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Complex fuzzy logic is an extension to traditional fuzzy logic where truth values
are extended to complex unit disk. It can be interpreted as a generalization of
infinite-valued Type-1 fuzzy logic. Due to growth of truth values, complex fuzzy
logic has better ability to deal with nonlinearities. Moreover, humans’ brain
works adaptively based on amplitude and phase which indicate that complex
numbers are natural as well and can represent human brain more accurate in
comparison with real valued numbers. Extension of this notion into fuzzy logic
shows that complex fuzzy logic has better ability to model nonlinear system
more accurately with smaller rule base comparing to type-1 fuzzy logic. At
present, most of the researches are theoretical in nature, and practical works
are presented to apply complex fuzzy logic for signal processing and time-series
forecasting where the system is univariate. However, real world systems mostly
have multiple input and therefore complex fuzzy logic can be extended for mod-
eling of these kind of systems. To this end, in this study a machine learning
architecture based on complex fuzzy logic has been developed. This structure
is developed to deal with nonlinear system modeling as well as time-series fore-
casting with multiple inputs. The development sequence of such method can be

divided into two parts: Developing network structure to employ complex fuzzy

ii



logic and proposing learning algorithm to train the system. For the first part,
a structure based on a well-known adaptive network fuzzy inference system has
been proposed and also Takagi-Sugeno inferential system has been modified.
Second part has been done by proposing a novel learning rule containing ge-
netic algorithm, Levenberg-Marquardt technique and least square estimation.
In this regard, genetic algorithm generates different initial conditions of premise
parameters to find the best one. Furthermore, Levenberg-Marquardt technique
and least square estimation are employed to fine tune the premise and conse-
quent parameters, respectively. To this end, a closed form derivative solution
of error with respect to premise parameters has been derived. Afterward, the
performance of proposed method has been evaluated using five different systems
consisting of nonlinear function modelings, nonlinear dynamic modeling, chaotic
dynamic prediction and sunspot dataset forecasting. The procedure of data se-
lection for training tasks of these experiments have been taken from literature.
This leads to conduct the experiments in the same condition as previous works
and therefore be reasonable to compare with their results. The performance of

the proposed method is then compared with other works in literature.

The first experiment is two dimensional Sinc function in which the proposed
method with 4 rules has root mean square error of 0.017 while the root mean
square error of adaptive network fuzzy inference system method is 0.074. This
shows that proposed method has better ability to model this nonlinear system.
The second experiment used proposed method to model a three input nonlinear
function. The number of rules for this experiment is same for proposed method
and adaptive network fuzzy inference system. However, the average percentage
error of proposed method is 0.193% which is much lower than 1.066% for previous
method. A nonlinear dynamic system has been modeled in the third experiment.

The proposed method has root mean square error of 0.018 with 4 number of

il



rules. In this regard, the error value is less than previous approaches while other
approaches have same or higher number of rules. The other two experiments are
done to predict two well known time series. Mackey-Glass is the first time series
which is known as chaotic and aperiodic. Proposed method with 8 number of
rules is able to predict this dataset with root mean square of 0.0007 and non
dimensional error index of 0.0031 which is comparable with previous works in
terms of error measure values and number of rules. The second time series
database is annual sunspot dataset which is a natural and physical phenomena.
The proposed method is able to predict this dataset with 8 number of rules. The
values of error measures for this experiments are 2.2 x 1073 for mean squared
error and 0.209 for non dimensional error index. The performance of proposed

method in terms of error measures is better than previous approaches.

The comparisons of performances in terms of number of rules and error measures
for performed experiments between proposed method and previous approaches
reveal the capability and effectiveness of proposed method in modeling nonlinear

systems and forecasting of time series.
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Fakulti: Kejuruteraan

logik kabur kompleks adalah lanjutan logik kabur tradisional di mana nilai-nilai
kebenaran dilanjutkan kepada unit cakera kompleks. Ia boleh ditafsirkan se-
bagai generalisasi tak terhingga bernilai Type- 1 logik kabur. Disebabkan oleh
pertumbuhan nilai-nilai kebenaran, logik kabur kompleks mempunyai keupayaan
lebih baik untuk berurusan dengan tak linear. Selain itu, otak manusia boleh
menyesuaikan berdasarkan amplitud dan fasa yang menunjukkan bahawa nom-
bor kompleks adalah semulajadi serta dan boleh mewakili otak manusia yang
lebih tepat berbanding dengan nombor nyata. Lanjutan daripada idea ini ke
dalam logik kabur menunjukkan bahawa logik kabur kompleks mempunyai keu-
payaan lebih baik untuk model sistem tak linear lebih tepat dengan peraturan
asas yang lebih kecil yang membandingkan jenis-1 logik kabur. Pada masa ini,
kebanyakan kajian adalah teori, dan kerja-kerja praktikal dikemukakan untuk
menggunakan logik kabur kompleks untuk pemprosesan isyarat dan ramalan
siri masa di mana sistem ini univariat. Walau bagaimanapun, sistem dunia

sebenar kebanyakannya mempunyai pelbagai input dan oleh kerana itu logik



kabur kompleks boleh dilanjutkan untuk memodenkan sistem jenis ini. Untuk
tujuan ini, dalam kajian ini seni bina mesin pembelajaran berdasarkan logik
kabur kompleks telah dibangunkan. Struktur ini dibangunkan untuk beruru-
san dengan model sistem tak linear serta ramalan siri masa dengan pelbagai
input. urutan pembangunan kaedah itu boleh dibahagikan kepada dua baha-
gian: Membangunkan struktur rangkaian untuk menggunakan logik kabur kom-
pleks dan mencadangkan algoritma pembelajaran untuk melatih sistem tersebut.
Untuk bahagian pertama, struktur berdasarkan penyesuaian rangkaian sistem
kesimpulan terkenal kabur telah dicadangkan dan juga Takagi-Sugeno inferensi
sistem telah diubah suai. Bahagian kedua telah dilakukan dengan mencadan-
gkan satu peraturan pembelajaran novel yang mengandungi algoritma genetik,
teknik Levenberg-Marquardt dan anggaran ganda dua terkecil. Dalam hal ini,
algoritma genetik menjana keadaan awal yang berbeza parameter premis un-
tuk mencari yang terbaik. Tambahan pula, teknik Levenberg-Marquardt dan
anggaran ganda dua terkecil masing-masing digunakan untuk menalakan premis
dan parameter konsekuen. Untuk tujuan ini, satu penyelesaian derivatif ben-
tuk tertutup untuk ralat berkenaan dengan parameter premis telah diperolehi.
Selepas itu, pelaksanaan kaedah yang dicadangkan telah dinilai menggunakan
lima sistem yang berbeza yang terdiri daripada modeling fungsi tak linear,
model dinamik tak linear, ramalan camuk dinamik dan ramalan dataset tompok
pd matahari. Prosedur pemilihan data untuk tugas-tugas latihan eksperimen
ini telah diambil dari literatur. Ini membawa kepada pelaksanaan eksperimen
dalam keadaan yang sama seperti kerja-kerja sebelum ini dan oleh itu adalah
munasabah untuk membandingkan dengan keputusan mereka. Prestasi kaedah
yang dicadangkan itu kemudiannya dibandingkan dengan kerja-kerja lain dalam

literatur.

Eksperimen pertama adalah dua dimensi fungsi sinc di mana kaedah yang di-
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cadangkan dengan 4 peraturan yang mempunyai punca min ralat kuasa dua
0.017 manakala punca min ralat kuasa dua rangkaian penyesuaian kabur kaedah
sistem kesimpulan adalah 0.074. Ini menunjukkan bahawa kaedah yang dicadan-
gkan mempunyai keupayaan lebih baik untuk memodelkan sistem tak linear ini.
Eksperimen kedua menggunakan kaedah yang dicadangkan untuk memodelkan
fungsi tiga input tak linear. Bilangan peraturan untuk eksperimen ini adalah
sama bagi kaedah yang dicadangkan dan penyesuaian sistem rangkaian kesimpu-
lan kabur. Walau bagaimanapun, purata peratusan ralat bagi kaedah yang di-
cadangkan ialah 0.193 % yang jauh lebih rendah daripada 1.066 % untuk kaedah
sebelumnya. Satu sistem dinamik tak linear telah dimodelkan dalam eksperimen
ketiga. Kaedah yang dicadangkan mempunyai ralat punca min kuasa dua 0.018
dengan 4 peraturan. Dalam hal ini, nilai ralat adalah kurang daripada pen-
dekatan sebelumnya manakala pendekatan yang lain mempunyai jumlah yang
sama atau lebih tinggi peraturan. Dua eksperimen dilakukan untuk meramal
dua siri masa terkenal. Mackey-Glass adalah siri masa yang pertama yang dike-
nali sebagai kelam-kabut dan aperiodik. Kaedah yang dicadangkan dengan 8
peraturan dapat meramalkan dataset ini dengan punca min kuasa dua 0.0007
dan indeks ralat bukan dimensi 0.0031 yang setanding dengan kerja-kerja se-
belum ini dari segi nilai-nilai ukuran ralat dan bilangan peraturan. Pangkalan
data siri masa kedua ialah dataset Tompok pada matahari tahunan yang meru-
pakan fenomena semulajadi dan fizikal. Kaedah yang dicadangkan mampu un-
tuk meramalkan dataset ini dengan 8 bilangan peraturan. Nilai-nilai langkah
ralat untuk cksperimen ini adalah 2.2 x 1073 untuk min ralat kuasa dua dan
0.209 bagi indeks ralat bukan dimensi. Prestasi kaedah yang dicadangkan dari

segi pengukuran ralat adalah lebih baik daripada pendekatan yang sebelumnya.

Perbandingan prestasi dari segi bilangan peraturan dan pengukuran ralat un-
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tuk eksperimen yang telah dilaksanakan antara kaedah dan pendekatan yang di-
cadangkan sebelum ini mendedahkan keupayaan dan keberkesanan kaedah yang

dicadangkan dalam permodelan sistem tak linear dan ramalan siri masa.
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CHAPTER 1
INTRODUCTION

1.1 Preface

System modeling is the process of creating a mathematical model to simulate,
predict and understand a practical system in real life [1, 2]. A reliable model is
capable of identifying the relationship between inputs and outputs accurately [3].
This concept plays an essential role in many disciplines such as control, expert
systems, communications and so on [2, 4]. In last decades, system modeling
received considerable attention due to large number of applications in different
fields [5]. However, most of real world processes are nonlinear to some extent
with individualistic nature and also physical insight about the system is gener-
ally unknown [1, 6]. This led researchers to develop black-box modeling which
evolve a model only based on measured input-output data pairs [1]. Never-
theless, uncertainty in the collected data is inevitable and therefore traditional
mathematical tools such as differential equations are not suitable to model the

system [7].

In this regard, artificial neural networks (ANNs) and Takagi-Sugeno (TS) fuzzy
systems are proven to be universal approximators [8, 9]. Each of these methods
has its own advantages and has been used in various applications [10-12]. ANN
mimics the process of biological neural network and is capable of learning func-
tional relations based on input-output data pairs; however, the network itself
is not intuitive [13-15]. Fuzzy systems have the ability to use human knowl-
edge and assimilate human thinking and reasoning [16, 17]. In addition, fuzzy
systems can qualitatively model ill-defined systems based on human knowledge
without precise quantitative analysis [4, 7, 18]. On the other hand, designing

fuzzy system needs knowledge and informations about the plant to maintain



rule base [19]. These informations are generally extracted from an expert, how-
ever, defining suitable If-Then for a complicated system is a difficult task [20].
Therefore, neuro-fuzzy systems are developed to overcome limitations of afore-
mentioned techniques [21]. Combination of ANN and fuzzy system can solve
knowledge extraction problem [7, 22]. Also, the evolved neuro-fuzzy system af-
ter training can be interpreted. These systems benefit from learning ability of

neural networks and human reasoning capability of fuzzy logic.

Adaptive Network Fuzzy Inference System (ANFIS) is one of the notable contri-
butions in neuro-fuzzy systems [7]. Neural network has been utilized in ANFIS
to find modifiable parameters and therefore tune the fuzzy system by employing
a hybrid learning rule [7]. ANFIS creates If-Then rules based on grid parti-
tioning of input-output space [23]. The number of rules depends on inputs and
number of membership functions per each input. Nevertheless, the number of

rules in ANFIS increases exponentially due to grid partitioning [23].

Complex fuzzy set (CEFS) [24] has been proposed as an extension of standard
fuzzy set theory. This notion extends the range of truth values from [0, 1] to unit
circle in complex plane. Consequently, complex fuzzy logic (CFL) [25] developed
by utilizing CFSs instead of fuzzy sets in order to benefit from complex valued
nature and other properties of CFSs. CFL maintains a unique framework which
benefits from CFS properties in addition to advantages of traditional fuzzy logic.
Therefore, CFL is a natural extension of fuzzy logic and capable of addressing

problems which are difficult to be addressed by traditional fuzzy logic [25].



1.2 Motivation and Problem Statement

System modeling and identification is an important task which can be used
for controller design, system analysis, simulation and so on. Mathematical ap-
proaches has been used for system identification; however, they require some
physical insight about the system prior to modeling which is generally not avail-
able for nonlinear systems. On the other hand, neuro-fuzzy systems are capable
of acquiring the input-output relationship based on sampled data even when the

physical insight is not available.

Human brain functions adaptively based on amplitude and phase [26]. This im-
plies that complex-valued numbers are natural like real-valued numbers and also
they can better represent human brain. In this regard, Complex-valued neural
network has more functionality, more generalization and smaller network in com-
parison with real-valued one [27]. This shows that CFSs and consequently CFL
can bring a new view point for system modeling. Also, CFL has been applied
for univariate time-series prediction [28] and has shown very good performance
comparing to type-1 fuzzy methods. However, system modeling specially for
multi input systems has not yet studied using CFL. In this regard, the structure
presented in [28] cannot be extended to multi input nonlinear modeling due
to its network structure and mathematical operators. Nevertheless, CFL has
shown a very compromising performance for univariate time-series prediction
and therefore is expected to handle imprecise data and ill-defined multi input

systems better than traditional fuzzy with less number of rules.

Due to complex-valued nature of CFL, extracting rules and tuning membership
functions are difficult, if not impossible, even for an expert. Complex-valued

neural network, on the other hand, can learn and tune rule base of CFL based



on input-output training data. Thus, combination of complex-valued neural
network and CFL is expected to learn and model a system based on input output
data. This research aims to investigate a new method of system modeling based
on CFL which can learn the desired system based on input output data. It then
followed by a comparison of performances, number of rules and parameters of

proposed approach with ANFIS and other previous approaches.

1.3 Aim and Objectives

The main aim of this research is to develop a complex neuro-fuzzy architecture
to implement complex fuzzy logic for system modeling. Complex fuzzy logic is
the backbone of this architecture which will be tuned by complex-valued neural
network based on input-output training data. This architecture is expected to
be more compact in terms of number of rules as compared with similar neuro-
fuzzy architectures. Since ANFIS has shown better performance for nonlinear
modeling and time series prediction comparing to other neuro fuzzy techniques,

its structure will be developed for the proposed method.

The objectives of this thesis are as follows:

1. To develop a new modeling and prediction method based on complex fuzzy

logic and ANFIS approach.

2. To compare the performance of the proposed method with their established

methods employing similar environment.



1.4 Scope of the Work

The proposed machine learning architecture is based on ANFIS where underlying
procedures have been adapted to implement CFL. Also, membership functions
for CFL are selected from two real-valued functions to represent amplitude and
phase parts. These functions are selected as Gaussian and Sigmoid to represent
amplitude and phase, respectively. The number of rules and type of membership
functions are specified prior to learning task. The latter task is restricted to
offline learning in this research. Performance of proposed systems, then, has been
evaluated using five different examples. These examples consists of nonlinear
functions modeling, nonlinear dynamic modeling, chaotic dynamic prediction
and sunspot dataset forecasting. After each example, performance of proposed
system is compared with previous approaches. These comparisons are made by

means of appropriate error measure from literature.

1.5 Thesis Contributions

The proposed method is the first realization of CFL for system modeling with
multiple inputs so far. In the proposed method, complex membership functions
are built based on amplitude and phase parts as separate real-valued functions.
Also, Takagi-Sugeno inference has been modified to be capable of translating
complex-valued firing strengths of all rules into one real number. Moreover, a
closed form derivative solution for gradient based optimizations has been derived

for CFL based structures.



1.6 Thesis Organization

This thesis is made up of five chapters. Chapter 1 is Introduction which consisted
of motivation, problem statement, objectives and thesis contributions. Chapter 2
contains introduction to type-1 fuzzy sets, ANFIS, CFSs and CFL. Chapter 3
starts with a description of the structure of the proposed method, it then follows
by presenting the developed learning algorithm and then the computational
complexity of the proposed method is analyzed. In chapter 4, five different
experiments have been used to evaluate the performance of the proposed method
and results have been compared to previous techniques. Finally, summary of this

thesis and suggestions for the future work are given in chapter 5.



1]

[11]

[12]

[13]

[14]

REFERENCES

G. Kerschen, K. Worden, A. F. Vakakis, and J.-C. Golinval. Past, present
and future of nonlinear system identification in structural dynamics. Me-
chanical Systems and Signal Processing, 20(3):505 — 592, 2006.

N. Togun, S. Baysec, and T. Kara. Nonlinear modeling and identification of
a spark ignition engine torque. Mechanical Systems and Signal Processing,
26(0):294 — 304, 2012.

C. Li and K.-H. Cheng. Recurrent neuro-fuzzy hybrid-learning approach to
accurate system modeling. Fuzzy Sets and Systems, 158(2):194 — 212, 2007.

S.-J. Lee and C.-S. Ouyang. A neuro-fuzzy system modeling with self-
constructing rule generationand hybrid SVD-based learning. IEFEE Trans-
actions on Fuzzy Systems, 11(3):341 — 353, June 2003.

M. Gupta and N. Sinha. Soft Computing and Intelligent Systems: Theory
and Applications. Academic Press Series in Engineering. Elsevier Science,
1999.

J. Sjoberg, Q. Zhang, L. Ljung, A. Benveniste, B. Delyon, P.-Y. Glorennec,
H. Hjalmarsson, and A. Juditsky. Nonlinear black-box modeling in system
identification: a unified overview. Automatica, 31(12):1691 — 1724, 1995.

J.-S. Jang. ANFIS: adaptive-network-based fuzzy inference system. IEEE
Transactions on Systems, Man and Cybernetics, 23(3):665 — 685, May/June
1993.

L.-X. Wang and J. Mendel. Fuzzy basis functions, universal approxima-
tion, and orthogonal least-squares learning. IEEE Transactions on Neural
Networks, 3(5):807 — 814, September 1992.

K. Hornik. Approximation capabilities of multilayer feedforward networks.
Neural Networks, 4(2):251 — 257, 1991.

S. Zdenko Kovacic and S. Bogdan. Fuzzy Controller Design: Theory And
Applications. Control Engineering Series. CRC Press, 2006.

J. Jantzen. Foundations of fuzzy control. John Wiley & Sons, 2007.

P. Liu and H. Li. Fuzzy neural network theory and application. Series
in Machine Perception and Artificial Intelligence Series. World Scientific
Publishing Company, Incorporated, 2004.

J. Kim, Y. Suga, and S. Won. A new approach to fuzzy modeling of non-
linear dynamic systems with noise: relevance vector learning mechanism.
IEEE Transactions on Fuzzy Systems, 14(2):222 — 231, 2006.

S. A. Kalogirou. Applications of artificial neural-networks for energy sys-
tems. Applied Energy, 67(1-2):17 — 35, 2000.

88



[15]

[16]
[17]

[18]

[21]

22]

23]

[26]

[27]

28]

[29]

S. A. Kalogirou. Artificial intelligence for the modeling and control of com-
bustion processes: a review. Progress in Energy and Combustion Science,
29(6):515 — 566, 2003.

L. Zadeh. Fuzzy sets. Information and Control, 8(3):338 — 353, 1965.

L. A. Zadeh. Outline of a New Approach to the Analysis of Complex
Systems and Decision Processes. IEEE Transactions on Systems, Man and
Cybernetics, 3(1):28 — 44, January 1973.

T. Takagi and M. Sugeno. Fuzzy Identification of Systems and Its Applica-
tions to Modeling and Control. IEEE Transactions on Systems, Man, and
Cybernetics, 15(1):116 — 132, February 1985.

R. Babuska and H. Verbruggen. An overview of fuzzy modeling for control.
Control Engineering Practice, 4(11):1593 — 1606, 1996.

C. Li and C.-Y. Lee. Self-organizing neuro-fuzzy system for control of
unknown plants. IEEE Transactions on Fuzzy Systems, 11(1):135 — 150,
February 2003.

J. R. Castro, O. Castillo, P. Melin, and A. Rodriguez-Diaz. A hybrid
learning algorithm for a class of interval type-2 fuzzy neural networks. In-
formation Sciences, 179(13):2175 — 2193, 20009.

Z. Ping, H. Xiaohong, and M. Donglin. Novel Dynamic Fuzzy Neural Net-
work Based on Lazy Learning Algorithm. International Conference on Dig-
ital Manufacturing and Automation (ICDMA), 1:984 — 987, 2010.

G. Leng, G. Prasad, and T. M. McGinnity. An on-line algorithm for creating
self-organizing fuzzy neural networks. Neural Networks, 17(10):1477 — 1493,
2004.

D. Ramot, R. Milo, M. Friedman, and A. Kandel. Complex fuzzy sets.
IEEFE Transactions on Fuzzy Systems, 10(2):171 — 186, April 2002.

D. Ramot, M. Friedman, G. Langholz, and A. Kandel. Complex fuzzy logic.
IEEFE Transactions on Fuzzy Systems, 11(4):450 — 461, August 2003.

A. Hirose. Complex-Valued Neural Networks. Studies in Computational
Intelligence. Springer-Verlag New York Incorporated, 2006.

[. Aizenberg. Complex-Valued Neural Networks with Multi- Valued Neurons.
Studies in Computational Intelligence. Springer, 2011.

Z. Chen, S. Aghakhani, J. Man, and S. Dick. ANCFIS: A Neurofuzzy
Architecture Employing Complex Fuzzy Sets. IEEE Transactions on Fuzzy
Systems, 19(2):305 — 322, April 2011.

M.-Y. Chen and D. Linkens. A systematic neuro-fuzzy modeling framework
with application to material property prediction. IEEE Transactions on
Systems, Man, and Cybernetics, Part B: Cybernetics, 31(5):781-790, 2001.

89



[30]

[31]

[32]

[33]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

E. Mamdani and S. Assilian. An experiment in linguistic synthesis with
a fuzzy logic controller. International Journal of Man-Machine Studies,
7(1):1 — 13, 1975.

M. Alam, M. B. I. Reaz, and M. A. M. Ali. A Review of Smart Homes
- Past, Present, and Future. IEEE Transactions on Systems, Man, and
Cybernetics, Part C: Applications and Reviews, 42(6):1190 — 1203, 2012.

R.-E. Precup and H. Hellendoorn. A survey on industrial applications of
fuzzy control. Computers in Industry, 62(3):213 — 226, 2011.

M. Forouzanfar, H. Dajani, V. Groza, M. Bolic, and S. Rajan. Adaptive
neuro-fuzzy inference system for oscillometric blood pressure estimation.

IEEFE International Workshop on Medical Measurements and Applications
Proceedings (MeMeA), pages 125 — 129, May 2010.

M. Sugeno and T. Yasukawa. A fuzzy-logic-based approach to qualitative
modeling. IEEE Transactions on Fuzzy Systems, 1(1):7 — 31, 1993.

E. Kim, M. Park, S. Ji, and M. Park. A new approach to fuzzy modeling.
IEEE Transactions on Fuzzy Systems, 5(3):328 — 337, 1997.

C.-F. Juang and C.-T. Lin. An online self-constructing neural fuzzy infer-
ence network and its applications. IFEE Transactions on Fuzzy Systems,
6(1):12 — 32, February 1998.

D. Graves and W. Pedrycz. Fuzzy prediction architecture using recurrent
neural networks. Neurocomputing, 72(79):1668 — 1678, 2009.

C.-J. Lin and C.-T. Lin. An ART-based fuzzy adaptive learning control
network. [EEE Transactions on Fuzzy Systems, 5(4):477 — 496, November
1997.

S. Dick. Toward complex fuzzy logic. IEEE Transactions on Fuzzy Systems,
13(3):405 — 414, June 2005.

J. Harmse. Continuous fuzzy conjunctions and disjunctions. IEEE Trans-
actions on Fuzzy Systems, 4(3):295 — 314, August 1996.

E. Mamdani. Application of Fuzzy Logic to Approximate Reasoning Using
Linguistic Synthesis. IEEE Transactions on Computers, C-26(12):1182 —
1191, December 1977.

M. Sugeno and G. Kang. Structure identification of fuzzy model. Fuzzy
Sets and Systems, 28(1):15 — 33, 1988.

K. H. Quah and C. Quek. FITSK: online local learning with generic fuzzy in-
put Takagi-Sugeno-Kang fuzzy framework for nonlinear system estimation.
IEEFE Transactions on Systems, Man, and Cybernetics, Part B: Cybernet-
ics, 36(1):166 — 178, 2006.

90



[44]

[45]

[46]

[47]

[48]

[49]

E. Lughofer. FLEXFIS: A Robust Incremental Learning Approach for
Evolving Takagi-Sugeno Fuzzy Models. IEEE Transactions on Fuzzy Sys-
tems, 16(6):1393 — 1410, 2008.

P. Angelov and D. Filev. An approach to online identification of Takagi-
Sugeno fuzzy models. IEEFE Transactions on Systems, Man, and Cybernet-
ics, Part B: Cybernetics, 34(1):484 — 498, 2004.

K. Narendra and K. Parthasarathy. Identification and control of dynamical
systems using neural networks. [EEE Transactions on Neural Networks,
1(1):4 — 27, March 1990.

D. Rumelhart, G. Hintont, and R. Williams. Learning representations by
back-propagating errors. Nature, 323(6088):533 — 536, 1986.

M. Gori and A. Tesi. On the problem of local minima in backpropagation.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 14(1):76
— 86, January 1992.

R. S. Sutton. Two Problems with Backpropagation and Other Steepest-
Descent Learning Procedures for Networks. Proceedings of the Eighth An-
nual Conference of the Cognitive Science Society, 1986.

M. Riedmiller. Advanced supervised learning in multi-layer perceptrons
From backpropagation to adaptive learning algorithms. Computer Stan-
dards and Interfaces, 16(3):265 — 278, 1994.

K. B. Cho and B. H. Wang. Radial basis function based adaptive fuzzy
systems and their applications to system identification and prediction. Fuzzy
Sets and Systems, 83(3):325 — 339, 1996.

C.-F. Juang and Y.-W. Tsao. A Self-Evolving Interval Type-2 Fuzzy Neural
Network With Online Structure and Parameter Learning. IFEE Transac-
tions on Fuzzy Systems, 16(6):1411 — 1424, December 2008.

R. Chandra and M. Zhang. Cooperative coevolution of Elman recur-
rent neural networks for chaotic time series prediction. Neurocomputing,

86(0):116 — 123, 2012.

C. Vairappan, H. Tamura, S. Gao, and Z. Tang. Batch type local search-
based adaptive neuro-fuzzy inference system (ANFIS) with self-feedbacks
for time-series prediction. Neurocomputing, 72(79):1870 — 1877, 20009.

J. Patra and A. Kot. Nonlinear dynamic system identification using cheby-
shev functional link artificial neural networks. IEFE Transactions on Sys-
tems, Man, and Cybernetics, Part B: Cybernetics, 32(4):505 — 511, 2002.

D. E. Tamir, L. Jin, and A. Kandel. A new interpretation of complex
membership grade. International Journal of Intelligent Systems, 26(4):285
- 312, 2011.

91



[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[68]

[69]

J. Buckley. Fuzzy complex numbers. Fuzzy Sets and Systems, 33(3):333 —
345, 1989.

J. Buckley and Y. Qu. Fuzzy complex analysis I: Differentiation. Fuzzy
Sets and Systems, 41(3):269 — 284, 1991.

J. J. Buckley. Fuzzy complex analysis II: Integration. Fuzzy Sets and
Systems, 49(2):171 — 179, 1992.

D. Moses, O. Degani, H.-N. Teodorescu, M. Friedman, and A. Kandel.
Linguistic coordinate transformations for complex fuzzy sets. [IEEE In-

ternational Fuzzy Systems Conference Proceedings, 3:1340 — 1345, August
1999.

H. T. Nguyen, V. Kreinovich, and V. Shekhter. On the possibility of using
complex values in fuzzy logic for representing inconsistencies. International
Journal of Intelligent Systems, 13(8):683 — 714, 1998.

K. Yoon. A probabilistic approach to rank complex fuzzy numbers. Fuzzy
Sets and Systems, 80(2):167 — 176, 1996.

G. Zhang, T. Dillon, K. Cai, J. Ma, and J. Lu. Delta-equalities of Complex
Fuzzy Relations. IEEE International Conference on Advanced Information
Networking and Applications (AINA), pages 1218 — 1224, April 2010.

C. Li and T.-W. Chiang. Complex Fuzzy Computing to Time Series Pre-
diction A Multi-Swarm PSO Learning Approach. In N. Nguyen, C.-G.
Kim, and A. Janiak, editors, Intelligent Information and Database Systems.
Springer Berlin Heidelberg, 6592:242 — 251, 2011.

C. Li, T.-W. Chiang, and L.-C. Yeh. A novel self-organizing complex neuro-
fuzzy approach to the problem of time series forecasting. Neurocomputing,
99(0):467 — 476, 2013.

C. Li and T.-W. Chiang. Complex Neurofuzzy ARIMA Forecasting - A
New Approach Using Complex Fuzzy Sets. IEEE Transactions on Fuzzy
Systems, 21(3):567 — 584, 2013.

C. Li and F. Chan. Complex-Fuzzy Adaptive Image Restoration An
Artificial-Bee-Colony-Based Learning Approach. In N. Nguyen, C.-G. Kim,
and A. Janiak, editors, Intelligent Information and Database Systems.
Springer Berlin Heidelberg, 6592:90 — 99, 2011.

C. Li, T. Wu, and F.-T. Chan. Self-learning complex neuro-fuzzy system
with complex fuzzy sets and its application to adaptive image noise cancel-
ing. Neurocomputing, 94(0):121 — 139, 2012.

T. Apostol. Mathematical analysis. World student series. Addison-Wesley
Pub. Co., 1974.

92



[70]

[71]

[72]

73]

[77]

78]

[79]

[80]

[81]

[82]

[83]

M. Negnevitsky. Artificial Intelligence: A Guide To Intelligent Systems.
Addison-Wesley, 2005.

M. Hagan and M. Menhaj. Training feedforward networks with the Mar-
quardt algorithm. IEEE Transactions on Neural Networks, 5(6):989 — 993,
November 1994.

J. Mwasiagi, X. Huang, and X. Wang. The use of hybrid algorithms to
improve the performance of yarn parameters prediction models. Fibers and
Polymers, 13:1201 — 1208, 2012.

A. Ghaffari, H. Abdollahi, M. Khoshayand, I. S. Bozchalooi, A. Dadgar,
and M. Rafiee-Tehrani. Performance comparison of neural network training
algorithms in modeling of bimodal drug delivery. International Journal of
Pharmaceutics, 327(12):126 — 138, 2006.

R. S. Sexton, R. E. Dorsey, and N. A. Sikander. Simultaneous optimization
of neural network function and architecture algorithm. Decision Support
Systems, 36(3):283 — 296, 2004.

J. Ji. Gauss-Jordan elimination methods for the Moore-Penrose inverse of
a matrix. Linear Algebra and Its Applications, 437(7):1835 — 1844, 2012.

V. Pan. Complexity of computations with matrices and polynomials. STAM
Review, 34(2):225 — 262, 1992.

H. Takagi and I. Hayashi. NN-driven fuzzy reasoning. International Journal
of Approximate Reasoning, 5(3):191 — 212, 1991.

M. Sugeno and G. Kang. Structure identification of fuzzy model. Fuzzy
Sets and Systems, 28(1):15 — 33, 1988.

D. Kukolj and E. Levi. Identification of complex systems based on neural
and Takagi-Sugeno fuzzy model. IEEE Transactions on Systems, Man, and
Cybernetics, Part B: Cybernetics, 34(1):272 — 282, February 2004.

C. Li and K.-H. Cheng. Recurrent neuro-fuzzy hybrid-learning approach to
accurate system modeling. Fuzzy Sets and Systems, 158(2):194 — 212, 2007.

M. Mackey and L. Glass. Oscillation and chaos in physiological control
systems. Science, 197(4300):287 — 289, 1977.

F. Leung, H. Lam, S. Ling, and P. Tam. Tuning of the structure and
parameters of a neural network using an improved genetic algorithm. IEEE
Transactions on Neural Networks, 14(1):79 — 88, January 2003.

J.-T. Tsai, J.-H. Chou, and T.-K. Liu. Tuning the structure and parame-
ters of a neural network by using hybrid Taguchi-genetic algorithm. [EFEFFE
Transactions on Neural Networks, 17(1):69 — 80, January 2006.

93



[84]

[85]

[36]

[87]

[33]

[89]

Time Series Data Library. http://datamarket.com/data/set/22wg/wolfs-
sunspot-numbers-1700-1985. Accessed on 2012.

S. Paul and S. Kumar. Subsethood-product fuzzy neural inference system
(SuPFuNIS). IEEE Transactions on Neural Networks, 13(3):578 — 599, May
2002.

J. Kim and N. Kasabov. HyFIS: adaptive neuro-fuzzy inference systems
and their application to nonlinear dynamical systems. Neural Networks,
12(9):1301 — 1319, 1999.

J. Ma, G. Zhang, and J. Lu. A Method for Multiple Periodic Factor Pre-
diction Problems Using Complex Fuzzy Sets. IEEE Transactions on Fuzzy
Systems, 20(1):32 — 45, February 2012.

P. Mastorocostas and J. Theocharis. A recurrent fuzzy-neural model for
dynamic system identification. IEEFE Transactions on Systems, Man, and
Cybernetics, Part B: Cybernetics, 32(2):176 — 190, 2002.

Y. Gao and M. J. Er. NARMAX time series model prediction: feedforward
and recurrent fuzzy neural network approaches. Fuzzy Sets and Systems,
150(2):331 — 350, 2005.

94



	ADAPTIVE COMPLEX NEURO-FUZZY INFERENCESYSTEM FOR NON LINEAR MODELING AND TIME SERIES PREDICTION
	ABSTRACT
	TABLE OF CONTENTS
	CHAPTERS
	REFERENCES



