
013F  “Yoy-—-—o" A ) )
e, ... optimal in 3 out of 4 cases!
ot2- o .
go.nﬁm g 1 Tr. / Test evolved TS | equiv. Mamdani
3 odl —=Year 19992003 1998-2002 / 2003 0.049 0.059
; —%-Year 2000-2004 —
—e-Year 2001-2005 1999-2003 / 2004 0.072 0.113
0.09- ehieaH 200D T 2000-2004 / 2005 0.072 0.093
2001-2005 / 2006 0.130 0.158
| 2002-2006 / 2007 0.089 0.126
. i R I G 2003-2007 / 2008 0.110 0.118
01 02 03 0.4 05 08 07 0.8 09

Vigilance
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Model Insights House Price Prediction

LOW D g VaryNEW NEW WEDUM oo FUZZY.LOGIC.LAB.LINZ
Input Varishle ‘AREA’ N Input Varisbie "Age”
Nice Part.
With on-line . g waxy P A aawy
merging of local
redundancies——
(Lughofer A
A == —
et al, ES, MT.*M —— Inpiat Variatsis Bocmy
2011)
WeryCLOSE CLOSE MadiesDiST FAR LW MEDLIM HGH
Figure 1. Fuzzy partitions for the five input variables (a) to (e): Area, Age, Storey, Rooms,
Centre and the output variable Price (f)
v 7 v

s

Inpul Variabls ‘Slomm’ et Varialbls Raomi”
Figure 2. Fuzzy partitions for the two input variables Storeys and Rooms when not using any
merging/pruning optionin FLEXFIS — compare with those in Figure 1.

Dr. Edwin Lughofer http://lwww.flll.jku.at/staff/edwin



Rules House Price Prediction

Rule 1:

Rule

[

Rule 3:

Rule 4:

Rule

o

Rule 6:

Rule 7:

Rule &:

Rule 9:

FUZZY.LOGIC LAB.LINZ

If Area is LOW and J'Xgo is NEW and STUIL’\& i AV arid Bosisis TEW ad Catitis s CLOSE
Then Price is LOW

: If Area is LOW and Age is VeryNEW and Storeys is MANY and Rooms is FEW and Centre is CLOSE

Then Price is LOW

If Area is LOW and Age is NEW and Storeys is AV and Rooms is USUAL and Centre is CLOSE
Then Price is LOW

If Area is LOW and Age is OLD and Storeys is AV and Rooms is FEW and Centre is CLOSE
Then Price is LOW

- If Area is LOW and Age is NEW and Storeys is FEW and Rooms is FEW and Centre is FAR

Then Price is LOW

If Area is LOW and Age is MEDIUM and Storeys is MANY and Rooms is FEW and Centre is VeryCLOSE
Then Price is MEDIUM

If Area is MEDIUM and Age is NEW and Storeys is FEW and Rooms is USUAL and Centre is MEDIUMDist
Then Price is MEDIUM

If Area is HIGH and Age is MEDIUM and Storeys is AV and Rooms is MANY and Centre is CLOSE

Then Price is HIGH

If Area is MEDIUNM and Age is MEDIUM and Storeys is AV and Rooms is USUAL and Centre is CLOSE
Then Price is HIGH
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FUZZY.LOGIC LAB.LINZ

Thank you for your
attention!
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