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Abstract

Complex fuzzy logic is a new type of multi-valued logic, in which truth values are
drawn from the unit disc of the complex plane; it is thus a generalization of the
familiar infinite-valued fuzzy logic. At the present time, all published research on
complex fuzzy logic is theoretical in nature, with no practical applications
demonstrated. The utility of complex fuzzy logic is thus still very debatable. In
this thesis, the performance of ANCFIS is evaluated. ANCFIS is the first machine
learning architecture to fully implement the ideas of complex fuzzy logic, and was
designed to solve the important machine-learning problem of time-series
forecasting. We then explore extensions to the ANCFIS architecture. The basic
ANCFIS system uses batch (offline) learning, and was restricted to univariate
time series prediction. We have developed both an online version of the univariate

ANCFIS system, and a multivariate extension to the batch ANCFIS system.



Acknowledgement

I would like to express my gratitude to my Supervisor Dr. Scott Dick, for his
support and guidance through this project. Without his knowledge and assistance
this study would not have been possible.

My family has been a continued source of support. | would like to thank my
parents for their encouragement and continued support that they have always
given me. Also | am grateful to my brothers for their help and encouragement
since the beginning of my studies.

Most importantly, | am heartily thankful to my husband, my friend Amir who has

inspired me through this graduate study and for all he has done for me.



T able of contents

1. INtroduction =-=-=-=sssesemmmem oo e e 1

2. Literature REVIEW =----m-=m=me-meomemm e oo 4

2.1. Type-1 FUZZY Set -----=nmmmmmmmm e oo oo 5

2.1.1. Membership functions ---=-=-=-=-=======mmmmm oo 6

2.1.2. FUzzy relation =-=-=-=-====semeeememe oo e 7

2.1.3. Linguistic variables ---------=------=-------- m=mmmmmemememmeeaeae 8

2.1.4. Fuzzy reasoning -----------=-=-=--=-=----- e 9
2.1.5.Type-1 Fuzzy Inferential Systems --------- e 11
2.2. ANFIS ReVIEW ---mmmmmm oo 13
2.2.1.Adaptive Network Review--------=-=----m-znnuomm-- 14
2.2.2.0n-line vs. Off-line learning ------------=----------- 15
2.2.3.ANFIS Definition ----------------=-=--------- mmmmemmeemeeeemeeeeae 16
2.3. Complex Fuzzy theory ----------=-===-=-m-m---- mmmmmmmm e 25
2.3.1.Complex Fuzzy Sets =----=-====smmemmomemmmmem e ceeeeee 26
2.3.2.Complex Fuzzy logic-----------=-=-=-=------ m-mmmmemmeemeeeeeeea- 27
2.3.3. Complex-value Neural Networks ---------======-mnmmmmmmmm o 28
2.3.4.Implementation of Complex Fuzzy Logic in ANFIS---------------- 29
3. An introduction t0 ANCFIS ----mmmmmm oo 31
3.1. The VNCSA algorithm ----------=-=---=------- memmmmemmemeemeeeeeeeeenee 32
3.2.  ANCEFIS ArchiteCture -=-=-=-=-=s=s=smmmemm e oo oo 35
3.3. ANCFIS Back propagation --------=-=-===-=-------- e 40
4. Off-line experiments on Univariate Datasets mmmmmmmmmmmememeeee- --45
4.1. Mackey-Glass dataset ------=-=====m==mmmmmmm oo 46
4.2. Santa Fe A (laser) dataset ----------=----=-=--------- m=mmemmemmemneemeee 49
4.3. Sunspot dataset --=----=-===smsmmmmme e e 52
4.4, Stellar (Star) dataset --------------=-=-------- mm e e 55
4.5. Waves dataset ------======nmmmmmmm e oo e 58

5. Online Learning For Univariate Case- S eeeeee 61




5.1. Down-Hill Simplex Algorithm =-------====memeee oo

5.1.1.Recursive-Least-Square Estimation -----------==-====-==--o-=---- -65
5.2. Online ANCFIS Design ----------=--=--=--=---- S — -65
5.3. Experimental RESUIS --=--==-==nnmmmmmmmm oo
5.3.1.Sunspot Results -----=-======n=nmmcmmmmmmeeee e
5.3.2.Waves RESUIS ==-===mmmmmme e e e e e e
5.4. Discussion and Conclusion ---=-==============mmsemmmmme - - 73
6. Multivariate ANCFIS - S e
6.1. Multivariate ANCFIS DeSign ------=======m=nmmmmmmmmmmmmmmmmmee - 76
6.1.1.Multivariate ANCFIS Back propagation Example -------------------
6.2. Experimental Comparison of Multivariate ANCFIS ---------=-------—----
6.2.1. Transport and Tourism- Motel ------===========msmmmmmm oo
6.2.2. Hydrology- River fIowW =---=-mnmmmmmmee e
6.2.3.MaCro ECONOMICS =--========mmmmm e 102
6.2.4.Car Road AcCident =---========m=mmmm e 105
6.3. Discussion and Conclusion =----=========mnmmmmmmmmmmoceeeeoe - 110
7. Summary and FUture WOrk =--===-========smmmm oo 111

8. References ------ S S——— 113



List of Tables

Table 2.1: Relation X — Y between two crisp sets [90] 7
Table 2.2: Fuzzy relation X — Y between two crisp sets [90] 8
Table 4.1: Training Parameters for Mackey-Glass Dataset 47
Table 4.2: Different error measurements for Mackey-Glass -47
Table 4.3: Comparison of Test Error for Mackey-Glass Dataset 48
Table 4.4: Membership Functions after Training for Mackey-Glass dataset --------------- 49
Table 4.5: Parameters for the Santa Fe A dataset 50
Table 4.6: Different error measurements for Santa Fe A 50
Table 4.7: Comparison of Testing Errors for Santa Fe Dataset A (Laser) ------------------ 51
Table 4.8: Membership Functions after Training for Santa Fe A dataset ------------------- 52
Table 4.9: Training Parameters for Sunspot Dataset 53
Table 4.10: Different error measurements for Sunspot 53
Table 4.11: Comparison of Testing Error for Sunspot Dataset 54
Table 4.12: Membership Functions after Training for Sunspot dataset --------------------- 55
Table 4.13: Training Parameters for the Star Dataset 56
Table 4.14: Different error measurements for Star 56
Table 4.15: Comparison of Testing Error for Star Dataset 57
Table 4.16: Membership Functions after Training for Star dataset 58
Table 4.17: Training Parameters for the Waves Dataset 58
Table 4.18: Different error measurements for Waves 59
Table 4.19: Comparison of Testing Error for Waves Dataset 60
Table 4.20: Membership Functions after Training for Waves dataset 60
Table 5.1: Training Parameters for sunspot dataset used in online-ANCFIS -------------- 68
Table 5.2: Comparison of Testing Error for Sunspot Dataset 68
Table 5.3: Training Parameters for waves dataset used in online-ANCFIS --------------- 71
Table 5.4: Different error measurements for Waves 71
Table 5.5: Comparison of Testing Error for Waves Dataset 71
Table 6.1: Training Parameters for the Motel Dataset 95
Table 6.2: NMSE testing error comparison for Motel 96
Table 6.3: Training Parameters for two variates of the River Dataset -------------------- 100
Table 6.4: NMSE testing error comparison for two variates of the River Dataset ------ 100
Table 6.5: Training Parameters for three variates of the River Dataset ------------------- 100
Table 6.6: NMSE testing error comparison for three variates of the River Dataset ----- 100



Table 6.7: Training Parameters for four variates of the River Dataset ------------------- 100
Table 6.8: NMSE testing error comparison for four variates of the River Dataset ---- 100
Table 6.9: Training Parameters for five variates of the River Dataset ------------------- 100
Table 6.10: NMSE testing error comparison for five variates of the River Dataset --- 100
Table 6.11: Training Parameters for two variates of the Macro Dataset ---------------- 104

Table 6.12: NMSE testing error comparison for two variates of the Macro dataset --- 104

Table 6.13: Training Parameters for three variates of the Macro Dataset --------------- 104
Table 6.14: NMSE testing error comparison for three variates of Macro dataset ------ 104
Table 6.15: Training Parameters for the Car Accident dataset -- 108
Table 6.16: Testing error comparison for Car Accident dataset -- 108
Table 6.17: AFER testing error for the Car Accident dataset ---108

Table 6.18: AFER error comparison for the Car Accident dataset --109




List of Figures

Fig. 2.1: Example of four classes of parameterized membership functions ---------------- 6
Fig. 2.2: Typical membership functions of term set T(age) [79] 9
Fig. 2.3: Fuzzy inference system [3] [12] 11
Fig. 2.4: fuzzy if- then rules and Fuzzy inference mechanism [3][12] --------------------- 13
Fig. 2.5: A feed forward adaptive network in layered representation [3] ------------------ 14
Fig. 2.6: A recurrent adaptive network [3] 15
Fig 2.7: (a) A two-input first-order Sugeno Fuzzy model with two rules (b) Equivalent
ANFIS architecture [3] 17
Fig 2.8: Error propagation for Fig. 2.2 (b) 22
Fig 2.9: Complex fuzzy set [1] 26
Fig 3.1: An ANCFIS architecture [8] 31

Fig 3.2: Implicit structure in the convolution of input vector and sampled points generated
from complex membership function ( SMF111 = SMF112 , SMF121 = SMF122 ,

SMF211 = SMF 212 , SMF221 = SMF 222) 38
Fig. 4.1: Mackey-Glass dataset 47
Fig. 4.2: Mackey-Glass test results for one-step prediction 48
Fig. 4.3: Mackey-Glass test errors 49
Fig.4.4: Santa Fe A after normalization 50
Fig.4.5: Santa Fe A test results for one-step prediction 52
Fig.4.6: Santa Fe A prediction error 52
Fig.4.7: Sunspot after normalization 53
Fig.4.8: Sunspot test results for one-step prediction 55
Fig.4.9: Sunspot prediction error 55
Fig.4.10: Star after normalization 56
Fig. 4.11: Star test results for one-step prediction 57
Fig.4.12: Star prediction errOr ==--m-mnmmmm e oo e 57
Fig.4.13: Waves after normalization 58
Fig.4.14: Waves test results for one-step prediction 59
Fig.4.15: Waves prediction error 59

Fig 5.1: Outcomes for a cycle in the downhill simplex search after (a) reflection away

from P, ; (b) reflection and expansion away from P, ; (c) contraction along one dimension

connecting p, and P; (d) shrinkage toward P, alone all dimensions [3] ----------------- 63

Fig. 5.2: Sunspot test results for online prediction 69

Fig.5.3: Sunspot test errors for online prediction 69




Fig. 5.4: Testing NMSE errors for different lambda from 1 to 0.5 70
Fig. 5.5: Testing errors for different lambda from 1 to 0.3 70
Fig. 5.6: Waves test results for online prediction 72
Fig.5.7: Waves test errors for online prediction 72
Fig. 5.8: Testing NMSE errors for different lambda from 1 to 0.4 73
Fig. 5.9: Testing errors for different lambda from 1 to 0.35 ----73
Fig.6.1: Multivariate ANCFIS network 77
Fig.6.2: Forward pass of a Multivariate ANCFIS structure with two inputs and two
complex membership functions for each input 79
Fig.6.3: Backward pass of a Multivariate ANCFIS structure with two inputs and two
complex membership function for each input 79
Fig 6.4: Pearson’s correlation between two variates of Motel dataset --------------------- 94
Fig 6.5: Original Motel dataset 95
Fig 6.6: Normalized Motel dataset 95
Fig 6.7: Multivariate test results for one-step prediction of Motel dataset ---------------- 96
Fig 6.8: Multivariate system prediction errors for Motel dataset 96
Fig 6.9: Pearson correlation efficient between different variates of River dataset ------- 98
Fig 6.10: Original River-flow dataset -99
Fig 6.11: Normalized River-flow dataset -99
Fig 6.12: Multivariate test results for one-step prediction of River-flow dataset ------- 101
Fig 6.13: Multivariate system prediction errors for River-flow dataset ------------------ 101
Fig 6.14: Pearson correlation efficient between different variates of Macro dataset --- 102
Fig 6.15: Original Macro dataset 103
Fig 6.16: Normalized Macro dataset 103
Fig 6.17: Multivariate test results for one-step prediction of Macro Economics dataset104
Fig 6.18: Multivariate system prediction errors for MacroEconomic dataset ----------- 105
Fig 6.19: Pearson correlation between different variates of Car Accident dataset ------ 106
Fig 6.20: Original Car Accident dataset 107
Fig 6.21: Normalized Car Accident dataset 107
Fig 6.22: Multivariate test results for one-step prediction of Car Accident dataset ---- 109

Fig 6.23:

Multivariate system prediction errors for Car Accident dataset --------------- 109



Chapter 1: Introduction

Complex fuzzy sets are a recently-proposed extension to the standard type-1 fuzzy
set theory. Whereas a type-1 fuzzy set has membership function with a codomain
of [0, 1], a complex fuzzy membership function has the unit disc of the complex
plane as its codomain. Equivalently, a complex fuzzy set is a set of ordered pairs
(X, u(x)) where x € X is an object fromsome universal set X, and u(x) € D is the
set of complex numbers whose modulus is less than or equal to one [1][2][3].
Significant progress has been made in clarifying the properties of complex fuzzy
sets [1][4], but there have not been any applications of complex fuzzy logic to
real-world problems. Until such applications demonstrate the utility of complex

fuzzy logic, it will remain a theoretical curiosity.

The previous work by Dick [1] was proposed that complex fuzzy sets could be a
practical model for approximately periodic phenomena; it means that it repeats
itseIf but never become exactly the same. Complex fuzzy sets might be periodic
as a result of the phase term [1]. We have been trying to build a complex fuzzy
inferential system [3] in order to model regular phenomena. One of the important
expressions of regularity can be found in the form of time series data and
problems intime series forecasting. Thus, we have been trying to build a time
series forecasting algorithm using the complex fuzzy logic. Standard fuzzy
systems can be developed in two ways: either by elicitation froma domain expert
or by learning from input-output data. Since complex fuzzy sets have 2-
dimensional membership function, they could not simply be represented by 2
distinct fuzzy sets. Also experts need to present definition of all fuzzy sets and
rules. As no one knows how to do this in complex fuzzy sets, the experts cannot
be used here. So we used inductive learning and artificial neural network in order
to build the complex fuzzy inferential system. The artificial neural network which
is used here is called ANCFIS (Adaptive Neuro Complex Fuzzy Inference
System) which is based on ANFIS architecture [5][6][7]. This network is



originally developed by Chenet al. [8]. However, in their work, Chenet al. [8]
did not complete a full performance analysis of ANCFIS and the architecture was

only limited to batch (offline) learning and univariate problems.

In this thesis, an extensive performance analysis of the ANCFIS architecture is
presented, and the architecture is extended to incorporate online learning and
multivariate time series forecasting. All of these algorithms are evaluated using
the typical forecasting methodology: a one-step-ahead predication, in a single-
split design with all training data chronologically earlier than the test data. The
performance of univariate ANCFIS technique is tested against five time series
datasets: Mackey-Glass [5][9][10], Santa Fe A (laser) [11] — [14], Sunspot [15]-
[21], Star [21]-[23] and Waves [22] . Also, online ANCFIS is compared to two
different time series: Sunspot and Waves. Multivariate ANCFIS applies four
multivariate time series datasets: Transport and tourism-motel [22], Hydrology-
river flow [22][24], Macro-economic [22] and Car-road-accident [25]-[27].
Main research work for ANCFIS is summarized as follows:

1. The experimental evaluation of Offline ANCFIS. Five different time series
datasets are used and their results are compared to the related literature
consisting of time series forecasting techniques used up to the year 2009.
It is subsequently observed that ANCFIS could achieve very good
performance and is comparable to the published forecasting results.

2. The development of an online ANCFIS architecture which is based on
online- learning; using downhill-simplex algorithm (a derivative-free
algorithm instead of VNCSA) and Recursive Least Square (RLS). The
experimental evaluation of online ANCFIS includes two problems in time
series predictions. We compared the results of online learning to those of
offline learning and to the relevant results found in the literatures.

3. The development of multivariate ANCFIS architecture. Multivariate
ANCEFIS is used when there are multiple input vectors, where there is
usually a correlation between the input vectors. We apply algebraic

product operation which is one of the complex fuzzy conjunctions for



layer two. Also, layer five is changed to be compatible with multiple
outputs. Experimental work on Multivariate ANCFIS includes four
different multivariate time series datasets. We contrast our results with
univariate ANCFIS for each variate separately and all variates together.
This means that each variate is predicted separately with univariate
ANCFIS. Then, the forecasting results of univariate ANCFIS for each
variate are combined to find the forecasting results for all variates.
Multivariate ANCFIS predicts the result of the whole dataset. Then the
predicted and actual values for each variate are collected and each variate

can be calculated separately.

The remainder of this thesis is organized into six chapters: Chapter 2 presents a
literature review covering the topics of type-1 fuzzy logic, fuzzy relations and
fuzzy reasoning, Type-1 fuzzy inferential systems, ANFIS, online and offline
learning, complex fuzzy logic and complex-valued neural networks. Chapter 3
covers the original ANCFIS architecture which includes the structure of ANCFIS,
the node functions of the forward pass, ANCFIS error back propagation and also
VNCSA algorithm. In Chapter 4, we present the experimental results for
univariate ANCFIS architecture on five time series forecasting datasets:
MackyGlass, Santa Fe A (laser), Sunspot, Stellar and Waves. Chapter 5 develops
online-learning architecture for ANCFIS and presents the procedure of downhill-
simplex algorithm. The experimental work is done on two time series datasets:
Sunspot and Waves. In Chapter 6, we present the Multivariate ANCFIS
architecture with the experimental work for four different datasets: Transport and
Tourism-motel, Hydrology-river, Macro-economic and Car-road-accident. Finally

Chapter 7 includes summary and discussion of future work.



Chapter 2: Literature Review

Since Zadeh published his first paper on fuzzy sets [28], the research and
applications on type-1 fuzzy logic have made an incredible improvement. Inthe
past few years, type-1 fuzzy logic is applied in different ways and many
disciplines. Its applications can be found in many areas from home appliances
such as air conditioners, cameras, refrigerators, washing machines to medical
instruments such as blood pressure monitors and even more. A type- 1 allows the
gradual evaluation of the membership ofelements in a set, and is based on two
dimensional membership function (MF). It provides an organized calculus in
order to solve vague and incomplete information linguistically. Here the linguistic
information is converted to numerical values using linguistic labels specify by MF
[51[29][30]. Also a type-1 fuzzy inference system uses fuzzy if-then rules to be
able to model human expertise for a specific application. A type-2 fuzzy logic is
a generalization of type-1 fuzzy logic in a way that uncertainty is not only limited
to linguistic variables but also to the definition of membership functions [31]-
[33]. It uses a function which is itselfa type-1 fuzzy number and for this reason
sometimes type-2 is referred as fuzzy-fuzzy. A type- 2 fuzzy set is illustrated by a
three- dimensional membership function. The main idea in using type-2 fuzzy set
is that most/all applications in general area of decision making modeling need to
handle the imprecise data, knowledge and etc. A type-2 fuzzy set use this
imprecision and make better computer systems [32]. As complex fuzzy set is an
extension of type-1 fuzzy sets, we discuss only type-1 fuzzy logic. In this chapter
a description on Type-1 fuzzy set will be presented first, and then set- theory

operation and fuzzy relation with linguistic variables will be discussed.



2.1. Type-1 Fuzzy sets

A fuzzy set describes the degree to which an element belongs to a set. 1fwe
consider X as a collection of objects ( x € X ), then a type-1 fuzzy set A in X is a
set of ordered pairs:

A={(X, u,(¥) [xe X} w,:X —>[0]] (2.1)

Inequation (2.1) w, is called membership function and maps elements of X into
their membership in the fuzzy set A [28]. X usually is considered as universe of
discourse and it may contain continuous or discrete space.
The basic operations on fuzzy sets are union, intersection, containment and
complement. The maximum and minimum is classical fuzzy operator for union
and intersection on fuzzy sets. Standard fuzzy logic defines these operations as
follows:

1. Union (Disjunction): Union of two fuzzy sets A and B generate another

fuzzy set C whose membership function is derived from membership

function of A and B:

e (X) = g (X) = maXx( 2, (X), g (X)), X € X 2.2)
The equivalent definition of “Union” is the smallest fuzzy set which
contains both Aand B..

2. Intersection (Conjunction): Intersection of two fuzzy set A and fuzzy set B
generate another fuzzy set C whose membership function is derived from

membership function of A and B:
e (X) = ppg (X) =min(ee, (X), 15 (X)), X € X (2.3)
C is the largest fuzzy set which is enclosed in both A and B

3. Containment(Subset): Fuzzy set A is contained in fuzzy set B (A is a
subset of B) or fuzzy set B contains fuzzy set A when:

AcB= u,(X) < g (X), xe X (2.4)



4. Complement (negation): Complement of fuzzy set A represents with A .

Membership of K(yA(x)) means the degree to which x does not belong to

A. The membership function is represented as:

5 (X)=1=p, (X), x e X (25)

2.1.1 Membership functions

A fuzzy set is usually described by its membership function (MF). The common
choices of parameterized membership functions are triangular MF which is

specified with three parameters, trapezoidal MF with four parameters, Gaussian
MF with two parameters and generalized bell MF with three parameters. Figure

2.1 represents examples of mentioned MFs.

(a) Triangular MF (b) Trapezoidal MF

0.5 0.5

Membership Grades
Membership Grades

0 20 40 60 80 100 0 20 40 60 80 100

(c) Gaussian MF (d) Generalized Bell MF

0.5

Membership Grades
Membership Grades

0 20 40 60 80 100 0 20 40 60 80 100

Figure 2.1: Example of four classes of parameterized membershipfunctions: Triangular (x;
15,60,70); (b) trapezoid (x; 10, 20, 70, 90);
(@) (c) Gaussian (x 50,25); (d) bell (x 20, 2, 50) [5]



2.1.2 Fuzzy relation

A fuzzy relation represents the degree of present or absence of association,
interaction or interconnectedness between elements of two or more crisp sets. In
explanation fuzzy relation, let’s consider U and V as two crisp sets, then fuzzy
relation R (U, V) is a fuzzy subset ofa Cartesian product of U xV [34] which can
be expressed as: R:U xV —[0,1]. The membership function of R is z (X, y)
which xeU and y eV . Here for each pair of (x,y) there is a membership value
between zero and one. If R(x,y) =1, then it means that x and y are fully related
and if R(x,y)=0, it means that these two elements of x and y are not related at all.
Obviously the values between zero and one for R(x,y) reflect the partial
association.

Relation can be described by anexample fromdaily life using discrete fuzzy sets.
First let us consider the relationship between color (x) and grade of maturity (y) of
a fruit and then characterize the linguistic variable color by a crisp set X and grade
of maturity by Y.

X ={green, yellow, red}

Y ={verdant, half _mature, mature}

As it is presented above, X and Y both have three linguistic terms. Table 2.1
shows the crisp formulation of a relation X —Y between these two crisp sets.

Here zeros and ones represent the grade of membership for this relation.

ver dant half-mature mature
green 1 0 0
yellow 0 1 0
red 0 0 1

Table 2.1: Relation X — Y between two crisp sets [35]

Degree of association can be presented by membership grades in a fuzzy relation
and it is similar to the way as degrees of the set membership are expressed ina

fuzzy set. After applying fuzzy relation, table 2.1 changes to table 2.2.



ver dant half-mature mature

green 1 0.5 0
yellow 0.3 1 0.4
red 0 0.2 1

Table 2.2: Fuzzy relation X — Y between two crisp sets [35]
2.1.3 Linguistic variable

As it was mentioned by Zadeh [36], conventional techniques for system analysis
are essentially unsuitable for dealing with humanistic systems, whose behavior is
strongly influenced by human judgment. This is what is called principle of
incompatibility: ”As the complexity ofa system increases, our ability to make a
precise and significant statement about its behavior diminished until a threshold is
reached which precision and significance become almost mutually exclusive
characteristic’[36]. Because of this belief Zadeh proposed the concept of
linguistic variables as alternative approach to model human thinking [34][37]. An
example for linguistic variable can be “age”. For example if a man at age 60 is
old, then we don’t know whether a 58 years old man is old or not. Hedges are not
used too often; the most common hedges used are very, quite, more or less and
etc. So we can say that a 58 years old man is quit old. The formal definition of
linguistic variables is as below.

A linguistic variable is characterized by a 5-tuple (x, T(X), X, G, M) [38] where x
is the name of the variable, X is the universe of discourse, T is the term set, which
is the set of terminal symbols that can actually appear ina linguistic term. G is a
syntactic rule which generates linguistic terms using the terminal symbols from T.
Most commonly, G is null, so that the set of linguistic terms is exactly T. G is
normally used to add linguistic hedges to atomic terms in T and M is a semantic
rule which associate with each linguistic value B its meaning M(B), where M(B)

indicates a fuzzy set in X.



Term set consists of primary term and/or hedges such as very, quite, etc [5]. As an
example, age is interpreted as a linguistic variable with its term set to T(age) and
it can be:

T(age) = { young, old, middle aged, very young,...}

Here each term in T (age) is specified by a fuzzy set ofa universe of discourse X
= [0,100]. We cansay “age is old” to assign the linguistic value “old” to linguistic
variable age. Here primary terms are (young, middle aged, old) and hedges are
(very, more or less, quit).

The idea of linguistic variables is used in fuzzy reasoning for modeling and
control problems. While variables in mathematics use numerical values, in fuzzy
logic applications, the non-numeric linguistic variables are often used to facilitate

the expression of rules and facts [39].

—%

Membership Grades
o]
[ 5]

0 10 20 30 40 50 G0 70 80 80 100
X = age

Figure 2.2: Typical membership functions of term set T(age) [5]

2.1.4 Fuzzy reasoning

Fuzzy reasoning is an inference process which uses fuzzy if-thenrules and known
facts to derive new facts. Fuzzy if-then rule or Fuzzy rule is expressed in the form
of:

if x is A theny is B, (2.6)
where A and B both are linguistic values. Here the first part which is “if x is A" IS

antecedent or premise and “y is B” is consequence or conclusion. Modus ponens



is basic rule of inference in traditional two-valued logic. Here the truth of
proposition B can be determined from the truth of A and implication A— B. For
example, if A is identified by “the tomato is red” and B with “tomato is ripe”,
then if it is true that “the tomato is red”, it is true that “the tomato is ripe” [5]. For
single rule with single antecedent, the inference procedure is described as:
premisel (fact): x is A,

premise2 (rule): ifx is Atheny is B

Consequence (conclusion):y is B

However, in most of human reasoning, modus ponens is used in an approximate
manner. As an example if we have the same application rule “if the tomato is red,
then it is ripe”, knowing that “tomato is more or less red”, then it may infer that
“the tomato is more or less ripe”.

premisel (fact): x is A’,

premise2 (rule): ifx is A’ thenyis B

Consequence (conclusion):y is B’

where A"is close to Aand B'is close to B. Also A, B, A"and B'all are fuzzy sets
of approximate universe. This inference procedure is called approximate
reasoning or generalized modus ponens [40][41]. The MF of B’ canbe

determined fromequation 2.7 where v and A are maxand min:

g (y) = max, minf ez, (X), 45 (% Y)] =V, Ly () A 21, I A 125 (Y) @.7)

Ifthere is a single rule with multiple antecedents, the individual conditions are
combined together by and connective. The inference procedure is defined as
below:

premisel (fact): xis A'andyis B’,

premise2 (rule): if xis A andyis B, thenzis C

Consequence (conclusion): yis C'

10



Then the membership function for C’ is calculated as:
He (2) =V Lot () A g (VT L () A 25 (Y) A pie (2)]
={Vlan () A 1, OO ALY Lt (Y) A 125 (VI A 11 (2) (2.8)

= (0, A @,) A pc (2)

Here w, A w, is firing strength which reflects the degree to which antecedent part
of the rule met, also v and A are maxand min.

2.1.5 Type-1 Fuzzy Inferential Systems

Fuzzy inference system is based on fuzzy reasoning, fuzzy if-then rules and fuzzy
set theory. Its application can be found in many fields such as decision analysis,
time series prediction, expert system, etc. As Fuzzy inference system is multi-
disciplinary, it is known by many names such as fuzzy model [42] [43], fuzzy
associative memory [44], etc.

Fuzzy inference systems are the most important modeling tool based on fuzzy set
theory. The basic components for structure of fuzzy inference system are: first a
rule base, which is made up of fuzzy rules; second a database, which stores
membership functions used in fuzzy rules; third a reasoning mechanism, which
implements generalized modus ponens; fourth a fuzzification interface which
converts crisp data inputs into membership degrees for the fuzzy set antecedents;
fifth a defuzzification inference that transforms a fuzzy consequent into a crisp
output [5][7]. A fuzzy inference system is shown in figure 2.3.

— | Database ‘ Rule Base ‘ |
Knowledge Base
Input Output
. Fuzzification ; Defuzzification >
—] Interface Interface —
d 7
Z Inference Engine

Figure 2.3: Fuzzy inference system [5][7]
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There are three principal models for fuzzy inference systems: the Mamdani, TSK
and Tsukamoto models [45] [46]. These three models are shown inFig. 2.4. The
main difference among them is in the consequences of their fuzzy rules,
aggregation and defuzzification procedures.

The Mamdani fuzzy model [47] was the first fuzzy controller. The problem was
to control the combination of steam engine and boiler by the aid of a set of
linguistic control rules expressed by experienced human operators. As the plant
takes only crisp values as inputs, a defuzzifier must be used to convert a fuzzy set
to crisp value. There is more than one method for defuzzification available. The
most common one is to adopt the centroid of the area under the output
membership function. The computation of the centroid ofan area is expensive as
it needs integration across a varying function. The centroid of an area zcoa is

represented by:
[ 1a(2)202

Zeop = (2.9)
[ 1a(@)dz

where x,(z) is the aggregated output membership function.

Sugeno fuzzy model which is also known as TSK fuzzy model was proposed by
Takagi, Sugeno and Kang [5][42][43]. The aim of this model is to develop a
systematic approach to generate fuzzy rules from a given input-output data set.
Here a typical fuzzy rule presents like this:

If x isAandyisBthenz=1f(x,y) (2.10)
In2.10 A and B are fuzzy sets in antecedent and z is a crisp function in the
consequence. Mainly f(x,y) is a polynomial function but it can be any function as
far as it can completely represent the output of model with in the fuzzy region

defined by the antecedents of the rule. If the function is first-order, then there is a

first-order TSK fuzzy model and so on. The output level z, ofeachrule is
weighted by the firing strength w; ofthe rule. The final output is weighted average

ofall outputs represented as:
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z="2 - (2.11)

where z.is a first order polynomial.
In the Tsukamoto fuzzy model [48], consequent of each fuzzy if-then rule is
described by a fuzzy set with monotonic MF. Each rule’s inferred output is

defined as a crisp value made by the rule’s firing strength. The overall output is

the weighted average ofeach rule’s output, presented as:

= 2.11)

Premise part Consequent part
- 5 . S -
Tsukamoto TSK Sugeno
A Al A
[ ES Tl 8 B R
A 4 G G
_Z.___, z, =ax+by+c
X ¥ 2 z z
A, B, g ol
N __/ N\ ; yA zy=px+qytr
x X Y 5 z z
multiplication weighted average =~ max weighted average
or min ﬂ ﬂ ﬁ
Wz, +w,2, z= W21 TWa2,
z=——== ‘ .
5 > w, +Ww,
w, +w, 1 2

1

z centroid of area

Figure 2.4: fuzzy if- then rules and Fuzzy inference mechanism [5][7]

2.2 ANFIS Review

ANFIS (Adaptive Network-based Fuzzy Inference System) is a class of adaptive

networks that are functionally equal to fuzzy inference systems. Below adaptive
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networks are explained as well as the architecture of ANFIS and how this system

works.
2.2.1 Adaptive Network Review

An adaptive network is a network structure, consisting of a number of nodes
connected through directed links. Each node corresponds to a process unit and the
links between nodes represent communication links. All or some of the nodes are
adaptive which means the outputs of these nodes depend on modifiable
parameters. The learning rule defines the way that these parameters should be
updated in order to minimize the error measure which can be the difference
between actual output and desired output.

Adaptive networks are usually classified into two categories based on the type of
the connection they have: feedforward and recurrent [5]. We call an adaptive
network feedforward if the output of each node spreads from the input side to
output side. If there is a feedback link which causes a circular path or loop in a
network then we have a recurrent network. Figure 2.5 and 2.6 represent two types

of adaptive network. Here square nodes are adaptive and circle nodes are fixed

TR
KRG
U o o u

Input Layer Layer 1 Layer 2 Layer 3
(Output Layer)

nodes.

Figure 2.5: A feedforward (left-to-right) adaptive network in layered representation [5]
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X

Figure 2.6: Arecurrent adaptive network [5]

As it is shown in figure 2.6 node 8 has a feedback link to node 3 which changes

the network from feedforward to recurrent.

2.2.2 On-line vs. Off-line learning

The main significance of a neural network is its ability to learn from its
environment and to improve from its performance through learning. A neural
network learns about its environment by an interactive process of adjustments
applied to its synaptic weights and bias levels. Usually the network earns more
knowledge about its environment after each iteration of the learning process. The
learning process of a neural network starts by stimulation of the network by an
environment. Then, it changes its free parameters as a result of this stimulation.
Finally, it reacts ina new way to the environment because of the changes that
occurred in its internal structure. There are two main learning strategy for
adaptive networks; online learning and batch/offline learning.

In online learning the learning strategy is based on the online parameter
identification for systems with changing characteristics. In online learning the
training parameters/weights are updated after each presentation of training pattern
(training vector) [49]. By changing the weights after each pattern, they could go
backward and forward with each iteration although this may cause waste of
considerable amount of time. This may happen because all the training data is not

available at the same time. This method is used for online learning, in which
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learning or updating is needed when data arrives in real time. We can minimize
the random fluctuation of weights by batch learning in which weights adjustment
is based on total error derivative over whole training set [5][49][50].

The batch/offline learning is different from the on-line training concerning the
convergence speed and the quality of approximation. In batch learning, the weight
update for each training vector is noted but the weights are not changed until all
the input patterns have been presented [5][49]. Although using several/all training
data pairs gives a better estimation for the predicted error than just using one, but
batch updating requires extra memory storage for weight corrections before the
weights are updated. This is critical especially when the network has large number
of weights. Also, averaging the weight corrections may cause extra computational
complexity for the algorithm and finally the smoothing effect of batch updating
may cause the learning algorithm converge to local minima. Generally the

performance of batch updating is case dependent [49][50].

2.2.3 ANFIS Definition

ANFIS (Adaptive Neuro-Fuzzy Inference System) is a feed-forward adaptive
network with five layers and is equivalent to a TSK fuzzy inference system [6][7].
Each node indicates a processing unit and the directed links represent the flow
direction of signals between connected nodes. To represent ANFIS architecture,
consider a two input first-order Sugeno fuzzy model with two fuzzy if-then rules
as it is shown in Fig. 2.7(a) then the equivalent ANFIS architecture can be shown
inFig. 2.7(b).

For a fist-order Sugeno fuzzy model, a common rule set with two fuzzy if-then
rules is as below:

Rule 1: Ifxis A and yisB,, then f, = px+0q,y+1,,
Rule 2: Ifxis A, and yisB,, then f, = p,x+qQ,y+T,
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R St R fi = px+qy+r,
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: W+ W,

A, B, fr=px+qy+n =wif, +wafs
( : R R W
X Yy
(@)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

I

A1

Wil
A2

B1 o
wzf2

B2

(b)

Figure 2.7: () A two-input first-order Sugeno Fuzzy model with two rules (b)

Equivalent ANFIS architecture [5]

In 2.7 (b) square nodes are adaptive and circle nodes are fixed nodes. Layer one
and layer four have adaptive or parameterize nodes. The parameters in layer one
are premise parameters and the parameters in layer four are consequent
parameters. Nodes in the same layer have the same node functions which are
different from other layers.

ANFIS uses offline or batch learning; each epoch consists ofa forward pass and a
backward pass. In the forward pass the parameters of layer one are fixed and the
output nodes are calculated from first layer to fourth layer from left to right, and

the parameters in fourth layer are identified by least-squares optimization. After
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the parameters of polynomial in layer four are identified, and then the error is
measured for training data pairs and summed together. Then in backward pass
consequence parameters are fixed and error signals propagate from layer five to
layer one from right to left and premise parameters in layer one are updated with

gradient descent method. Below five layers of ANFIS are explained:

Layer 1:
Nodes in this layer are adaptive nodes. The node function of each node i in layer 1

is as following:
Op; = 1, (X),i =12
O =g, (Y),i=34

Here x or y is input to node iand A or B, , is linguistic label related to that node.

(2.13)

Equivalently, O,;is membership grade of fuzzy set A (where A= A, A,,B,0rB,)

which implies in what degree the inputs (x or y) satisfy of quantifier A. The
membership function for A is any appropriate parameterized membership function
such as bell function.

p=— 1t (2.14)

Here {a,,b,,c,}is the parameter set. Parameters of this layer are called premise

parameters.

Layer 2:
Nodes in this layer which are labeled by TT are fixed nodes. The output of each

node is product of all incoming signals and represents the firing strength ofa rule.
Generally speaking, any T-norm operation that presents fuzzy AND is suitable to

be used as node function in this layer.
O, =@y = pp (N g (y),1=12 (2.15)
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Layer 3:
Every node in this layer is labeled by N and is a fixed node that normalizes each
weight by sumof all rules firing strength.

0, =@, = @

L j=12 (2.16)
a)l + 0)2

Layer 4.
Each node in layer four is an adaptive node with this node function:

OZ,i:CT)ifi :CT’i(piX"‘qu"‘ri)’ (2'17)

In this function, @, is the output of layer three and p,,q;,r, are consequent

parameters for this node.

Layer 5:

This layer has only one fixed node which calculates the overall output and is the
summation of all incoming signals.

Zwi f;
Overall output=0;, = > @, f; = -

(2.18)

If the values of the premise parameters in ANFIS are fixed during forward pass,
then the overall output can be expressed as a linear combination of consequent

parameters. The output of figure 2.2 (b) can be expressed like below:

fo M o W

- 1 fz
W, +W, w, +W,

=W (PyX+ QY + 1) + W, (P X+, + ;) (2.19)

= (W,X) P, + (W,Y)a, + (W), + (W, X) P, + (W, Y)d, + (W),

In order to avoid converging to local minima and speed up the identification of
the parameters of adaptive network, hybrid learning is presented which integrates
both gradient method and least square estimation. The main part of gradient
descent in ANFIS is the calculation of gradient vector [5]. The gradient vector is

derivative of an error measure regarding to a parameter. This is referred to back
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propagation learning rule as the way it is calculated is from the output towards the
inputs. The p™error measure E, canbe gained from each training pair in our
training data. The main goal is to minimize the total error measure.

E=>_E: (2.20)
The error measured can be minimized by adjusting individual parameters of the
network. Inanother way, a small change in parameter « (this parameter belongs
to a node) may cause a high impact on the output of the node containing « . The
target of calculating the gradient vector is to pass a form of derivative information
fromoutput layer, layer by layer towards the input layer.

Suppose an adaptive network with L layers and k™ layer has N (k) nodes, then
output of node i in layer | can be expressed as x,;and its functionas f, ;. Since an
output node depends on its incoming signals and its parameter set, it can be
written this way:

Xpi = fi (e X gy & 0, Cl) (2.21)
Here a, b, c, etc. are parameters related to this node.

Suppose that the given training dataset has P entries. Here the error measure for

the pth (1< p < P) entry of training data entry can be defined as the sum of

squared error as below equation.
N(L) ,

Ep = Z(dk - XL,k) (2.22)
k=1

Inequation 2.22, d,is the kth component of pth target output vector and x_, is

the kth component of actual output vector generated by the current pth input

vector. Consequently, the overall error measure can be expressed as:

E :ZEzlEP '

To performa learning procedure that applies gradient descent of E in the whole
. ok, . .
parameter set, the computation of error rate " is the primary need. Here error
X

rate is for pth training data and for each node output x. The error rate for output

node at (L, i) can be derived fromequation 2.23.
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0'E,
L,i aXL‘i ( i L,|) ( )
Also the error rate for internal node (I, i); 1<1 <L —1 can be executed by the
below chain rule:

a+ N I+1m N 61:I+1m
- = & —_— 2.24
I’I axI i mzl I+1m aXl,i mzzl e aXl,i ( )

This means that the error rate in internal node can be stated as a linear sum of the
error rates of the nodes on the next layer.

The gradient vector is described as the derivative of the error measure with
respect to each parameter. The chain rule should be applied again to find gradient

vector. Consider « as a parameter of ith node in layer I, and then we have:

+ + of, . of, .
0"Ep :8 Ep I, —g M (2.25)
oo oX,; Oa '

The derivative of overall error measure E regarding to « is:

+ P A+
0 EZZG EP’ (2.26)

oa o O«

Consequently the generic parameter « can be updated as:

Aa=-n— (2.27)
ox
Inabove equation 7 is learning rate and can be written as:
k
n=——— (2.28)

z(%)
“\ O
In 2.28 k is step size which is the length of each gradient transition in parameter

space. Step size can affect the convergence rate. ANFIS use batch learning mode

to update o based on formula 2.26.
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Figure 2.8 illustrate an ANFIS example of two inputs, first order TSK fuzzy
model with two fuzzy if-then rules and bell function membership function; the

same as Figure 2.2 (b).

4
Figure 2.8: Error propagation for Fig. 2.2 (b)
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"2 | 4
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The derivative of bell membership; z, (x) = ! — function regarding

5]

to parameters are as below:

ou, 2,
= - ),
oa, a ppa(l—p,)
X—C,

2In ' 1-p,),ifX#c,
a,uA_ | paL—py)
ob,

0,ifx =c;

2D, .

—— (L= ) ifx =
Oba _|X=G (2.29)
oc,

0,ifx =c;

Then the gradients for parameters a,,b;,c, in related nodes i =1,2,3,4 of layer one

can be derived according to equation 2.29. Therefore for node one, we have:
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OE, OE, of, of, oun)  2b
=————=g —=& =5 — 1- )
da, oOx, oa, ~oa, - fa, a Ha 0= ttn)
X—C .
B, Epd o _ 0(un) _]2¢,In i A= ) i
ob, ox, b, b, ob, ‘o —c.
2b, :
OE, OE, of of, O(ta) | ———eu, (- p, ) ifx £,
=—————=& =& =4X-C,
oc, OX, oc, oc, oc, 0,ifx = ¢,
And also for node two we have:
OE, OE, of of ) 2b
P _ P 2:82 2:(92 A —¢, 2/uA2(1_qu)
da, ox, oa, oa, oa, a,
0B, 0B, of, _ o, _ 0m) _|2¢,1n Xy (- )it
ob, ox, ob, b,  ob, 2 Otk =c,
OE, OE, of of ouy) |2 ifx
p_0Ep O ¢, 2 ¢, Ha, _) T &k, (1_/UA2),| #C,
oc, OX, oc, ac, ac, 2 0ifx =c,

And the same equations for node 3:

OE, OE, of, of, O(tn,) 2b,
da, Ox, da, ~oa, ° oa, ° a, Hay L= t4n,)
oE, O, of of, 0w |20, =%, a ifx
PoTor Fa o Ta_p DA )N Hag (L= ), 1 # C
db, ox, ob b ob 31
3 3 3 3 3 O, |fX=C3
6EP :8EP 8f3 _ 8f3 _ ‘uAa _ ﬁgsﬂ%(l_ﬂ%)v'fx;tca
oc, oOx, &c, ~oc, o oc I :
3 3 3 3 3 0, IfX=C3
And for node 4:
d
OE, _OE, of, e, o, _ 4 (ﬂA“)za 2b, A tt)
da, ox, oa, da, da, a, ™
0B, 0B, o, _ o, _ ) _|2e,1n Xy -y )it 2C,
ob, ox, b, ‘éb, o, 4

0,ifx=c,
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2b .
oE, ©OE, of, _, of, _, utn,) gy, (L= p,),ifX =,
oc, ox, o, ‘tec, X=C

o, 0,ifx =c,

Therefore adaptive parameters will be updated with respect to equations 2.26,
2.27 and 2.28.

2.3 Complex fuzzy theory

Complex fuzzy sets are an extension to type-1 fuzzy sets. It is a combination of
traditional fuzzy set and complex numbers and is characterized by complex-value
membership function [2] [51]. The result of this idea is the development of
complex-valued membership fuzzy sets [2] and complex fuzzy logic [1][4].
Complex fuzzy sets appear to be good model for “approximately periodic”
temporal phenomena [1]. We call it “approximately periodic” because usually it
never repeats itself exactly. Anexample of approximately periodic phenomena is
traffic congestion. The traffic is heavy in the morning from one way to work and
in the afternoon the opposite way back from work and during night the roads are
quit empty. This behavior repeats every day but it never repeats itself exactly the
same each day [4].

Complex fuzzy sets are different from the complex fuzzy numbers which Buckley
developed in [52] [53]. The fuzzy set representing the fuzzy complex number is
an ordinary fuzzy set with membership grades in range of [0,1]. In another way, a
fuzzy complex number is a type-1 fuzzy set whose members are elements of
complex plane. Fuzzy complex numbers were used in the solution of fuzzy
relational equation in [54] [55]. In [56] a complex fuzzy set was defined as a

membership function which maps the complex plane into [0,1] x[0,1] ; this is very

similar to complex fuzzy set defined in [2] and close to the formulation in [57].
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2.3.1 Complex Fuzzy Sets

Complex fuzzy set S which is defined on the universe of discourse U is
characterized by membership function z(x) where x eU . The values of

membership function are in the form of:
ts =g (x).e™% =1 (2.30)
Here terms of ry(x)and wg(x) as amplitude and phase; are real values and

I, (x) €[0,1]. The complex fuzzy set can be presented as a set of ordered pairs as

below [2].
S ={(x us) | xeU} (2:31)

In complex fuzzy sets, membership values are drawn from unit disc of complex
plane. The membership function ofa complex fuzzy set is a vector in complex
plane and its magnitude is less or equal to one. A complex fuzzy set is shown in
Fig. 2.9 where the membership function is visualized by placing the complex
plane R x I at right angles to the universe of discourse U. The complex

membership function then forms a trajectory within the cylinder formed by
projecting the unit disc D along U.

Figure 2.9: Complex fuzzy set [1]
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As the complex fuzzy sets are extension of the ordinary fuzzy sets, it is possible to

convert the complex fuzzy set in to traditional fuzzy by setting r, (x) = 1 (x) and

also wg (x) =0 which means that the phase term is not considered at this point.

The amplitude term is the same as real-valued grade of membership which lies in
range of [0, 1] and can be considered as the degree to which x is a member of
complex fuzzy set S. Though the phase term is an innovative parameter of
membership which with this, the complex fuzzy sets are recognized fromthe
ordinary fuzzy sets. Also it is the phase which makes complex fuzzy logic
different from the conventional fuzzy logic. The phase term allows a new type of
interaction happen between membership functions. Complex fuzzy membership
function can be in form of wave where phase term let them interfere with each
other [2].

2.3.2 Complex fuzzy logic

Complex fuzzy logic [1][4] employ rules built with complex fuzzy sets to develop
a complex fuzzy logic system. These rules are represented in the form of If-Then
statements similar to traditional fuzzy logic.

The complex fuzzy implication relation is characterized by a complex-valued

membership function and is represented as £, .5 (X, y) . The amplitude term (
r,,g (X Y)) isreal-valued grade of membership and shows the degree of truth of

the implication relation. The phase term (@, ,; (X, y)) represents the phase

associated with implication. Phase term is of little consequence by itself though it
becomes a more important parameter when several implication relations are
combined at the same time, similar to what occurs in complex fuzzy systems. The

implication function employed in complex fuzzy logic is the product implication:

Hase (X, Y) = 102 (%) (Y) (2.16)
Also the amplitude and phase are calculated this way:
Mo (X’ Y) =Ta (X)'rB (y) (2.17)
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Wpsp (X, Y) = @p(X) + @ (Y) (2.18)
Complex fuzzy implication can be used in order to build complex fuzzy inference

rules in the generalized modus ponens form.

Premise 1: “X is A™”

Premise 2: “IF X isA, THEN Y is B”

Consequence: “Y is B™”

Where all the sets A, B, A" and B”are complex fuzzy sets.

The amplitude and phase term of membership function B™ can be given by:
ry- =sup[r,. (X) ® 1,5 (X, Y)] =sup[r,. (x) ® (ry (x).rz ()] (2.18)

@y = F[g(@, (X), @p 5 (X, Y)] = FIG(@4(X), (05 (X) + @ (¥)))] (2.19)
Where g refers to any function used to compute the intersection of two

membership phases and f is the membership phase equal to sup operation [4].

Both of them are application dependent.

2.3.3 Complex Valued Neural Networks

ANCFIS architecture is complex-value neural networks (CVNN) architecture.
CVNN accept complex-valued inputs and outputs and it is possible that their
neuron weights and biases be complex-valued as well [58][59]. Early models of
CVNN have generalized the Hopfield model, back propagation and perception
learning rule in order to handle the complex inputs. Noest [60] introduced an
associative memory network with local variables assuming one of g equidistant
positions on the unit circle (g-state phasors) in the complex plane. Leung and
Haykin [61] extended real-valued back propagation networks to complex-valued
back propagation networks in order to solve problems related to radar signal
processing and communication in which complex-valued representation of signal
is required. Kimand Guest [62] also extended back propagation to the complex

domain, to process frequency-domain data. More recent work was done by Hirose
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etal They have used complex- valued neurons in the coherent neural network

architecture. All input signal, output signal and weight are complex numbers. The

neural connection weight @, was explained by‘a)nm‘exp [12A4f7 ],i=~-1.

Here \a)nm\ is connection amplitude 7, is delay time and f is the carrier

frequency which modifies the phase of selected neuron weights. Two applications
for development-learning architecture are proposed [63] [64]. Dynamics of
complex-value NNs with real-imaginary-type activation was evaluated when it
was used in complex-plane transform [65][66]. Also the characteristics of
activation functions discussed in [67][68]. Associative memories (mainly
Hopfield networks) are an important area for complex-value NNs research. One
of recent work on this area is related to an exploration of the properties of
different neuron activation functions [69] and an application to traffic signal
coordination [70]. In[71], quantum associative memory uses complex-valued
neuron weights with a distribution function that is a solution of Schrodinger’s
diffusion equation. Nitta proposed a quaternion-valued neural network [72].

Generally speaking a good overview of complex-value NNs can be found in [63].

2.3.4 Implementation of Complex Fuzzy Logic in ANFIS

Previously there was just one attempt to develop an inductive learning
architecture using complex fuzzy sets which was named CANFIS [73]. It was

considered for complex-value input-output pairs with modeling a simple lead-lag

compensator transfer function in form of k& where S = jow. The
@+Ts)

architecture of CANFIS is a hybrid of complex fuzzy sets and a complex-valued
single layer neural network. The real-valued adaptive parameters of the complex
MFs for each rule were updated by a steepest descent algorithmand weights and
bias parameters were updated by complex least square estimator. Here the idea is
derived from [2] where phase and magnitude are considered separately. As the

phase and amplitude treat separately, the nature of complex fuzzy sets is ignored.
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Also, the key property of rule interference [6] was not implemented. An earlier
architecture developed by Li and Jang [74] also named CANFIS was an extension
of ANFIS architecture with complex-valued inputs and outputs. Here each input
has its real and imaginary component and 2 Gaussian type-1 fuzzy sets are
assigned to each component of each input. The number of rules for example for a
three complex input system is 64. Similar to ANFIS, the premise parameters were
updated with gradient descent and the consequent parameters were updated via
the least square algorithm. In ANCFIS architecture phase and magnitude are
coupled with each other [1]. This approach leads to a parsimonious network

structure, different from other proposed architectures [73] [74].
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Chapter 3: An Introduction to ANCFIS

The original ANCFIS architecture was developed by Chen et al. [8]. ANCFIS is a
six-layer adaptive neural network with complex-valued signals through much of
the network [8]. Its adaptive nodes are in layer one and five. Figure 3.1 represents

one example of ANCFIS architecture with one input and three rules.

=

Figure 3.1: An ANCFIS architecture [8]

ANCFIS is based on ANFIS [7] architecture with some modifications. First
ANFIS needs several inputs to capture a segment of univariate time series which
leads to a combinatorial exploration in number of inferential rules, but ANCFIS
get only a single input which is a sliding window of observed values in the time
series. Consequently by requiring a lower input dimensionality, ANCFIS step
aside from the “curse of dimensionality”. Also input presentation is a natural
consequence of using complex fuzzy sets; thus, a segment of the time series must
be available to match its phase and frequency with our proposed complex fuzzy
sets. Thus, usual practice of selecting prior values of the time series as orthogonal
inputs to a learning algorithm (“lagged” representation) destroys this phase
information, and cannot be used. The main modification in ANCFIS is addition of
layer four which is a dot-product layer. This layer is closely related to the rule
inference.

In ANCFIS a parameterized form of complex fuzzy set is required. The best

choice is sinusoid. Under general conditions, an arbitrary periodic function can be
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represented by a Fourier series, the sum of a series of sine and cosine terms. The
complex fuzzy set which is used for ANCFIS is represented by:

r(¢) =dsin(a@+b)+c (3.1)
where, r(0) is magnitude, and & is the phase of complex membership value.
Also, the set of {a,b,c,d} are adaptive parameters that manipulate the sine
function, where a means frequency of a sine wave, b represents a phase shift, ¢
shifts the sine wave vertically and d varies the amplitude of the wave. There are
two constraints for the amplitude of the complex fuzzy membership, as it is within
the unitdisc: 0<d+c¢<1,0<d <c<1.

Same as ANFIS, in ANCFIS, least-square optimization is applied for forward
pass, and parameters of layer five (consequents) are determined. In backward pass
ANFIS employs gradient descent method to determine parameters of layer one
(premise). However, in ANCFIS, gradient descent is used until it reaches a point
where it does not work properly, that is, the partial derivatives of the parameters
of the complex fuzzy sets in ANCFIS do not have a closed form solution. Then,
derivative-free optimization technique is used to update the complex fuzzy set
parameters of layer one. In the basic ANCFIS architecture, the derivative-free

optimization technique method which is applied is VNCSA.

3.1 The VNCSA Algorithm

In simulated annealing (SA), the value of an objective to be minimized is similar
to energy in a thermodynamic annealing process. At high “temperatures,” SA
allows function evaluations at faraway points and it is likely to accept a new point
with higher energy. As the “temperature” decreases, the algorithm is increasingly
restricted to a local neighborhood. The disadvantage of SA lies in its dependence
on the random number generator; a random search ofa large solution space can be
very slow. Chaotic maps provide an alternative means of exploring a solution
space, which is confined to a (possibly fractal) subspace and thus can be much

faster. A transiently chaotic neural network (TCNN) [75] was proposed to solve
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combinatorial optimization problems by introducing simulated annealing to
Hopfield neural network (HNN). The nonlinear dynamics approach [76] used an
additive chaotic forcing function in determining the global minimum of a
continuous, unconstrained or bound-constrained cost function. The Chaotic
Simulated Annealing (CSA) algorithm [77] introduced the concepts of chaotic
initialization and chaotic sequences to SA.

In mathematics and physics, many one—dimensional maps exhibit sensitivity to
initial conditions, with small changes in initial conditions leading to large changes
in the long-term outcome (popularly known as the “butterfly effect”). Due to this
sensitivity, the behavior of nonlinear chaotic maps seems to be random, as any
measurement error in initial conditions is magnified exponentially through time.
However, these maps are deterministic, analytical functions (hence the term

“deterministic chaos”) [64]. Anexample is the logistic map given by:

X = X, 1—X,), X, €[0]] (3.2)
This map is known to be chaotic for parameter values of p= 4.0 [8]. The long-
term behavior of this map covers the entire codomain of the map (i.e. [0,1]), as
long as the initial point of the map (xo) is not one of the fixed points of the logistic

5445 5-45 2+4/3
8 ] 8 ) 4 L

map; these consist of the set {0, 0.25, 0.5, 0.75, 1.0,

2=V _4\/5 }8]. The Ulam-von Neumann Map is another chaotic map defined by
Yo =1-1y,%, ¥, €[-1]] (33)
This function is chaotic and covers the codomain of [-1,1] for parameter values r

> 2.0. These two maps are used to replace the random number generator in the

simulated annealing algorithm.

The VNCSA algorithm was developed to solve nonlinear constrained

optimization problems:

minimize f(S) subjectto ¢,(S)=0, ¢;(S)20,icE, jel (3.4)
where f() is the objective function, S is the control variable(s), c; is the set of

equality constraints in the problem, and c; is the set of inequality constraints; both
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these sets are assumed finite. VNCSA simulates the cooling of a physical system
whose possible energies correspond to the values of the objective function to be
minimized, and allows solution candidates of worse quality than the current
solution (uphill moves) in order to escape from local minima. The probability of
allowing an uphill move is represented by the temperature parameter, which is
reduced over time. The algorithm starts by producing a group of solutions
satisfying all given constraints, by iterating the Logistic map from a random initial
point with the parameter u=4.0. Then, three steps are iterated until the stopping
condition is reached: 1) A new solution Spey is generated from the neighborhood
N(S) by iterating the Ulam-von Neumann map; 2) Spew IS checked against the
constraints, and discarded if it does not meet them all (goto (1)); 3) f(Snew),
f(Scurrent) @and temperature T are compared to decide if Spew IS accepted as the new
current solution. The structure of the VNCSA is given in Algorithm 1. In this
algorithm, Lyax is the number of iterations at a given temperature, and M is the
number of solutions generated per iteration (equally, iterations of the Ulam-von
Neumann map). The distinguishing characteristic of VNCSA (differentiating it
frome.q. [77]) is the variable neighborhood step, which modifies N(S). After Liax
iterations at a given temperature, both the temperature and the size of the search
neighborhood are updated; the new search neighborhood will be based on the
magnitude of the update at the previous temperature. This will (usually) cause the

neighborhood to contract, leading to a further speedup in the algorithm.
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Begin
S ‘= GeneratelnitialSolutionPopulationLogisticMap()

current *

T, =SetlnitializationTemperature()
While (T, <T,,,) do
While(l1 <L, )do
While(m< M)
S, =PickNeighborAtUlam_von_NeumannMap()
if f(She) < T(Semeny) then
Seurrent = Sew
else
accept S, ,,as new solution with probability
X (= (f (Spew) = T Courren))/T)
end if
end while
end while
UpdateNeighborhood( D)
Update Temperature( T, )
end while
Spest = Seurrent
output: S, viewed as optimization solution for x
End

Algorithm 1: VNCSA

3.2 ANCFIS Architecture

As mentioned before ANCFIS has six layers. Inthe following, it is described how

each layer works:

Layer 1: Premise parameters

Here premise parameters are {a;, b;, ¢, di} withi=1, 2..., n-CMF, where n-CMF
represents the number of complex membership functions. Inthis layer the
convolution of each membership function (MF) and input vector are computed.
The MF is sampled by:

r.(6,)=dsin(ag, +b)+c (3.5
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0, _ 27y (3.6)

n
Here n is length of input vector and k is the element index of complex samples,
k=1, 2, ..., n. The sampled points are converted from polar to rectangular
coordinates using well-known transforms [4]:

X, =, cos(6,) 3.7)
Yy, =Iir, sin(6,) (3.8)
These samples with complex value are convolved with the original real-valued
input vector. Considering f is input vector and g is sampled point vector and n is

length of f and m is length of g, a vector of length m+n-1 is called h whose kth

element is:

h(k)=> f(i)ak+1-j) (3.69)
i

g(k +1_ J) = Xk+1—j + iyk+l—j = r-kJrl—j Cos(ekJrl—j) + ir-k+l—j Sin(ekJrl—j) (310)

This sum covers all values of j which lead to subscript for f(j)and g(k +1- j);

j=max(Lk +1—n):min(k,m).
Suppose that both two vectors are within the same length; m=n; the result is:

h@® = f@*9@)
h(2)=1@M)*g(2)+ f(2)*g@)

h(in)=f@)*g(n)+ f(2)*g(n-D+...+ f(n)*g@)

h(2n-1) = f(n)*g(n))

In conclusion the convolution sum is equal to:

2n-1 2n-1  min(k,n)
2hk)=> > fi)gk+1-j) (3.11)
k=1 k=1 j=max(Lk-+1-n)

Convolution sum can be expressed as a form of neural network in Figure 3.2.

SMF,; is the weight which connecting the j™ element of input vector ANCFIS to

k"sample point of i" membership function in first layer. This insight provides
essential guidance in driving the gradient descent formula for ANCFIS learning

algorithm (however, note that this is only a conceptual tool, the neural network in

36



Figure 3.1 does not in fact exist). So the convolution sum equation can be

represented this way:

Convolution sum = Z(Oo,j xZSMFikj] [8] (3.12)
k=1 k=1

Where nis the length of the input vector, and O, ;, j =1,2,...n, denotes the jth

element of the input vector presented to ANCFIS. This sum might not be
restricted to the unit disc of the complex plane; to enforce this restriction without

changing the phase of the sum, the Elliot function is employed [78]:

f(2) = (3.13)

which z is a complex number.
Substituting Eq. (2.13) into Eq. (2.14), the output of the nodes in layer one is
givenby:

i(OOJ X iSI\/IFikjj
k=1 k=1
O, = N
(Oo,j X ZSMFMJ
1 k=1

i=12,..n_CMF (3.14)

n

1+

k=
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Node 1 of MF1

Convolution-sum-1

MF212 Node 1 of MF2

F221

Node 2 of MF2

Figure 3.2: Implicit structure in the convolution of input vector and sampled points
generated from complex membership function (SMF111 =SMF112 , SMF121 =
SMF122 , SMF211 = SMF 212 , SMF221 = SMF 222 )[8]

Convolution-sum-2

SMF222

Layer 2: Firing strength

Each node in this layer is a fixed node and output is product of its complex inputs.

0, ZHOLi’i =12,...,|Oy] (3.15)

In Figure 3.1, the network only has one input vector X (univariate time series) so
the output of layer two is the same as layer one. Each output of layer two
represents the firing strength of a fuzzy rule. In multivariate time series, it can
also involve interaction between inputs. The algebraic product is identified as a
complex fuzzy conjunction in [1], and was proposed as a complex fuzzy

intersection in [79].

Layer 3: Normalized firing strength

This layer is responsible for normalizing the firing strength:
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0, =W, = =———,i=12,..,|0,] (3.16)

O]
Here Z‘wj‘ represents the sum of magnitude of each weight w; and |02| is the
j=1

number of rules. Inthis layer, only magnitude is normalized and phase does not

change.

Layer 4: Dot product
Output of each node in this layer is dot product of normalized firing strength and
sum of outputs of all nodes in the previous layer. The equation is:

O

O, =W =w, e > W, i =12,...[0] (3.17)
i=1

O __
|O3| is the number of nodes in layer 3 and ZWi is a complex sum. Output of
i=1

this layer is a real value.

Layer 5: Consequent parameters

Each node in this layer is an adaptive node in the hybrid learning rule. Calculation
of each output node i is represented by:

DP fi

OS,i =W, = WiDP (E; + ri)

(3.18)
=W (P X+ PigXo .t PiXj Fot PinX, 1), j=12,,0

where, w>is the i"™ output of the layer four and X;is the j"value in the input

vector, n is the input vector length and {E,ri}is the parameter set for the linear

output function. The length of Eis the same as input vector X and ris a

constant. Parameters in this layer are called ‘consequent parameters’, which are

identified in forward pass using a linear least square estimator ([7], [80], [81]).
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Layer 6: Final output
This layer has just one node which is the overall summation of incoming signals

of layer five.

Opy =W => W f (3.19)

3.3 ANCFIS Back propagation

In this section, back propagation for updating the sampled points will be
discussed. Here premise parameters are not updated as there is no closed-form
solution for derivative of network error [8]. Instead, the SMF (sample

membership function) points are updated.
The sum of squared error is used for error measure for p™entry of training

dataset. Here, 1< p < P, and sum of squared error is defined as below:
N(L) ,
= 2 (g =x.4) (3.20)
q=1

where, d is q™ of p"desired output vector, L refers to layer number and X q 08

q™ component of p™actual output vector of the whole network. The main

purpose of ANCFIS is to minimize the total errors of the system which is sum of

allE,. Interms of defining the error signal, Eis defined as the derivative of E,
regarding to the output of node i in layer I.
0'E,
OX, ;

5 = (3.21)

The error signal of ith output node in layer L is calculated by equation 3.19.
0'E, ©OE,
X O,

ELi = =—2(d; —x.;) (3.22)

Then, for each internal node of ANCFIS network the error signal is calculated as

below:
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a* E N(m+1) AE N (m+1) af
fi=—t= ) L N g (3.23)

o axI,i 1=1 axI,i aXL,i 1=1 e 8xl,i

In equation 3.23, the index i refer to node position in layer | and error signals and
m refers to nodes in layer | +1. For each internal node, error signal is as a linear
combination of error signals from next layer that is 1+1.

For calculating the partial derivatives related to complex variables, the approach
in ANCFIS is similar to [82] and alternative approach is described in [63]. If one
writes:

f(z)=u(z)+iv(z)=u(x,y)+iv(x,y) (3.24)

And let z=x+iy,z=x—iyand dz = dx+idy; then:

=-'° 3.25
X=— (3.25)
-7
2
Then, the partial derivatives of the Elliot function, a_u@a_u@ can be stated
OX OX oy oy
as:
2
(y—+|z|z if [2) %0
u, = |z|(1+|z|) (3.26)
1 |2/ =0
_Xy .
——— if|z/#0
U, =1 |2+ [zl
0 |z|=0
_Xy R
—— if 2] #0
e
0 |z|=0
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After finding all values related to all ¢, ;s, the gradient for SMF in the first layer

can be computed:

X; = f(z)=uy, +ivy;, z,; = X iyt = Z(Xo,i XZSMFWJJ (3.27)
j=1 k=1
Here x,; isthe neuron iin the first layer of the network. The partial derivatives

for x and y with respect to that realand imaginary parts are R and I, are as follows:

Li Li Li Li
LC. S S . S i (3.28)
OSMF, OSMF,, ' OSMF,,  OSMFy,

The function E , includes both u,; (x*', y*")andv,; (x*',y*'), and x*'and y*'are
both functions of SMF,; and SMF,;, . The gradient of error function with respect

to the real part of SMF,, is expressed by:

0'E, O'E [ou; ox™ ou,; oy
= = +—= +
OSMF;z  Ou; ox*! OSMF,q oy OSMF,q

a+Ep [avl,i oxt! +8Vl,i Gyl’i J

ovy; | X" OSMRFy,  Oy™ OSMFy,
0'E, ou,, O'E, oOv,
= PP X (3.29)
ou; ox'  ovy, oxT )
0'E, 0'E, L )
In 3.29, . and are the real and the imaginary parts of the error signals
1i 1i

. _ Ouy; oVy; . .
of node iin the first layer, the terms p - and 3 —are the partial derivatives of
X X

the real and imaginary parts of the Elliott function with respect to the real part of
the convolution sum. Now for the gradient of the error function with respect to the

imaginary part SMF,;, , the equation is as written by:

0'E, O'E, [ou,; oxM ou,, oy
= 1 4k +
GSMF“(J-, 6u11i oxM GSI\/IFikjl ayl" 8SMFikj,
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6+Ep avl’i 6Xl,i .\ 8V1’i ayl,i
ovy; | o™ 8SMRy,  oy™ 8SMR,

0°E, du,, O'E, ov,,
:[ p i P 1,.] ) (3.30)

— + — |X
ouy; oy ovy; oy o
Now, for gradient of error function E , with respect to the complex sample SMF,;,

both equations 3.26 and 3.27 are used:

0'E, _ 0'E, . O,
OSMF,, 8SMFMR OSMF,kJ,

(3.31)

B 8+Ep ou,; +8+Ep vy, . (TE ouy; +8+Ep OV,
- ou, ; ox* OV, axtt ) aul. ayll OV, ayl’i

After calculation ofall ¢ ;, the update for a generic weight SMF,; can be executed

by:
O'E of .
P—g (3.32)
OSMF,, ' 8SMF,
and,
P O'E,
=> (3.33)
aSMF aSMF

p=1
where, f,;is related to the function of node i of the first layer.

By using steepest descent, the formula for generic complex sample is updated as
3.34.

+

7 SMF, _"Z aSMF

ASMF, = (3.34)

where, nis the learning rate parameter which is defined by user. As with ANFIS,

the learning rate parameter is adapted using the following heuristic rules [7]:
1. Ifthe parameter undergoes m consecutive reductions, increase n by a user-

defined factor: n =7 *increase rate
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2. Ifthe parameter undergoes n consecutive combinations of one reduction and

one increase, decrease 7 by a user-defined factor: 7 =7 * decrease rate
Once all ¢, ’s are obtained, one can straightforwardly calculate the gradient for a

generic weight SMF,; in node i according to Equations 3.32 and 3.33.
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Chapter 4.
Off-Line experiments on Univariate Datasets

In this chapter, the results of a series of univariate forecasting experiments using
ANCEFIS are described. The experimental design used in this chapter is typically
applied in time series forecasting: we use a single-split design, in which all
training data are chronologically earlier than the holdout test sample. The learning
objective is a one-step-ahead prediction task. In the context of ANCFIS, this
means predicting the time series value immediately following the most recent
entry in the input window. The time series are normalized to the interval [0,1].
The size of the input window is selected to approximately cover one “period” in
the time series. Our experiments include five real-world datasets: Sunspot [15]-
[21], Santa Fe A (laser) [11]-[14], Waves [23], Mackey-Glass [5][9][10] and
Stellar (Star) [21]-[23]. Mackey-Glass and Santa Fe A (Laser) are known to be
chaotic time series.

The performance of ANCFIS is compared to current results for each dataset in the
literature. The time-series forecasting literature employs several different
measures of forecast error; these include the Mean Squared Error (MSE),
Normalized Mean Squared Error (NMSE), the Non-Dimensional Error Index
(NDEI), Absolute Error, (AE), and Average Relative Variance (ARV); this latter
is equivalent to NMSE. These measures are defined as:

AbsError = i@ (4.1)

RMSE = iM 4.2)
= | > - ,

MSE = iw (4.3)

45



1 .
NMSE = > Z(Yi —Yi )2 (4.4)
o, Nix

NDE] = YMSE _ Vi (4.5)
GX O-X
0 =LY (-’ (4.6)

where, o is standard deviation and o,” is variance of the test time series. v, is

the desired output, V;is the estimated output and n is the total number of

examples in the testing dataset.

4.1 Mackey-Glass dataset

The time series used is the Mackey-Glass function, given by:

X(t) = % —0.1x(t) @.7)

This is the same time series as Jang [5][9][10] where time step is 0.1, initial
condition x(0) =1.2 and t =17 , with 1000 points; these run from t=124 to t=1123,
to avoid initialization transients. As in Jang’s work, the first 500 data points are
used as the training set, while the remaining 500 pairs are the test data set. A

window of 44 data points is used as our input vector.
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Figure 4.1: Mackey-Glass dataset

Table 4.1 presents all the parameters applied to ANCFIS to find best results for

Laser dataset and also Table 4.2 presents the best results found for different error

measurements.
= @) (%) = = - = w
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Table 4.1: Training Parameters for Mackey-Glass Dataset

RMSE

MSE

NMSE

NDEI

0.000141

3.00% (-7)

0.0027

1.37216(-6)

Table 4.2: Different error measurements for Mackey-Glass

The results for ANCFIS are compared to the published literature in Table 4.3.

ANCEFIS consistently had lower errors on the various measures reported in the

literature as compared to the existing techniques.
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Method NDEI MSE NMSE
ANCFIS 0.0027 3.099x10” 1.37x10°
ANFIS[83] 0.007 - -
AR model [83] 0.19 - -
Cascade-correlation NN [84] 0.06 - -
Backpropagation NN [84] 0.02 - -

6" — order Polynomial [84] 0.04 - -
Linear predictor [84] 0.55 - -
TSK-NFIS [21] 0.0406 2.18x107° -
AR model [21] 0.0492 3.2x10” -
NAR [21] 0.0466 2.89x10” -
Neural Network [21] 0.0488 3.21x10” -
SVR [17] - - 45x10°
Bagging SVR [17] - - 2.0x10°°
Boosting SVR (median) [17] - - 8.2x10™
Boosting SVR (mean) [17] - - 8.0x10™

Table 4.3: Comparison of Test Error for Mackey-Glass Dataset

Further analysis of the ANCFIS results are provided in Figure4.2 and 4.3, where
we plot the predicted and actual outputs in part 4.2 and the prediction errors in
4.3. Plainly, the ANCFIS forecasts track this chaotic time series quite closely,

using only three rules.
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Figure 4.2: Mackey-Glass test results for one-step prediction
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Figure 4.3: Mackey-Glass testerrors

A detailed explanation of the analysis of the learning taking place in Layer 1 of
ANCFIS is presented in Table 4.4, where we present the three complex
membership functions after training. As a usual practice, these parameters are
initialized to small random values prior to the start of the training process. It
should be noted that the phase of the third membership function is constant (a=0),

meaning that the entire membership function becomes a constant value.

a b c d
CFs1 0.969617 48.03118 0.861239 0.085948
CFS 2 6.31E-05 39.60439 0.129598 0.031515
CFS3 0 83.98123 0.345205 0.119537

Table 4.4: Membership Functions after Training for Mackey-Glass dataset

4.2 Santa Fe A (Laser) dataset

Santa Fe A is the first dataset in a series of six datasets of Santa Fe time series
competition [14] in 1991. This is a univariate time series dataset which was
contributed by Udo Huebner [11]-[13] and were collected primarily by N. B.
Abraham and C. O. Weiss. These data were recorded from a Far-Infrared-Laser in

a chaotic state. Specially, the measurements were made on an 81.5-micron 14NH3
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cw (FIR) laser, pumped optically by the P(13) line of an N20O laser via the
vibration of aQ(8,7) NH3 transition. The normalized laser data are shown in
Figure 4.4. The first 900 data points are used as training data, while the last 100
are used as testing data (in common with [54]). The length of input vector is set to

8 leading to 892 input-output data pairs as training data set and 92 data pairs as

testing data set for ANCFIS.

1 101 201 301 401 501 601 701 801 901 1001

Figure 4.4: Santa Fe A after normalization

Table 4.5 represents all the parameters applied to ANCFIS to find best results for
Laser dataset and also Table 4.6 represents the best results found for different

error measurements.

n B P q 4
1 8 1 2 | 0001 | 1.1 | 0.7 | 100 | 2 | 0.99 | 0.95 | 0.01 | 0.98 | 400
Table 4.5: Parameters for the Santa Fe A Dataset
RMSE MSE NMSE NDEI
0.033 0.001089 0.0274 0.1655

Table 4.6: Differenterror measurements for Santa Fe A
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We compare the results for ANCFIS and the published literature in Table 4.7.
Overall, ANCFIS is in the general range of recent forecasting results for this
dataset (while using only 2 rules), but does not yield the lowest error.

Method NMSE
ANCFIS 0.0274
[85] 0.028
[80] 0.026
[11] 0.0701
[86] 0.099
MLP [87] 0.0996
MLP IT [87] 0.1582
LSTM [87] 0.3959
LSTM IT [87] 0.3642
Linear [87] 1.2505
FIRN [88] 0.023
SFIRN [88] 0.0273
MLP [89] 0.0177
RSOM [89] 0.0833
EP-MLP [90] 0.2159
[91] 0.077
[92] 0.016
[93] 0.029
Method MSE
ANCFIS 0.001089
[86] 0.0014

Table 4.7: Comparison of testing errors for Santa Fe dataset A (Laser)

Further analyses of the ANCFIS results are presented. Actual versus predicted
outputs and prediction errors are given in Figures 4.5 and 4.6. Again, it can be
observed that ANCFIS tracks this dataset fairly well, except for a small number of

points near the “peaks” of the output. The trained CFS parameters are presented in

Table 4.8.
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Figure4.5: Santa Fe A test results for one-step prediction
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Figure4.6: Santa Fe A predictionerror
a B c d
CFS1 6.988808 9.29139 0.690029 0.174359
CFS2 8.956521 6.035124 0.354891 0.117247

Table 4.8: Membership Functions after Training for Santa Fe A dataset

4.3 Sunspot dataset

Zurich or Wolf sunspot number (now commonly referred to as sunspot number) is

the average number of sunspots per year as measured from 1700 to 1979. This
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time series was chosen because it is a commonly cited time series dataset
[15][16][94][95] and [17]-[21]. The normalized data is shown in Figure 4.7.
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Figure4.7: Sunspot after normalization
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The years 1700-1920 are used as training data, while the remaining years up to
1979 are used as testing data. This is consistent with the experiments from [18].
In other papers [15]-[17], [94][95] and [19]-[21], authors used different number of

data points as training data and testing data.

Ble e8|l d o|” 87 & X% x| 8| e 5| *°
2 |- 7y o N & % -
1 2 | 1 3 [0001 [ 11 [ 08 [ 100 [ 2 [099 [0095 [ 001 [ 0.98 [ 400
Table 4.9: Training Parameters for Sunspot Dataset
RMSE MSE NMSE NDEI
0.091 0.00829 0.3608 0.1302

Table 4.10: Differenterror measurements for Sunspot

The forecasting results are compared to the literature in Table 4.11. ANCFIS is

often superior, except against one method in a 1997 article, and one publication in
2009 (last four rows). However, while the four methods investigated by [96]
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yielded a lower MSE, the ANCFIS architecture is superior when the same results
are measured by NDEI. This likely means the four methods in [96] and ANCFIS
are not significantly different on this dataset.

Method ARV NMSE MSE NDEI
ANCFIS 0.1302 0.1302 8.29x10°° 0.3608
ARMA [97] 0.252 - - -
Elman [97] 0.348 - - -
Extended Elman [97] 0.162 - - -
FIR [97] 0.115 - - -
SVR [17] - 0.64 - -
Bagging SVR [17] - 0.58 - -
Boosting SVR (median) - 0.27 - -
[17]
Boosting SVR (mean) [17] - 0.33 - -
SWM [20] - 0.178 - -
SVM Ensemble [20] - 0.1541 - -
[98] - 0.28 - -
[99] - 0.35 - -
TSK-NFIS [21] - - 1.32x10° 0.38
AR[21] - - 1.36x10° 0.385
NAR [21] - - 2.68x107 0.541
Neural Network [21] - - 2.17x107 0.486
ANCFIS [58] [18]
Absolute Error 0.068 13.83 13.73

Table 4.11: Comparison of Testing Error for Sunspot Dataset

Further analysis of ANCFIS is provided in Figures 4.8 and 4.9. Again, Figure 4.8
presents actual versus predicted values, while 4.9 presents prediction errors. The

trained membership function parameters are presented in Table 4.12.
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Figure4.8: Sunspot test results for one-step prediction
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Figure4.9: Sunspot prediction error
a b c d
CFS 1 1.000299 81.34112 0.771363 0.109397
CFS 2 1.76E-05 16.28847 0.463418 0.258022
CFS3 2.421611 65.95746 0.196038 0.011797

Table 4.12: Membership Functions after Training for Sunspot dataset

4.4 Stellar (Star) dataset

Star dataset refers to a record of daily brightness of a variable star during 600
nights; see the normalized data in Figure 4.10. There are 480 data points that are

chosen as training dataset and the rest which is 120 is used as testing dataset. The
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length of input vector is set at 27 which give a total number of 93 for testing data
pairs and 453 for training data pairs. Table 4.13 represents training parameters

applied to Star testing dataset.
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Figure4.10: Star after normalization
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Table 4.13: Training Parameters for the Star Dataset
RMSE MSE NMSE NDEI
0.00749 5.6106e(-5) 0.0029 0.00084

Table 4.14: Differenterror measurements for Star

Our forecasting results are compared to the literature in Table 4.15. Again, further
analysis of the ANCFIS results are provided in Figures 4.11 and 4.12. Actual
versus predicted outputs are plotted in Figure 4.11, while prediction errors are

plotted in 4.12.
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Method MSE NDEI

ANCFIS 5.61x10” 0.0029
TSK-NFIS [21] 3.31x10™ 0.0609
AR [21] 3.22x10™ 0.0601
NAR [21] 3.12x10™ 0.0592
Neural Network [21] 3.11x10™ 0.0591

Table 4.15: Comparison of Testing Error for Star dataset
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Figure4.11: Star test results for one-step prediction
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Figure4.12: Star predictionerror

The trained membership function parameters appear in Table 4.16. It is interesting
to note that the values for the d parameter are extremely small for the two of the
three CFSs. This will mean that the magnitude of the CFS will be nearly constant

(equal to the value of c).
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a b c d
CFS1 1.305374 57.13477 0.184654 0.0001
CFS 2 0.859259 12.02859 0.281818 0.094417
CFS 3 6.663302 58.42737 0.431561 0.0001

Table 4.16: Membership Functions after Training for Star dataset

45 Waves dataset

Wave’s dataset [23] is a time series that records forces on a cylinder suspended in

a tank of water with sampling interval 0.15 second and contains 320 data points as

shown in Figure 4.13. We choose the first 256 points as the training data set, and
the remaining 64 points as the testing data. Training parameters are listed in Table

4.17.
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Figure4.13: Waves after normalization
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Table 4.17: Training Parameters for the Waves Dataset
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Table 4.18 presents the best results found for different error measurements.

RMSE MSE NMSE NDEI
0.0567 0.003215 0.3136 0.0983

Table 4.18: Differenterror measurements for Waves

Actual versus predicted outputs are plotted in Figure 4.14 and prediction errors

are plotted in Figure 4.15.
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Figure4.14: Waves test results for one-step prediction
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This dataset has seen subject to limited use. There is only one article that reports
on it, where the MSE error was not explicitly reported (the value in Table 4.19
was determined from observation of a graph, not a numeric value). However,
ANCFIS does outperform this technique. Membership functions after training are
reported in Table 4.20.

Method MSE
ANCFIS 0.003215
[100] ~0.007

Table 4.19: Comparison of Testing Error for Waves Dataset

a b c d
CFs1 9.680839 78.30599 0.025103 0.0001
CFS2 0.000834 78.62769 0.568644 0.000369
CFS 3 5.99933 31.41722 0.338266 0.012879

Table 4.20: Membership Functions after Training for Waves dataset

In the five experimental contrasts, Off-line ANCFIS is comparable to published
results on all five real-world datasets. It has not been pursued a test of statistical
significance, as the training and testing sets vary widely between different
investigations for any dataset. However, ANCFIS is a viable forecasting
algorithm. It is also worth noting that the ANCFIS network achieves this
performance with an extremely parsimonious network; no more than three rules
are used for any dataset, including the two chaotic ones. In general, ANCFIS

provides a very compact representation of a time series.
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Chapter 5:

Online Learning for Univariate Case

There are many situations such as in real-time applications, where data becomes
available gradually and is not available in a single batch. For example, in
applications related to sensor networks, transaction log analysis and internet
traffic measurements, data become available incrementally. This is particularly
true in time series forecasting, where we often seek to create prediction models
for ongoing phenomena. In these situations, it is important to use online learning
algorithms [49][50][101], as they are a better fit to the learning problem. It is also
cheaper to update the existing model instead of building a new model [102][103].
There are lots of applications which prefers online learning to batch learning as
online learning does not need to do retraining when new data is available [104]-
[107].

The original ANCFIS architecture [8], however, exclusively uses offline or batch
learning. Thus, there is a need to create a variant of ANCFIS that employs online
learning in time series forecasting.

We have developed online ANCFIS to meet this need. The online ANCFIS
architecture is based on the original ANCFIS architecture, with substantial
changes. To update the premise parameters in layer 1, we replace VNCSA with
another derivative-free optimization algorithm. Also, recursive- least-square (RLS)
[108]-[114] replaces the regular least square algorithm for updating consequence
parameters in layer 5. We evaluate online ANCFIS on two of the datasets from
Chapter 4. We find that, while batch learning does outperform online learning, the
differences are small and the online ANCFIS still outperforms almost all
published results on these datasets.

The remainder of this chapter is organized as follows. We first explain the Down-
Hill simplex algorithm and RLS estimation in Section 5.1. The online ANCFIS

design will be discussed in Section 5.2, and we evaluate the design on two
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datasets in Section 5.3. We offer a discussion and summary of this chapter in
Section 5.4.

5.1 Down-Hill Simplex Algorithm

Downhill simplex search [115][116][5] is a derivative-free method to optimize a
multidimensional function. The concept behind this method is simpler than other
methods such as simulated-annealing and it is faster but the disadvantage of this
method is that it may find a local minimum instead of a global minimum
depending on initial starting values for parameters with which it is initialized. So
it may be important to run the procedure with different starting points in order to
ascertain whether it will coverage the same, assumedly global, minimum.

This method uses the concept of simplex, which is a collection of (n + 1) vertices
in n dimensions. For example, in a two-dimensional space, the simplex is a
triangle. A function of n variables is minimized by repeatedly comparing its
values at the (n + 1) vertices and replacing the vertex with the highest value by
another point. The simplex under consideration changes directions and adapts
itself to local landscape to find the neighborhood of the global minimum. Changes
in the shape and direction of the simplex are due to a number of rules and
operations, which are described next.

To generate the simplex, we begin with an initial start point P, and compute the

remaining n points can be calculated using equation 5.1:

P=P+ae,i=1..n (5.1)
Here €, ’s are unit vectors which span the n-dimensional space and 4, is a constant
which reflects the guess of length scale of the optimization problem in question.
The function valueat P, is Yy, .

I =argmin;(y;) (/ for “low”)

h=argmax,(y;,) (4 for “high”) (5.2)

Here | and h are indices for minimum and maximum ofy; .
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y, =min; (y;) (5.3)
Yn =max; (y;)
The average of the (n+1) points is characterized by P . Each cycle in Downhill

Simplex method begins with P*. The four operations which are used in this

method, depend on the value at P”; first one is reflection from P, ; then second
one is reflection and expansion away from P, ; third is contraction on one

dimension which connects P, and P; and the last one is shrinkage of P, on all

dimensions. Figure 5.1 shows these four operations for a two input function.

(@) & P =P+a(P-B)

(b) B, P =P+yP -P)

N
N
' |

() =& P =P+pB(P,-P)
(d) s ‘ P=(P:P)

P

~
ey
~
~
-
D

)

Figure 5.1: Outcomes for acycle in the downhill simplex search after (a) reflection away
from Ph ; (b) reflection and expansion away from Ph ; () contraction along one dimension

connecting Ph and P ; (d) shrinkage toward P, alone all dimensions[5]

1. Reflectionaway from P,
The equation of reflection is 5.3.
P'=P+a(P-P
T Praeh) (5:3)
y =f(P)
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The reflection point is defined by P"and its value isy”. The reflection
coefficient o is a positive constant. As shown in figure 5.1, P* is on the
line which connects P, to P. Based on the value ofy”, one of the four
below steps will happen:

Ify" <y,,thendo expansion.
Ify, < y* =< MaX; i ngy.3. then replace P, with P and finish cycle.

IfMaX; i .nyy <Y <Y, then replace P, with P* and go to
contraction.

Ify, <Y, then go to contraction.

Expansion from P,

The equation of expansion is 5.4.

P"=P+y(P" -P)

y" =f(P")

The expansion point is defined by P™and its value isy”~ . The expansion

(5.4)

coefficient yis greater than unity. Depend on the value of y~, we have:
Ify” <y,,thenreplace P, with P™ and finish cycle.

Ify” > y,, then replace P, with original reflection point P” and finish
cycle.

. Contraction along one dimension connecting P, and P
The equation of contraction is 5.5.

P" =P+ (P, -P)

y" =1(P")

The contraction point is defined by P™and its value isy . The

(5.5)

contraction coefficient S is between 0 and 1. Here also we have:
Ify <y or ¥i <Y SMaX;i ey orMaXingy <Y <Yy,

thenreplace P, with P™ and finish cycle. Otherwise go to shrinkage.
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4. Shrinkage toward P, alongall dimensions.

Here each P, is replaced with Glal))

Here it is important to find best values for constants &, g and y . Finding these

values depends on their applications and can be found by trial-and-error but a

good starting pointis («, B,7) = (1, 0.5, 2) which is suggested by Nedler and
Mead’s original paper [115][116].

5.1.1 Recursive Least-Squares Estimation

In the online ANCFIS, RLS (Recursive Least-Squares) [110]-[114] estimation is
applied to update parameters in layer five. Here the effect of old data pairs should
gradually decay as the new data pairs are presented. For this reason a weight is
assigned to RLS method which put more importance on recent data. This weight
parameter usually varies between 0.9 and 1. If this parameter becomes smaller, it
removes the effect of old data faster. The recursive least squares method is based
on Equation (5.6) and (5.7).

6 =06+ Pi+1ai+1(yi-5-1 _aiT+1‘9i) (5:6)
1 Pa._,a'. P

) =_TP RN B = e Sl 7

i+1 ﬂ,[ i /1+ai'|;lpiai+1] (5 )

5.2 Online ANCF IS Design

While the design of online ANCFIS is based on offline ANCFIS design [5], still
there are major differences. Similar to offline ANCFIS in forward pass we have to
determine a complex-valued membership given a segment of time series and a
CFS membership function; thus in backward pass, we used another derivative-free
optimization technique which is Downhill-simplex instead of VNCSA to

determine the CFS parameters{a,b,c,d}. These changes are done due to the fact
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that VNCSA does a global optimization, which would overfit a single training
pattern. In this work only a single iteration of the downhill-simplex method is
done (instead of running it until convergence on a single pattern), in order to
avoid over fitting. Also consequence parameters are found using RLS. Although
the suggested range of values for lambda in RLS is between 0.9 and 1 [5], we
tried to apply smaller values for Lambda to investigate the performance of the
system as the effect of old data decays faster.

To start the downhill simplex search, ineach epoch for the first training vector we
must initialize the simplex of (4+1=5) points in five dimensional space. First, we

need the initial starting point P,. Parameters for P,are the same parameters

chosen in forward pass for that related node. Then the rest of four points can be
calculated using equation 5.1. Here, Lambda is chosen by a random number
generator. After each training vector presentation, it is needed to find the premise

values of{a,b,c,d}. First, we should calculate the magnitude and phase of each
weight SMF;, by Equation 3.7 and 3.8, and then there is a set of m magnitude-

phase for each complex membership function. In Equation 5.8, we try to optimize
a model by minimizing a squared error measure between magnitudes of the
updated weights and the fitting value of complex membership function at given

phase related to magnitudes of the updated weights.

2 2
E(X) X5, X5, X,) = Z(magniturem —[X, *sin(x, * phase, + X,) + X;1) (5.8)

m=1

Where X, X,, X, X, are the premise parameters{a,b,c,d}, respectively, n is the
length of input vector, magniture, and phase, are magnitude-phase data pair of
the updated weight SMF;, . After presentation of each training vector, the values

found for each simplex point after the single iteration of the downhill-simplex
algorithm are kept to be used as the initial values of the simplex for the next
training vector. This continues until all training vectors are covered. Then, the

best founded minimum value is used with its parameters of a,b,c,d as the final

value for that training epoch. Then, the cycle is repeated.
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5.3 Experimental Results

In this section, the results of forecasting experiments using online learning are
reported. Two time series dataset is used; Sunspot and Waves. The experimental
design for each dataset is the same as in Chapter 4; a single-split, one-step-ahead
prediction design where all training data are chronologically earlier than the
holdout test sample. The size of the input window is selected to approximately
cover one “period” in the time series. The performance of online ANCFIS is
compared to current results for each dataset in the literature and also to the results
for offline ANCFIS. We again compute several different measures of forecast
errors for comparison with the literature; the definitions of these measures may be
found in Chapter 4. Different Lambda values are explored for each dataset.
Lambda values decrease in intervals of 0.1 from 1 to the point that training errors
become really huge and do not exceed any more. Also, other stopping criteria are
defined for our work. One of these stopping points is defined as difference value
between training errors in two sequential epochs. If this value exceeds the
minimum value we defined, the program stops. The other stopping point is
minimum error value defined by the user. If the training error becomes smaller
than this value, again the program stops. Even if none of these criteria are met,

the program stops when it reaches the maximum epoch number.

5.3.1 Sunspot Results

As Sunspot is a very popular time series dataset [17]-[21] and [15][16][94][95],
we used it to compare the results found in literature with our online experimental
results for ANCFIS. More detail about this dataset is indicated before in chapter 4.
All training parameters applied to online ANCFIS, are presented in table 5.1. As it
is shown, the values related to alpha, beta and gamma are the same values as what

Nelder and Mead suggested in their paper [101].
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Table 5.1: Training Parameters for sunspot dataset usedin online-ANCFIS

In the comparison between online ANCFIS results and results which are found in
literature, ANCFIS is often superior, except against one method published in 2009
(last four rows). Though, the four methods in [21] yielded a lower MSE, the
ANCFIS architecture is superior when the same results are measured by NDEI.
This may indicate that the four methods in [21] and ANCFIS don’t have much
difference on this dataset. Moreover, the results for online ANCFIS is very close

to offline ANCFIS which represents the good performance of this system.

Method ARV NMSE MSE NDEI
ANCEFIS (offline) 0.068 0.1302 8.29x10°° 0.3608
ANCEFIS (online) 0.069 0.1473 9.2x10° 0.38

ARMA [97] 0.252 - - -
Elman [97] 0.348 - - -
Extended Elman [97] 0.162 - - -
FIR[97] 0.115 - - -
SVR [17] - 0.64 - -
Bagging SVR [17] - 0.58 - -
Boosting SVR (median) - 0.27 - -
[17]
Boosting SVR (mean) - 0.33 - -
[17]
SWM [20] - 0.178 - -
SWM Ensemble [20] - 0.1541 - -
[98] - 0.28 - -
[99] - 0.35 - -
TSK-NFIS [21] - - 1.32x10° 0.38
AR[21] - - 1.36x10° 0.385
NAR [21] - - 2.68x107 0.541
Neural Network [21] - - 2.17x10°° 0.486
ANCFIS | ANCFIS [97] [60]
(offline) | (online)
Absolute Error 0.068 0.069 13.83 13.73

Table 5.2: Comparison of Testing Error for Sunspot Dataset

68



Further analyses of the online ANCFIS results are presented in Figure 5.2 and 5.3.
Figure 5.2 shows the actual versus predicted outputs and Figure 5.3 presents the

prediction errors.
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Figure 5.2: Sunspot test results for online prediction
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Figure 5.3: Sunspot test errors for online prediction

The best testing error is found with considering Lambda=1; the NMSE error
measured is 0.1473. As the values of Lambda decrease, test errors increase.
Figure 5.4 presents the different error values for different Lambda from1 to 0.5

and also Figure 5.5 shows these test error values from 1 to 0.3 where the error
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becomes really huge. Regarding these two figures, it is clear that after decreasing

Lambda below 0.9 the test error increases faster.

2.5

1.i A
N A

N N
R = T
o o o

— N
N
o

0.94
0.91
0.88
0.85
0.82
0.79
0.76
0.61
0.58
0.55

~
n
o

Figure 5.4: Testing NMSE errors for different lambda from 1 to 0.5
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Figure 5.5: Testing NMSE errors for different lambda from 1 to 0.3

5.3.2 Waves Results

The Waves dataset [23] is another time series dataset which is used for online
ANCFIS experiments. The experimental results for online ANCFIS is compared
to offline ANCFIS and the results found in literature This dataset is explained in
details in chapter four. Table 5.3 represents all the parameters applied to online

ANCEFIS to find best results for Waves dataset. Again, the parameter values of the
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three coefficients «, S,y are the same suggested values by Nelder and Mead

[101].
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Table 5.3: Training Parameters for Wavwes dataset usedin online-ANCFIS

Table 5.4 presents best results found for different error measurements for offline

and online learning methods. As it is shown, the results are quite similar.

MSE NDEI NMSE

Offline method 0.0032 0.3136 0.0983

Online method 0.0034 0.3330 0.1109
Table 5.4: Different error measurements for Waves

This dataset is not as popular as Sunspot dataset. We found only one article which
applies this dataset, though the MSE error was not mentioned numerically and it
was determined from the observation of a graph. Table 5.5 presents the
forecasting results; both online and offline ANCFIS results are superior to the

results in literature.

Method MSE
ANCEFIS (offline learning) 0.003215
ANCFIS (online learning) 0.003492
[66] ~0.007

Table 5.5: Comparison of Testing Error for Waves Dataset

More analysis is provided in Figure 5.6 and 5.7; which 5.8 again presents actual

versus predicted values and 5.9 presents prediction errors.
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Figure 5.6: Waves test results for online prediction
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Figure 5.7: Waves testerrors for online prediction

The best forecasting error for this time series dataset in online ANCFIS is found

for Lambda=0.99. Figure 5.6 and 5.7 represent the best forecasting results of the

online system with different Lambda; as the Lambda reduces our results become

worse till we reach to the point ( Lambda=0.35) that the error becomes really

huge.
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Figure 5.7: Testing e rrors for different lambda from 1 to 0.35

5.4 Discussion and Conclusions

In this chapter, we have presented and evaluated the design ofan online learning
algorithm for ANCFIS. The key design decisions were to replace VNCSA with
the downhill simplex algorithm (iterated only once per pattern), and to replace
least-squares estimation with recursive least-squares in learning the layer 5
consequent parameters. Although ANCFIS in batch mode does give us better
forecasting performance, online ANCFIS still outperforms almost all other
methods on these two datasets. Again, this is accomplished with three or fewer

rules in each dataset. We also found that this performance is reasonably robust
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against changes in the A parameter, which controls the contribution of older
patterns to the recursive least squares procedure. Our results show that complex
fuzzy logic systems can also be designed using online learning; this is the first

time that this has been demonstrated.
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Chapter 6: Multivariate ANCFIS

Multivariate forecasting consists of two or more observations recorded
sequentially over equal time increments. Usually, due to theory or physical
property, these observations should relate to each other in some fashion. This
relationship should in turn allow us to improve upon the forecasting of these time
series; the possibility of dynamic interactions among them is important [117][49].
Previously, the ANCFIS architecture was developed only for one input vector;
that is called univariate forecasting. However, a multivariate fuzzy inference
system is needed for the case where there are multiple input vectors.

In order to implement multivariate fuzzy inference, a multivariate ANCFIS
architecture is developed. The main difference between univariate and
multivariate ANCFIS system is related to the layer two where the algebraic
product (a complex fuzzy conjunction) is applied. This provision was made in the
original ANCFIS architecture, but was never fully implemented. Also, an
extension is needed in layer five to accommodate multivariate outputs.
Multivariate ANCFIS is applied to the domain of time-series forecasting, an
important machine learning problem. Four different time-series datasets are used:
Transport and tourism-motel [22], Hydrology-river flow [22][24], Macro-
economic [22] and Car-road-accident [25]-[27]. We compare these results against
the forecasts obtained by the univariate ANCFIS on each individual time series.
However, our performance evaluation is disappointing; in our experiments the
univariate version of ANCFIS is able to model the individual variates better than
the multivariate version can, even though the variates in each dataset are highly
correlated with each other. We provide extensive detail on our multivariate design

and experimental results, as a starting point for future work on this topic.

The remainder of this chapter is organized as follows. We first discuss the

multivariate ANCFIS design in section 6.1. We then present our experimental
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results in section 6.2. We conclude the chapter with a summary and discussion in

section 6.3.

6.1 Multivariate ANCFIS Design

Multivariate ANCFIS is an adaptive network with six layers. The architecture of
multivariate ANCFIS is similar to the original univariate ANCFIS with some
modifications. The difference in their architecture is related to layer two and layer
five. Layer two contains fixed nodes and is responsible for multiplication of
incoming signals and transferring them to the next layer. This layer output is the
firing strength of a fuzzy rule. As with ANFIS, the operations for this layer should
be conjunctions; here the algebraic product is applied, as it was proposed as a
complex fuzzy conjunction in [1][5][10]. The function related to this layer is as

below:
fz,m :H(Xl,i + iyl,i) (6.1)
i=1

Where m refers to nodes in layer two and n refers to total number of nodes in
layer one related to node m in layer two. When there are two input vectors, there
are two different nodes in layer one connected to each node in layer two. In this
case, the Equation 6.1 can be expressed as below:

2
f|,m = H(Xl,i + iyl,i) = (X1,1 + iy1,1)(X1,2 + iyl,z) =

i=1

(X1,1 X2 = Y1 yl,Z) + i(Xl,l Yio + X y1,1) (6'2)

Layer five includes adaptive nodes. The number of nodes in this layer is related

to the number of multivariate outputs. Each node in this layer is calculated by:

In_n _, _
O, :Wn?Pfi :WEP[Z(pi X))+ 1]

k=L
In_n

= Wn?P[Z(pi,lxk,l P Kottt Pi X Tt PinXen) 6] (6.3)
k=1

,1=12,...nnm=(i—(i%In_n))
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where w>"is the mth output of fourth layer, X ;is the jth value of kth input
vector, n is the length of input vector, In_n is the total numbers of input vector,
{P;, 1, }is the parameter set for linear output function, P, is a vector of the same

length as input vector X and r, is a constant. Figure 6.1 presents a multivariate

ANCEFIS for two input vectors (two variates).

X

Rl

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
Figure 6.1: Multivariatt ANCFIS network

As discussed before, for each internal node of ANCFIS network the error signal
was calculated by Equation 3.23. Regarding that we use algebraic product for

layer two, the error signals for layer two is calculated by:
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+ N(m+l) A+ N (m+1) af
gl’i _ 58 EP _ a Ep 1+1,m _ Z ngym I+1,m —
X).i 2 Xiam OX i-1 OXy ;
o T i, Fiam _
1+1,1 6X,’i 1+1,2 GXU ' s aX”

o((x,; + iyl,i)(xl,j + iY|,j)---((X|,k +1iy,,)) (6.4)

€111 o '
i
o((x,; + iyl,i)(xl,j’ + iij')---((XLk' +1iy, ) _
OX, ;

5|+1,1((X|,j + iylvj)...((xl’k +1y, ) +...+g|+1’ma((x,'j, + iy,‘j,)...((x,’k, +1y, )

Tt Em

Where the index i refers to node position in layer | and error signals and m refers
to nodes in layerl+1. Equation 6.4 shows that algebraic product used for
complex fuzzy numbers, which acts the same way as it is used for real numbers.

Next, the back propagation of two inputs multivariate ANCFIS is described.

6.1.1 Multivariate ANCFIS back propagation example

The back propagation equations can be computed through equations 3.20 to 3.31,
the same as original ANCFIS. Here errors in different layers are calculated from

last layer to first layer.
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Figure 6.2: Forward pass of a Multivariate ANCFIS structure with two inputs
and two complex membe rship functions for each input

&\ "" N
w,:.zmg
‘ Ao/

Layer 1 Layer 3 Layer 4 Layer 5 Layer 6

Figure 6.3: Backward pass of a Multivariate ANCFIS structure with two inputs and
two complex membership functions for each input

Figure 6.2 and 6.3 present the structure of multivariate ANCFIS for two input

vectors and in total four membership functions (two MF for each input). In below

this ANCFIS example is described.
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Fromthe output to layer 6:

OE,
&7 =

OXyy

OE
L :

Xy

= —2(d 27 X27)

= —2(d 26 Xze)

From layer 6 to layer 5:

27

26

=&y

0B, _OE, oty
B Oy OXyy Opg
0, _OE, oy
24 — - a 6
aX24 X26 X24
o OB OB
aXZS a)(27 a)(23
OB, O, oy
22
aXZZ 8X26 axzz
OB, _0E, oy
21
OXyy  OXyp OXyy
g OEs B, Oy
aXZO ax26 6)(20
Y
19
aXlg aX27 a)(19
OB, _ O, O
Ok 0%y OXgg

of,, a(zWiDP f.) _

s o (W, f,)
Of 56 c a(Z:WiDP f;) _
= &g —
6X24 a(W4 f4)
oty _ 0w f) _
27 — =
OXz3 o(w, f;)

o, O wrf)

OXy,

— ©26

a(w, f,)

&57

26

27

=&y

of,, o wrf)

aX21

O OQW'T)

&7

o(w, f,)

26

o(w, f,)

o(w, f,)

o(w; f,)

W)

oW )

&o7

€26

27

26

(6.6)

(6.7)

(6.8)

(6.9)

(6.10)

(6.11)

(6.12)

(6.13)

(6.14)

(6.15)
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From layer 5 to layer 4:

aEP _ aEP 8f25 aEP 6f24 _ 8f25 6f24 =
= =+ = 825 + 824 -
Xy Xy X, DXy, OX, Xy Xy

DP DP
€55 oW, Dpfg) t &y, oW, D:7) =&,5f5 + &5, 1,
o(w, o(w, (6.16)

&7 =

OB, _OE, ofy +8EP oy e f 55 of

Ep = = = +& =
° OXjg  OXy3 OXig  OXpy OXyg “ OXy6 22 OXq6
DP DP
&3 0w, Dpf6) + &y 0w, DpfS) =&pfs + 15
o(w;") o(w; (6.17)
c :aEP :aEP af21+aEP afzozg af21+8 8f20:
PO Oy Oy D% DXy DXy O
DP DP
&1 oW, Dpf4) + &y oW, Dpfa) =&y f, + &5,
c :aEP:aEP af19+8EP aleZg 19 af18:
o OXyy  OXg OXyy  OXpg OXyy n OXy4 18 OXy4
DP DP
&g o, D:Z) t &4 o, Dpfl) =&, f, +&,f)

From layer 4 to layer 3:

GE, _OE, ofy, OE, o  OE, of; OE, o, _

&13 = + + =

OXy3  OXyy OX3  OXpg OXp3  OXp5 OXp3  OXyy OXg4
of of of
€17 2! + &6 =2 + &5 L + & 4 =
%) OX
13 13 13 13

a(WDP) a(WDP) a(WDP a(WDP)
&7 = t &6 = t &5 £ t+ &y L=
o(w,) o(w,) o(w,) o(w,)

OL(wa o (W, +w, +w, +W,)]  O[(wa e (W, +W, +w, +w,)]
&7 — +€16 — +
o(w,) o(w,)

O(W: o (W, + W, + W +W,)]  OL(Ws o (W, + W, + W +W, )]

o(w,) a

15

0 (VT4) (6.20)
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GE, _OE, of,, CE, ofy O, of  OF, oy _

10 = = =
OXj,  OXpy OXy  OXpg OXpy  OXgg OXgp  OXgy OXgy
of of of of
17 16 15 14 _
€17 + &6 + &5 + &y x.
12 12 12 X12

DP DbP DP DP
a(wi ) + &6 a(wi + &5 a(wi +&p, a(Wl_ ).
o(ws) o(ws) o(ws) o(w;)

OL(Wa o (W + W, + W +W,)] - O[(Ws @ (W + Wy + Wy +W,)]
16

€17

17

o(ws,) o(ws,)
oWz & (W, + W, + Wy +W,)] - O[(Ws @ (W, +W, + W, +w,)]
15 — 14 —
. _OE, O, oty OF, oh  OF, Ohs  OF, Oy, _
11 — - -
aXll a)(17 aXll aXlG aXlZL aX15 aXll a)(14 aXll
f
5178i+‘916 =2 + &5 t + &y iy =
Xl 1 aXl 1 aXl 1 aXl 1
DP DbP DP DP
o ST) U)o )
o(w,) o(w,) o(w,) o(w,)
A[(Wa ® (W, +W, +W, +W,)] (w3 & (W, +W, +W, +w,)]
17 — + &6 — +
o(w,) o(w,)
OLWz & (W + W, + W +W,)] - OL(Ws e (W, + W, + W +W,)]
15 — 14 —
o(w,) o(w,) (6.22)
. _ OB, OE, o, O, of OF, ofs OE, ofy, _
v aXlO aXl7 8XlO a)(16 8XlO aX15 aXlO aX14 aXlO
of of of
817 17 +816 16 +815 15 +814 14 —
10 10 10 aXlO
bP DbP DP DP
&1y a(wi ) T &6 a(wi ) T &5 a(Wi ) T & a(W1— ) =
o(w,) o(w;) o(w;) o(w,)
Ol(Wa @ (W +W, + Wy +w,)] AW e (W, + W, + Wy +W, )]
17 — + &6 — +
o(w,) o(w,)
OL(W: o (W, + W, + W +W,)]  OL(Ws o (W, + W, + W + W, )]
15 a(W) 14 a(W)
i ! (6.23)
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Ifw, =X, +iy,, W, =X, +iy,, W, =X, +iy, and w, = x, +liy, thenthe derivative

formula in (6.20) yields:

8[(W4-w +W4OW +W4OW +W4OW)] 8[(w3ow +W30W +W30W +w3ow4)]
1

e o(w,) ow,)
. 6[(Wz0W1+W20W2+W20W3+W20W4)] ‘e, 6[(W10W1+W10W2+W10W3+W10W4)]
1 a(w,) a(w,)
A%y +Y1Ya) + (XoXs +YoYa) + (XeXy +Y3Ya) + (XX +YaYa)] |
o o(x, +iy,)
O(XuXs + Y1Ya) +(XoXs +Y,Ya) + (XeXs +Y3Ys) + (XaXs +YaYa)] |
1o o(x, +iy,)
A%, + 1Y) + (XoXo +Y5Yo) + (X Xs +Y,Y3) + (XX Yo Y0)]
o o(x, +iy,)
c a[(Xlxl + y1y1)+(X1X2 + y1y2)+(X1X3 + y1y3)+(X1X4 + y1y4)] _ (6.24)
B o(x, +1y,)

1 ]
5‘917((X1+X2 + X3 +2X, ) +i(Y, +Y, + Y5 +2Y,)) +

1 . 1 . 1 ]
ESIG(XS —|y3)+§815(X2 _lyz)+§514(xl —iy,) =

1 1 1 1
Egﬂ(wl +W, +W, +W4)+E£17W4 +5816W3 +5615W2 +5514Wl

Here Tireflects the complex conjugate of normalized weights. With the use of

derivative formula of complex function in (6.21) we have:
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. a[(w4ow1+w4ow2+w4ow3+w4ow4)] 8[(W3ow1+W3ow2+wgow3+w3-w4)]

€12 = &1y + &6
a(ws,) a(w,)
5[(W20W1+W2 0W2+W2 0W3+Wz OWA)] ‘e, a[(Wl.Wl"rW]_.WZ+W1.W3+W1.W4)]
' a(w,) a(w,)
OL(X, X4 +Y1Ya) + (XoXa +YoYa) + (XaXs +Y3¥a) + (XaXs +YaYa)] |
! 0%, +iy;)
OL(XuXs +Y1Ya) +(XoXs +Y,Ya) + (XeXs +Y5Ya) + (XaXs +Y5Ya)]
* 0(x; +iy;)
a[(XZI_XZ + yly2)+ (XZXZ + y2 y2)+ (XZXS + y2y3) + (X2X4 + y2y4)] +
° O(X; +iys)
OL(Xy X +Y1Y1) + (XX + Y1 Y, )+ (X Xg + Y, Y3) + (% X, + Y, Y,)]
&1l - = (6.25)
(X5 +1y3)

1 ) 1
5517()(4 _|Y4)+§516((X1 + X, +2X5 +X,) +

) 1 . 1 .
i(y, +y, +2y, + y4))+—815(X2 _Iy2)+5814(xl —iy,) =

1 1 1 1
2517w +2516(W +W, + W, +W )+2€16W +2515w +2514w

1 = - — — — -

Again the use of derivative formula of complex function in (6.22) represents:

a L0 Xy + ¥1Ya) + (XX + Y5 ¥a) + (XX + YaYa) + (XX + VoY)l |
O(X, +1y,)

. ﬂUX+mﬁ%MXX+ww%MXX+%h%MXX+hwﬂ
o(x, +1y,)

- ﬂWX+mw%Hxx+nw%HXX+ww%MXX+wwﬂ
o(x, +1y,)

Ol X + Y1 Ys) + (%X + Y1 Y5) + (XX + Y1 Ya) + (65X, + V1 Ya)]

o(x, +1y,)

14
1 ] 1 ] 1
5517(x4 —1iy,) + Egle(x3 —iy,) + Etsls((x1 + 2%, + X3+ X,) +

. 1 .
Km+2w+yy+w»+—a4&—w0=

1 1 1 1
2517W + Zglew + 2«915(W +W +w +W )+ Zglsw + 2514W (6.26)
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The same case happens for (6.23):

_ 6[(VV40W1+VV40W2+VV4 OW3+VV40W4)]+8 a[(VV3 'W1+VV3'W2+VV3OW3+VV3 'W‘l)]_’_
— 6 —

o= o(w) o(w)
. AL(W2 & W, + W2 W, + W2 ® W, + W2 .W“)]H; OL(Ws o W, + Wi o W, + Wi o W, + Wi e W,)] B
. o(w,) * a(w) B
OLOGXs + YY) + (XoXa + Y5Ya) + (%Xa + Ys¥a) + (XX + Va¥a)] |
! o(x, +1y,)
OL(X X5 + Y, Y3) + (XX + Y, Y5) + (X X3 + Y5 Y3) + (XX, + Y5 Y,)] n
. (%, +1y,)
OL(X X, + Y1 Y5) + (XX, + Y, ¥,) + (XX + Y, ¥5) + (XX, + Y, Y,)] n
° o(x, +1y,)
o OLOGX + YY) + (X + YaYp) (%X + ¥1Ya) + (X + Y1 Y]
a o(x, +iy;)

1 . 1 . 1 .
5‘917()(4 - |y4) + 5816()(3 - 'y3) + Egls(xz - WZ) +

1 )
5514((2)(1 X+ X+ X,)FH2Y + Y, + Y+ Y,) =

1 1 =1 =1 = = = =1
—&,W, +5516W3 + Eglsw2 +§gl4(wl +W, +W; +W,) + Egmwl (6.27)

From layer 3 to layer 2:

OE, _OE, oy, OF, of, O, ofy,  OF, ofy _

£y = = =
P, OXyg OXg DX, OXg  OXyy OXg DXy OXq
of of of of
5138_13+512i+511i+510ﬁ:
Xq OXq OX,q 0Xq

g O W) ow,) | ow)
o(w,) " ow,) T o(w,) T aw,)
W3

ol " ol ]
W+ Wy |+ W | + |w,| W+ W, |+ W | + |w,|
€13 + &, +
o(w,) o(w,)
a WZ ] a Wl ]
O A St A el A [+ [ |+ W | + |w, |
. o) o o) 625
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OE, _OE, ot  OF, of, O, ofy,  OF, ofy _

“o = Ny X OXg  OXp, OXg  OXyy OXg  OXgp OX
My, Oy Oy O
€13 ox, 12 o, €11 ox, + & ox, =
L Owy) o(w) o ow,) o aw,) _
Pow,)  owy)  owy) T a(w,)
o " 1 e ]
W+ [ W | + [+ w, Wi+ [ | + [+ [w, |
&1 +&, +
o(w;) o(ws)
a[ WZ ] Wl
. Wy |+ W | + Wi |+ |w, | v e Wy |+ W | + Wi |+ |w, |
" o(w;) ° o(w;) (6.29)
L _OE. 0B ofy, OF, o, OE, ofy OE, Oy _
"X, DXy OX,  OXy, OX,  OXyy OX, DXy OXg
13 ax7 12 5X7 11 6X7 10 8X7
ow,) | o(wy) a(w,) | a(w)
“aw,) T aw,) T aw,) T 0 aw,)
ol " e ]
Wy |+ W, | + Wi |+ w, | Wy |+ W, | + Wi |+ w, |
&1 + &, +
o(w,) o(w,)
a[ WZ a[ Wl
N Y Y A 1 L3 P Rl A
H o(w,) w0 o(w,) (6.30)
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OB, OB,y OF, of, OE, oy O, ofy _
© OXg Xy OXg  OXy, OXg  OXyy OXg  OXyy OXg
a.I:l3 aflz afll 61:10

g3 tép tén—té&p =
OXq OXg OXq OXq

g 0 o ows) o ow,) | o(w,)
o(wy) T ow) T o(w) T o(w)

6[ W4 a[ W3
W+ [ Wy |+ W | + |w,| W+ [ W, | + W | + |w,|
€13 a(w,) €12 a(w,) +
1 1
a[ W2 a[ Wl
W W W | [ |+ |
. o(w,) . o(w,) (6.31)
If we assume thatw, =X, +iy,, W, =X, +iy,, Wy =X; +iy, and w, =X, +iy,.
Then with complex function in (6.28) we have:
(x, +iy,) ]
\/X R R AR LR R R
fo = a(x, +iy,)
(X5 +1ys) ]
\/x +y; +\/x +y2+\/x +y? +\/x +y?
12 o(x, +1iy,)
(X, +1y,) ]
\/x +y? +\/x +y2+\/x +y? +\/x +y?
H o(x, +1iy,)
(x, +1y,) ]
\/x +y? +\/x +y2+\/x +y? +\/x +y?
1 a()(4 + Iy4) (632)
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Consider M = /X2 + y2 +/X2 + y2 +/x2 + y2 +/xZ + yZ and

X, +i . X, +1 . X, +1i .
4Ty4=u4 +|V4 and 3—y3=u3 +|V3 and 2 y2 =U2 +|V2 a.nd
X, +1 .
53y v, Then,
M_zsz M‘%

X - Xit¥s Oy XiYs  NVagng N NXitYe
6X4 M 2 ay4 M 2 /Xj_i_yj 6X4 8}/4 M 2
[ (X, +iy,) 1

\/ 2 2 \/ 2 2 2 2 \/ P >

X +Y, F4/ X +Y, +\/X3+y3+ Xy +Y, _1|:[au4+av4}+(_iau4+iav4j:|

O(X, +1y,) 2|\ ox, oy, oy,  0OX,
. X i . . X

And here is 22" Ys =u, +iv, withu, :MB’ v, :ﬁ and

M :\/xf+yl2 +\/x22+y§ +\/x§+y§ +\/xf+yf _

ou, _ X3X, ou, R Vs N 0
XKy M2AYxZ+y? Oy MZYxZ+y2 0% M2 X2 +y?

and

5'V3 — —Y3Y,
Ny MZXZ+y?
a[ (X3+iy3) ]
\/X2+ 2 \/ 2 2 \/ 2 2 \/ 2 2
e Nt (REANEOWY
ox, +1iy,) 2|\ ox, oy, v, oX,

And let %zu2 +iv,withu, =%, v, =ﬁ and

M =5+ Y2 30 Y2 Xy XY
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U, = XX, au2 — XY, N, =YXy

= , and
XKy M2YxZ+y? oy, M2\x2 +y2 ox, M?2\x2 +y?
Ny __ —Y5Ya
Na M2x] +y;
(x, +1y,) ]
N eyt K by :1{[% +%j+£_i%+i%ﬂ
(X, +1y,) X, 0y, ¥,y X
Also let ~ + 1y, =u, +iv, withu, . v, = Y1 ang
M M M
M = X2 +y2 X2 +y2 + X2 +y2 +/x2+y? then:
ou, _ — X, X4 ou, _ - XY, ov, _ — YiX, and
MKy M2Yx2+y2 Ve M2Ux2+y2 OXg MZYxZ+y?
aVl — AL
XNy MZx2 +y2
(%, +1y,;) 1
\/X R RS R LR AR TRl :1{[% %JJ{_'%H%ﬂ
(X, +1y,) 210X, 0y, 4 4
Continuing with this, we can have:
au, _ — X%y au, _ —X3Ys 8V4 —X3Y.
Ny M2(xZ+yZ & M2 xZry? X M2 (xE+y2
aV4 _ —YaY,
N3 M2 x2+y?
And
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M- 73
M B 2 2
au3 )\ X§ + y§ ’ aus — X3Y3 _ and 8V3 _ \/Xz +Ys
OXq M ? 83/3 M 21/X3 + y 8X3 Y5 M

And

U, = XX ou, —X2Ys N, = YoX and

Mg M2xZ+yZ OV M"'W/x§+y§ Ny M2 xZ+y2

Ny, _ =YY

¥Ns M?xZ +y?

And

aul 8U — XY 8V _ — Y1 X5 and

o w/x3 +yl 6y3 M2 Jx2+y2 X M2xZ +y?

aV1 _ - y1y3

¥Ns M2 xZ+y?

And

au4 — X% au4 — XY, N, — —YaX5 and

N M+ yE & M2 xEry? 0% M2 (xE+y?

Ny _ = YsYa

¥, MZYxZ +y?

And

8u3 — X X5 6“3 —X3Y, Vs _ — ¥YsX%, and

M MZSxEiy? N Mty % M2xE+y?

Ny _ = YaYs

XN, M2 x2 +y?

And
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M X M _ Y2
au, VX5 +y2 U, =Xy, OV and a'v2 ~ VX2 +y?
2 ! an 2
X, M 85/2 w/X +y 8Xz %, M
And
aul - XX, ou, - XY, ov, - Y, X,
N M2 JxE+y? oy, M2x2 +y2 % M2 x2+y?
N _ =YY
¥, MZYxZ +y?
And
au4 — XXy au U, — — XYy a\/4 — —YiX and
M MISxE+yE Y MIfxEryE % MZ x4y
a\/4 _ —Y1i¥Y4
N MZxZ+y?
And
aua — — X X3 ou U, —X3Y, 6V _ —Y3X and
K M2 x2 4y} 55/1 X, + 7 ox, M?\xZ +y}
a\/4 _ —YiYs
¥V, MZx2 +y?
And
auz — — XX au2 — — XY avz — — ¥ X and
K M2 YxZ+yr N MEUxZ+y2 0% M2 X2+ y2
aVz _ - y1y2
N MZxZ+y?
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And

2 2

M A M N
ou, XPHYD AU =Xy, v ang 1 _ X2 +y2
28 M ? ’ o M? X2+ ! X, v, M ?

From layer 2 to layer 1:

X OX; OXg  OXg OX5 | OXg  OXs

g O Y0+ 1)) | 00 +1Y:)0% +i9s)

OXs OXs
o O(%Xs — ¥,Y5) +1 (X Y5 +X5Y,)) . O((XgXs — Y3¥s) +1(XsYs + XsY3)) _
! o(Xs) ’ (%)
&7 (Xy +1y,) + &4 (X5 +1y;) (6.33)
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X ’ X
c a(()(2)(4 B y2y4) + i(X2y4 + X4Y2)) +e 8((X3X4 B y3y4) + i(X3y4 + X4Y3)) —
° a(X4) ° a(X4)
g6(Xy +1y,) + &5(X5 +1Y5) (6.34)
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6 8 -

OXs OXs

c O((X3X, = Ya¥s) +1(X5Y, +X,Y5)) v O((X5Xs = Y3 ¥5) +1(X3Ys5 + X5 Y3)) _

’ a(x,) i a(x,)
5 (X +1y,) + &9 (Xs +1Ys) (6.35)
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OE, OE, ofy OE, of, of of,
E=—=——+—— =g —t+&— =
OX, OXg OX, OX; OX, oX, oX,
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, =

° X X,
c a(()(2)(4 - y2y4) + i(X2y4 + X4y2)) +e 6((X2X5 B yzys) + i(xzys + Xsyz)) _
i a(%,) ! a(X,)
&5(X, +1y,) + &, (X5 +1ys) (6.36)

After calculating all & for all nodes, then the gradient for generic weight of

SMF,, in node i is easy to be calculated according to Equations (3.32) and (3.33).

6.2 Experimental Comparison of Multivariate ANCFIS

In this section, the results of forecasting experiments using multivariate ANCFIS
are reported. The experimental design for multivariate ANCFIS is similar to
univariate ANCFIS; a single-split, one-step-ahead prediction design with all
training data before testing data. In all of the experiments, the normalized mean
squared error (NMSE) is reported. All variates in each dataset are already co-
registered, which means that the data points relate to the same moments in time. It
is also important to normalize multivariate data, so the results are not dominated
by the variates that have a larger absolute variance. The window size is again

based on finding one approximate period in the time series.

Four different time-series dataset is used; river-flow- hydrology, micro-economics,
motel-tourism and car-road-accidents. River-flow is geographically indexed data,
collected over time and at different locations [118]-[121]. Although economics
data does not necessarily contain geographic component, it represents a source of

high-volume multivariate time series data.
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We have compared the results of Multivariate ANCFIS with those of univariate
ANCEFIS for individual variates and all variates together on four different datasets.
Each variate is forecasted separately with univariate ANCFIS. Then, the
forecasting results of univariate ANCFIS for each variate, are combined to find
the forecasting results for all variates. We then forecast the whole dataset using
multivariate ANCFIS. The predicted and actual values for each variate are
collected, and the forecast error for each variate can be calculated separately as
well as inaggregate.

6.2.1 Transport and Tourism-Motel

This dataset is collected by Australian Bureau of Statistics [22]. There are 186
observations with two different variates related to monthly data of hotels, motels
and guesthouses in Victoria between Jan 1980 - June 1995. First variate is total
number of room night occupied and second variate is about total takings from
accommodation. The Pearson’s correlation between these columns is 0.943 which

means they are very strongly correlated. Figure 6.4 presents this correlation.
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Figure 6.4: Pearson’s correlation between two variates of Motel dataset

Here the length of window is set to six, and the first 166 observations are used as
the training dataset and the rest are used for the testing. Figure 6.5 and 6.6

represents the dataset before and after normalization.
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Figure 6.6: Normalized Motel dataset

We compared results of multivariate with univariate ANCFIS in Table 6.2 where

individual variates and all together are compared. Also the training parameters for

multivariate ANCFIS are represented in Table 6.1.
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Table 6.1: Training Parameters for the Motel Dataset
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Column 1 Column 2 Column1& 2
univariate system 0.314275 0.113525 0.146618
multivariate system | 0.410481 0.109129 0.162816

Table 6.2: NMSE testing error comparison for Motel

Further analysis of Multivariate ANCFIS results is provided in Figure 6.7 where
the actual output is plotted versus predicted outputs and prediction errors in
Figure 6.8.
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Figure 6.7: Multivariate test results for one-step prediction of Motel dataset
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Figure 6.8: Multivariate system prediction errors for Mote| dataset
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6.2.2 Hydrology- River flow

This dataset is originally from Pablo Baldazo [22][24]. The tabulation of 6

unregulated (natural) annual river flow series is represented. Here the first River is

Snake River near Moran, Wyoming. Second river is Snake River near Heise,

Idaho. The third and fourth rivers are Boise River near Twin Springs and Salmon

River near Whitebird, Idaho. The last river is Bruneau River near Hot Springs,

Idaho. The data is collected from 1912-1994. The Pearson’s correlations between

different variates are presented in Figure 6.9. Variate one, two, three and four are

strongly correlated to each other, though their correlation with variate five is not

as strong as the other variates.
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Figure 6.9: Pearson correlation efficient be twee n diffe rent variates of River dataset

Here the length of window is considered eight and the first 73 is as training set

and the rest as testing. The original and normalize datasets are plotted in Figure

6.10 and Figure 6.11.
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Figure 6.10: Original Riwer-flow dataset
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Figure 6.11: Normalized River-flow dataset

Tables 6.4, 6.6, 6.8 and 6.10 compare the NMSE measurements for two, three,
four and all five variates separately and all together, calculated with univariate
and multivariate ANCFIS as described before. Also, their training parameters are
presented in Tables 6.3, 6.5, 6.7 and 6.9.
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Table 6.3: Training Parameters for two variates of the River Dataset
Column 1 Column 2 Column1&2
univariate system 0.3048 0.3219 0.3059
multivariate system | 0.5675 0.4636 0.5065

Table 6.4: NMSE testing error comparison for two variates of the River Dataset
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Table 6.5: Training Parameters for three variates of the River Dataset

Column 1 Column 2 Column3 | Column1&2 &3

univariate system 0.3048 0.3219 1.4632 0.3960

multivariate system 0.46319 0.4577 0.4101 0.4344

Table 6.6: NMSE testing error comparison for three variates of the River Dataset
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Table 6.7: Training Parameters for four variates of the River Dataset
Column 1 & 2
Column 1 Column 2 Column 3 Column 4 2384
univariate system 0.3048 0.3219 1.4632 0.4526 0.4144
multivariate system | 0.7550 0.5834 1.0601 0.4760 0.7197

Table 6.8: NMSE testing error comparison for four variates of the River Dataset
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Table 6.9: Training Parameters for five variates of the River Dataset
Column 1 | Column2 | Column3 | Column4 [ Column5 All 5
columns
univariate
system 0.3048 0.3219 1.4632 0.4526 0.4246 0.4311
multivariate
system 0.6754 1.4512 1.9426 1.6309 2.5974 1.3111

Table 6.10: NMSE testing error comparison for five variates of the River Dataset
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Aagain, further analysis of the ANCFIS results are provided in Figure 6.12 where

we plot actual versus predicted outputs and then, prediction errors in Figure 6.13.
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Figure 6.12: Multivariate test results for one-step prediction of River-flow dataset
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Figure 6.13: Multivariate system prediction errors for River-flow dataset
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6.2.3 Macro Economics

This dataset is collected by Australian Bureau of Statistics [22]. It contains 141
observations with three variates during March 1956 to March 1991. The first
variate is related to quarterly average weekly male earnings in Australia for all
industries. The second variate is related to CPI for same quarters and the last
variate is real average weekly male earnings. Here the length of window is
considered four and the first 127 data points are considered as training data and
the rest as testing data. The Pearson’s correlation between the first two variates is
0.998 (which means they are highly correlated), between the first and third variate
is 0.819 (still strong), and between the second and third variate is 0.794,

(moderately strong). Figure 6.13 shows these correlation plots.
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Figure 6.14: Pearson correlation efficient between diffe rent variates of Macro

dataset

Figure 6.15 and Figure 6.16 show the Macro Economics original and normalized

dataset.
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Figure 6.16: Normalized Macro dataset

All training parameters for the two and three variates are represented in Table

6.11 and 6.13. Table 6.12 and 6.14 contain the forecasting results for two variates

and three variates, separately and all together.
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Table 6.11: Training Parameters for two variates of the Macro Dataset

Column 1 Column 2 Column1 &2

Univariate system | 15479 0.00069 0.0149

Multivariate system 0.4143 0.4473 0.432

Table 6.12: NMSE testing error comparison for two variates of the Macro dataset
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Table 6.13: Training Parameters for three variates of the Macro Dataset

Column 1 Column 2 Column 3 | Column 1 &2 &3
Univariate system 0.00079 0.00069 0.0018 0.0029
Multivariate system 1.558 1.419 1.441 1.2543

Table 6.14: NMSE testing error comparison for three variates of Macro dataset

More analysis of the ANCFIS results are shown in Figure 6.17; actual versus

predicted outputs and Figure 6.18; prediction errors.
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Figure 6.17: Multivariate test results for one-step prediction of MacroEconomics

dataset
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Figure 6.18: Multivariate system prediction errors for MacroEconomic dataset

6.2.4 Car road accident

This dataset is total number of annual car road accident casualties in Belgium
from 1974 to 2004. Here we have five variates; the first one is number of killed
persons, second one is mortally wounded, third variate represents the number of
people died within thirty days, fourth one is severely wounded and finally the last
variates indicates light casualties [25]-[27]. Figure 6.19 represents Pearson’s
correlation between different variates. It shows that among all variates, variates 2
& 3 have the highest correlation. On the other hand, variates 2 & 5 and 3 & 5

have the lowest correlation among the other variates.
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Figure 6.19: Pearson correlation efficient between diffe rent variates of Car Accident
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Here the length of input vector is 8 and the first 19 is considered as training

dataset and the rest as testing dataset. Figure 6.20 and 6.21 present Car accident

original and normalized datasets.
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Figure 6.20: Original Car Accident dataset
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Figure 6.21: Normalized Car Accident dataset

Also the training parameters and Multivariate forecasting results are represented
in Table 6.15 and 6.16.
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Table 6.15: Training Parameters for the Car Accident dataset

Column1 | Column 2 | Column 3 | Column 4 | Column5 | All columns
Univariate

0.278 0.4753 0.024 0.056 0.775 1.09
system
Multivariate

0.1007 0.500 0.047 0.1689 0.3177 2.03
system

Table 6.16: Testing error comparison for Car Accident dataset

The error measurements in [25] are AFER and MSE (for non-normalized dataset).

AFER error measurement is defined as:
AFER =(>_|(y; = ¥:)/ y;|/n) <100 (6.37)
i=1

where Yy, is the desired output, V; is the estimated output and n is the total number

of examples in the testing dataset. AFER cannot be used with normalized data; as
one of the normalized values becomes zero due to normalization, leading to a
divide-by-0 error. Knowing that ANCFIS system is designed in a way to work
with normalized data, first the normalized dataset is used in order to find the
prediction values. Then, both actual and predicted values are un-normalized.
Table 6.17 reflects the results regarding to AFER and table 6.18 presents the
AFER error comparison between multivariate ANCFIS and other methods in [96].

As it is shown, multivariate ANCFIS result is not comparable to any of them.

All
Columnl | Column2 Column3 | Column4 | Column5
columns
AFER 2.70 13.07 1.55 8.5 1.73 5.52

Table 6.17: AFER testing error for the Car Accident dataset

108



AFER
Multivariate ANCFIS 5.52
Jilani and Burney —method 1 (2008) [26] 2.6951
Jilani and Burney —method 2 (2008)[26] 5.244
Lee et al. (2006) [27] 5.248
Egrioglu et al. (2009) [25] 2.1715

Table 6.18: AFER error comparison for the Car Accident dataset

Further analysis of multivariate ANCFIS is provided in Figure 6.22 and Figure
6.23. Again Figure 6.22 shows the actual versus predicted results for all variates

and Figure 6.23 is plotted prediction errors.
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Figure 6.22: Multivariate test results for one-step prediction of Car Accident dataset
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Figure 6.23: Multivariate system prediction errors for Car Accident dataset
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6.3 Discussion and Conclusion

In our four experimental contrasts, we realized that multivariate ANCFIS does not
work properly. Univariate ANCFIS was consistently superior on all datasets,
despite having strong linear correlations between the variates. One of the possible
problems that multivariate ANCFIS architecture can be related is in choosing the
proper complex fuzzy conjunction for layer two. Here we used algebraic product;
this may be an ineffective choice despite its mathematical appeal. Another
possible problem can be related to layer four which is related to rule interference;
dot product may not work for multiple inputs.

Future work on this area can be focused on exploring different complex fuzzy
logic conjunctions for layer two. As possible candidates of complex fuzzy
conjunctions, we can average the magnitudes and use weighted average for phase,
or even we can compare the magnitudes. Definitely, this needs both theoretical
and experimental work. Also, we have to ask how rule interference will be
implemented; having the weight ofa given rule depend on the weights of other
rules is somewhat unique and not yet well-understood. Anexploration on layer

four to find other options for rule interference is needed.
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Chapter 7: Summary and Future Work

In this thesis, we completed a performance evaluation for ANCFIS on five real-
world time series datasets. Also, ANCFIS is compared to published forecasting
results on all five datasets, and achieves results which in most of the cases are
superior to the literature. In particular, ANCFIS performed the best on the chaotic
Mackey-Glass time series. The ANCFIS network obtained this performance with
no more than three rules per dataset. It leads us to a key finding that ANCFIS is a
viable forecasting algorithm.

We have also developed an online version of ANCFIS for those cases when the
data becomes available incrementally. Down-hill-simplex and recursive- least-
square are employed to determine the updates for layer one and layer five
parameters. The performance evaluation for online ANCFIS is done on two time
series dataset. Also, the forecasting results are compared to the literature and
offline ANCFIS. The results are comparable to offline ANCFIS and generally
superior to published results found in literature.

A multivariate ANCFIS architecture is also developed and evaluated. Algebraic
product is applied for layer two and also the node functions in layer 5 are
extended for multiple variates. The performance evaluation for multivariate
ANCFIS is done on four different multivariate time series datasets. Usually,
having multiple variates lead us to better results as a result of interaction between
them, but our results were significantly worse than the univariate ANCFIS results.
This may be caused by layer two complex fuzzy conjunctions (algebraic product)
or even by layer four rule interferences (dot product).

Future work in this area will concentrate on exploring multivariate time series
forecasting; what other complex fuzzy conjunction operators work best in Layer
2? As little is currently known about complex fuzzy conjunctions, this work will
inform theoretical investigations of complex fuzzy logic as well as practical time-

series forecasting problems. Also, we have to ask how rule interference is
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implemented; dot-product might not be the right choice. In addition, we will
investigate linguistic interpretations of complex fuzzy rules. At this point in time,
it is not at all clear how to interpret a complex-valued membership function —
especially a sinusoidal one. Traditional linguistic interpretations of fuzzy rules
assume convex type-1 or type-2 membership functions rather than sinusoids (or
any other multi-modal function). Finally there are a huge number of neuro-fuzzy
systems and fuzzy neural network architectures that can be extended to use

complex fuzzy sets when modeling the phenomenon of regularity.
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