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The scientific activities

Of the Institute of Computational Intelligence
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Soft computing techniques (1/2)

The scientific activities L&

Rutkowski L., New Soft Computing Techniques
for System Modelling, Pattern Classification and
Image Processing, Springer, 2004.

(1) Probabilistic neural networks to
solve various problems of system
e modelling and classification in a non-
it o] stationary environment. (2) Image
compression methods. (3) RLS
learning algorithms for multilayer
neural networks. (4) Systolic
architectures of multilayer neural

networks.




The scientific activities e
Soft computing techniques (2/2) L

Rutkowski L., Computational intelligence,
Springer, 2008.

(1) Selected issues of artificial
& intelligence. (2) Methods of knowledge
Com‘;zetka“t“i“:;:‘; representation using rough sets.
AR (3) Methods of knowledge representation
using type-1 and type-2 fuzzy sets.
(4) Neural networks and their learning
# algorithms. (5) Evolutionary algorithms.

(6) Data clustering methods. (7) Neuro-

fuzzy systems of Mamdani, logical and
Takagi-Sugeno type. (8) Flexible neuro-
fuzzy systems.



The scientific activities

Flexible neuro-fuzzy systems (1/4)
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( rules ) @ weights of antecedents and consequents
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( inference ) @ compromise inference operators

( aggregations ) @ soft, parameterised, weighted operators

( defuzzification ) new formula of the defuzzification
(number of rules7Znumber of discretization points)
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The scientific activities
Flexible neuro-fuzzy systems (2/4)

L. Rutkowski, K. Cpalka, Flexible neuro-fuzzy systems,

IEEE Transactions on Neural Networks,
vol. 14, pp. 554-574, 2003.

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 14, NO. 3, MAY 2003
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IEEE TRANSACTIONS ON
NEURAL NETWORKS Flexible Neuro-Fuzzy Systems

Leszek Rutkowski, Senior Member; IEEE, and Krzysztof Cpalka

A PUBLICATION OF THE IEEE NEURAL NETWORKS SOCIETY

e derive new neuro-fuzzy structures It should be emphasized that formulas (1) and (2) do
A inference systems or FLEXNFIS. not satisfy the conditions of fuzzy implication formu-
ata, we learn not only the parameters lated by Fodor [11]. We refer to (1) and (2) as to “engi-

ons but also the type of the systems L e
(Mamdani or logical). Moreover, we introdﬁlc)e: 1 softl?ess to neering implications” (see Mendel [34], [35]) contrary to

fuzzy implication operators, to aggregation of rules and to the fuzzy implications satisfying the axiomatic definition
: , 5; 2) certainty weights to aggregation (see Definition 1).
IEEE Outstandlng P apel‘. Awafd of antecedents; and 3) parameterized The aggregation is performed by an application of
el orms to fuzzy implication operators, S-norm
l to connectives of antecedents. Our s § &
approach introduces more flexibility to the structure and design ) an} =S5 {a} =ar*ag*...ka, =St {ai}
of neuro-fuzzy systems. Through computer simulations, we show 4)
that Mamdani-type systems are more suitable to approximation
problems, whereas logical-type systems may be preferred for
classification problems. S{a} = nilax {a:}. )
e | . . N . 1=1,..,m2
e e dex Terms g Certainty weights, logical approach, Mamdani | e, | | 0 o s i b g o™ e o ™ oo gt oot
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The scientific activities
Flexible neuro-fuzzy systems (3/4)

Rutkowski L., Cppagkk, designing and learning
of adjustable quasi-triangular norms with applications
to neuro-fuzzy systems, IEEE Transactions on Fuzzy
Systems, vol. 13, no. 1, pp. 140-151, 2005.

IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 13, NO. I. FEBRUARY 2005

IEEE TRANSACTIONS ON Designing and Learning of Adjustable

FUZZY SYSTEMS Quasi-Triangular Norms With

A PUBLICATION OF THE IEEE COMPUTATIONAL INTELLIGENCE SOCIETY Applications to NeurO_FuZZy S yStemS

(FORMERLY NEUR, [ETWORKS S e
RN SO0ET Leszek Rutkowski, Fellow, IEEE, and Krzysztof Cpatka

www.ieee-cis.org/pubs/tfs

4
:))i paper, we introduce a new class of operators  nondecreasing in cach place and there exists some element
U lar norms. They are denoted by H and pa- ¢ € [0, 1] called the neutral element such that U(e,x) = x for
arameter v : H(a,,02,..., Qy; ). From the allz € [0 1]
mction H, it follows that it becomes a t-norm for Obviouslv. f 1 function I | ¢ 1§
o . . DVIOUSLY, 1or ¢ = SO J DECO! =S a 1-nori H (8]
¢ = 0 and a dual t-conorm for ¥ = 1. For v close to 0, function ~bviously. lor e m’_l n e m‘""‘l i '1!' e tor
H resembles a t-norm and for v close to 1, it resembles a t-conorm. ¢ = 0 a t-conorm. For any uninorm we have U(0,1) € {0,1}.
In the paper, we also propose adjustable quasi-implications and a Definition 3: A nullnorm is a two-place function F ; [0,1] x
new class of neuro-fuzzy systems. Most neuro-fuzzy systems pro-
posed in the past decade employ “engineering implications” de- .. o0 oob S1oce and such the ore exists some eleme
oA e 4l g L st~ L QU e g CASINE I C0Ch place, and,such thal there exigys some elgment

[U. l] — [U. 1] which is associative, commutative, and nonde-




Flexible neuro-fuzzy systems (4/4)

The scientific activities L&

Rutkowski L., Flexible Neuro-Fuzzy Systems.
Structures, learning and performance evaluation,
Kluwer, 2004.

(1) New fuzzy systems which
FLEXIBLE outperform previous approaches to
NEURO-FUZZY . " e .
SYSTEMS system modelling and classification.
(2) Framework for unification,
construction and development of

vacun Sunbsbty Carmmeters I e conetnction of

Leszek Rutkowski

I
! |

neuro-fuzzy systems. (3) Complete
| | algorithms in a systematic and

o o e Pt structured fashion, easing
understanding and implementation.




The scientific activities

Relational neuro-fuzzy systems (1/2)

Discrete
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The scientific activities
Relational neuro-fuzzy systems (2/2)

Scherer R., Neuro-fuzzy relational systems
for nonlinear approximation and prediction,

Nonlinear Analysis: Theory, Methods & Applications,
vol. 71, issue 12, pp. e1420-e1425, 2009.
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