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Abstract Granular neural networks (GNN) are designed to

process complex non-numerical data or the combination of

numerical and non-numerical data. The concept of ‘‘gran-

ules’’ here refers to various data groups which are drawn

together by the criteria of similarity or functionality.

Granular neural networks are being used in areas of

knowledge discovery, pattern recognition, etc. This paper

carries out a comprehensive review of articles that involve

a comparative study of different types of granular neural

networks and their application. This study aims to give

useful insight into the capability of granular neural

networks.

Keywords Granular neural networks � Granular

computing � Information granules � Modular � Fuzzy logic

1 Introduction

Artificial neural networks have been widely applied to

solve nonlinear and highly adaptable problems. Because of

strong nonlinear modeling ability, a traditional neural

network has become a useful tool for knowledge discovery

and data mining. Unfortunately, a few challenging prob-

lems have emerged. One is there is not only numerical data,

but also linguistic data such as young, a little bigger and

around 3 in various databases. Another is that neural net-

works are regarded as black boxes owing to the distributed

style. As a consequence, they are very difficult to interpret.

The third problem is that the computational complexity

becomes visible as the sizes of the data sets to be handled

grow up very quickly. To solve these problems, a new type

of neural networks has been proposed, i.e., granular neural

networks (with modular structures). The granular neural

networks can deal with not only numerical, but alsolin-

guistic data. They can be interpreted due to the nature of

information granules. The property of abstraction decreases

the computational complexity. Thus, many researchers are

interested in them.

Granular computing is a general computation theory for

effectively using granules such as classes, clusters, subsets,

groups and intervals to build an efficient computational

model for complex applications with huge amounts of data,

information and knowledge (Zhang et al. 2000; Zadeh and

Kacprzyk 1999; Pal and Meher 2013; Pedrycz et al. 2004;

Pedrycz 2002; Bianchi et al. 2014; Pedrycz 2013; Wang

and Xu 2014). Granulation of information can be an

effective way of abstraction to solve problems in a hier-

archical fashion (Pedrycz and Song 2011). By looking into

the main research agenda, we find that granular computing

can constitute an ideal conceptual vehicle, supporting fur-

ther development of neural networks. The ensuing

designed networks operating at the level of information

granules can be referred to as granular neural networks.

A conceptually viable and practically useful general-

ization of numeric neural networks comes in the form of

nonnumeric mappings realized by neural networks. In this

case, it is legitimate to refer to such networks as granular

neural networks. The first studies on the combination of

fuzzy sets and neural networks are in 1970s (Lee and Lee

1974). Granular neural networks are often used to process

linguistic data such as fuzzy terms to do granular knowl-

edge discovery (Zhang et al. 2000). Their different struc-

tures can process information granules such as intervals,
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fuzzy sets, rough sets and others by using training algo-

rithms (Pedrycz and Vukovich 2001).

Our main objective is to explore the development of

granular neural networks and show how they function.

First, the motivation and history of granular neural net-

works are investigated in Sect. 2. Some preliminaries are

given in Sect. 3. Then we illustrate the main categories of

granular neural networks and introduce several examples in

Sect. 4. A review of granular neural networks’ application

is given in Sect. 5. Some conclusion ideas are elaborated in

Sect. 6.

2 Motivation and backgrounds

Granular neural networks can be a very broad concept in

which ‘‘granular information’’ exists in artificial neural

networks. The concept of ‘‘granular information’’ here refers

to any information that exhibits groups, classes, clusters and

linguistic and intervals characteristics. The information can

come from input, or structure (includes granular links,

granular neurons and granular weights) or output. An intel-

ligent neural network consists of granular neurons and

granular links that connect relevant granular neurons. Why is

granular information selected? How did they develop? Let us

look at our investigation from literature.

2.1 Why granular?

Humans often exploit abilities of processing non-numeric

information clumps (granules) rather than individual

numeric values. Granulation is a suitable way for managing

situations characterized by excess or a lack of data. The

first situation occurs, for instance, when there are collec-

tions of many objects that exhibit some similarity in terms

of their properties or functional appearance (Grace 2015).

Here, information granulation provides a vehicle to abstract

the complexity of the data set that one can organize into

hierarchies and convert the original problem into man-

ageable subtasks. The second situation occurs, for instance,

when there are noisy data or we encounter qualitative

assessments provided by human experts. Here, granulation

of information allows modeling the precision of indirect

measurements, providing a computationally appealing

view of knowledge (Ganivada et al. 2011).

Granular computing is a paradigm of computing with

information granules (Yao 2007; Liu et al. 2008). These

granules can be regarded as collections of objects that

exhibit some similarity in terms of their properties or

functional appearance. There are a number of formal

models of information granules including sets (interval

analysis), rough sets, fuzzy sets, shadowed sets and prob-

ability calculus.

In recent years, hybrid neural networks such as fuzzy

neural networks, granular neural networks and genetic

neural networks have been investigated to solve complex

application problems with high dimensionality. However, a

single-stage hybrid neural network suffers from the curse

of dimensionality, because the number of parameters of the

single-stage hybrid neural network increases exponentially

with the increasing of the number of inputs. Therefore, to

design a powerful granular neural network with high

learning speed, low training error and low prediction error

is still a challenging problem.

2.2 Historical developments

The very first studies about neurons can be traced back to

the 1940s (McCulloch and Pitts 1943). Before the birth of

the concept of granular neural networks, some related

works were discovered and studied. Neuro-fuzzy systems

(Pedrycz and Aliev 2009; Lee and Lee 1974; Zhang and

Kandel 1998; Frayman et al. 1998; Jang 1993) are a typical

example. Neuro-fuzzy systems were first discussed by Lee

and Lee (1974) and Kandel and Lee (1979) in the 1970s.

Since then, a great many neuro-fuzzy systems have been

proposed, with perhaps the best-known being Jang’s

ANFIS (adaptive network-based fuzzy inference system)

architecture (Jang 1993). ANFIS is a fuzzy inference sys-

tem implemented in the framework of adaptive networks. It

implements a Takagi–Sugeno–Kang (TSK) fuzzy system in

an adaptive network architecture. Many variations on the

ANFIS architecture have been proposed; for instance,

almost all learning algorithms for ‘‘complex fuzzy logic’’

systems are variations on ANFIS (Malekzadeh et al. 2004;

Chen et al. 2011).

The first thorough study about granular neural networks

is Witold Pedrycz’s paper (Pedrycz and Vukovich 2001) in

around 2000. The paper first introduces the concept of

information granules and information granulation which

builds the foundation of granular computing. It then elab-

orates the development process of the granular neural

networks which involves two fundamental phases: first, the

data (that are usually numeric) are condensed in the form of

some information granules and as such are made available

to the neural network; second, the resulting information

granules are subsequently ‘‘perceived’’ and learned by the

neural network and as such used for all training purposes.

As a consequence, the neural network is not exposed to the

original data of a far higher granularity and far more

numerous as the information granules.

Yan-Qing Zhang also proposes a kind of granular neural

network for numerical–linguistic data fusion and knowl-

edge discovery in (Zhang et al. 2000) at almost the same

time of the paper (Pedrycz and Vukovich 2001). A granular

neural network with new high-speed evolutionary interval
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learning is designed to make interval-valued granular rea-

soning efficiently and optimize interval membership func-

tions based on training data effectively.

3 Preliminaries

We often cast a problem into a certain conceptual frame-

work of basic entities, which is regarded to be of relevance

to the problem formulation and problem solving. Infor-

mation granules are an evident realization of the funda-

mental paradigm of abstraction. In this section, we first

give a brief description of several models of information

granules used in literature. Then an introduction of com-

monly used neural networks and the corresponding training

algorithms are elaborated.

3.1 Models of information granules

We find two taxonomy about the definition of granular data

(granular information) in literature. One believes that

granular data include various data granules such as classes,

clusters, subsets, groups, linguistic values and intervals.

The other describes the formal models of information

granules as sets (interval analysis), rough sets, fuzzy sets,

shadowed sets, probability calculus, etc. From either

aspect, information granules can be regarded as an evident

realization of the fundamental paradigm of abstraction.

From the general point of view, information granules

defined in some space X can be treated as a mapping.

A : X ! f Xð Þ;

where A is an information granule and fdenotes a formal

framework of information granules. Some formal models

to construct information granules are introduced below.

3.1.1 Intervals

Intervals (sets) are examples of sets defined in real lines.

The formal underlying model encountered there is also

straightforward: a set A is a two-valued mapping from a

given universe of discourse X (being a subset of the real

numbers, R) to {0, 1} where A(x) (in Fig. 1) denotes a

characteristic function of A,

A : x ! f0; 1g:

Since the nature of straightforwardness and simplicity,

intervals have been selected by many users (Cimino et al.

2014; Leite et al. 2013; Pedrycz and Vukovich 2001; Song

and Pedrycz 2011, 2013; Zhang et al. 2008) as their

frameworks of information granules.

3.1.2 Fuzzy sets

Fuzzy sets are generalizations of sets (intervals) in the

sense that a partial membership of some elements to the

concept represented by a given fuzzy set is admitted.

Formally, fuzzy sets are described by their membership

functions in Fig. 2,

A : x ! 0; 1 = :

Formally speaking, any function could be qualified to

serve as a membership function describing the corre-

sponding fuzzy set. The commonly used types are trian-

gular membership functions, trapezoidal membership

functions, Gaussian membership functions, etc. (Pedrycz

and Gomide 2007). Fuzzy sets are adopted as the granular

information in (Zhang et al. 2000; Dick et al. 2013; Sán-

chez et al. 2015a; Oh et al. 2013; Ganivada et al. 2011;

Leite et al. 2013; Pedrycz and Vukovich 2001; Pedrycz

et al. 2008; Park et al. 2012; Zhang et al. 2008; Nandedkar

and Biswas 2009; Vasilakos and Stathakis 2005; Marcek

and Marcek 2008).

3.1.3 Clusters generated by fuzzy C-means

Clustering techniques have been regarded as a synonym of

structure discovery in data (Pedrycz and Gomide 2007).

The result, no matter what technique has been used, comes

as a collection of information granules which serve as a

quantification of concepts serving as descriptors of the

phenomenon behind the data. Fuzzy C-means (FCM) is one

of the commonly used mechanisms of fuzzy clustering. The

objective function of FCM is defined as:

Fig. 1 The concept of ‘‘sets’’ Fig.2 A membership function

Granul. Comput. (2016) 1:247–257 249

123



Q ¼
Xc

i¼1

XN

k¼1

umik xk � vik k2 ð1Þ

The task is to determine the structure in the data rep-

resented by a collection of c prototypes vi, by minimizing

Q, where xk = [xk1, xk2, …, xkn], k = 1, 2, …, N,. Patterns

are assigned membership values, i.e., a partition matrix

U = [uik], to the clusters based on their distance from the

prototypes. The fuzzification coefficient m ([0) expresses

the impact of the membership grades on the individual

clusters. The update of the partition matrix is completed as

follows:

uikðt þ 1Þ ¼ 1

Pc

j¼1

xk�vi tð Þk k
xk�vj tð Þk k

� �2= m�1ð Þ : ð2Þ

Some papers choose FCM as a way of generating

information granules; please refer to (Park et al. 2009,

2012).

3.1.4 Clusters generated by context-based fuzzy C-means

Context-based fuzzy c-means (conditional fuzzy c-means)

is a variant of numerous objective-based clustering. The

context-based clustering supporting the design of infor-

mation granules is completed in the space of the input data,

while the development of the clusters is guided by a col-

lection of some predefined fuzzy sets (so-called contexts)

expressed in the output space (Pedrycz 1996, 1998). The

objective function is the same as FCM in (1). However, the

update of membership function is changed:

uikðt þ 1Þ ¼ sik

Pc
j¼1

xk�vi tð Þk k
xk�vj tð Þk k

� �2= m�1ð Þ : ð3Þ

Here, in contrast to the matrix formed by the FCM

algorithm, sik is not 1.0 but is the i-th row of the partition

matrix while x is the vector of the selected input variables.

This exhibits the relationships between the regions of the

input space and the output space as partitioning input space

based on contexts for information granulation in input

space. A family of partition matrices induced by the j-th

context is denoted by U(Tj):

U Tj
� �

¼ uik 2 0; 1½ �;
Xc

i¼1
uik

n

¼ sjk8k; 0\
XN

k¼1
uik\N8i

o
: ð4Þ

The numeric data are granulated with the aid of context-

based fuzzy c-means clustering method in paper (Oh et al.

2013; Pedrycz and Vukovich 2001; Pedrycz et al. 2008;

Park et al. 2009).

3.2 Types of neural networks

There are mainly two kinds of neural networks commonly

used in literature: radial basis function (RBF) and multi-

layer perceptron (MLP) neural networks. A wide variety of

applications, such as chemistry problems (Zupan and

Gasteiger 1993), human recognition (Sánchez et al. 2015b)

and time series prediction (Gaxiola et al. 2014), among

other applications have achieved good results using these

neural techniques.

3.2.1 RBFNN

An RBF network is an artificial neural network that uses

radial basis functions as activation functions. The output of

the network is a linear combination of radial basis func-

tions of the inputs and neuron parameters. An RBFNN is a

three-layer neural network, in which an n-dimensional

input vector is transformed in a nonlinear fashion by the

receptive fields. Subsequently, the resulting activation

levels are transformed in a linear form by the neuron

located in the output layer. Quite commonly, the receptive

fields are described by the Gaussian basis functions of the

form

Ui xð Þ ¼ expð� x� v2
i

2r2
i

Þ; ð5Þ

where vi and ri are the center (mode) and the width of the

Gaussian basis function of the i-th node, respectively. The

output of the network y(x) is computed as a linear combi-

nation of the individual activation levels, that is

y xð Þ ¼
XK

i¼1

wiUiðxÞ: ð6Þ

Many people choose RBF neural network as their study.

Please refer to (Pedrycz and Vukovich 2001; Pedrycz et al.

2008; Park et al. 2009, 2012; Marcek and Marcek 2008).

The general architecture is shown in Fig. 3.

3.2.2 MLPNN

A multilayer perceptron is a feedforward artificial neural

network model that maps sets of input data onto a set of

appropriate outputs. An MLP in Fig. 4 consists of multiple

layers of nodes in a directed graph, with each layer fully

connected to the next one. In general, MLP utilizes a

supervised learning technique called backpropagation for

training the network. In granular neural networks, MLP has

been used as a basic block (Dick et al. 2013; Cimino et al.

2014; Oh et al. 2013; Ganivada et al. 2011; Song and

Pedrycz 2011, 2013).
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Other types of neural networks have been adopted, for

instance, multilayer feedforward (MLF) neural networks

(Sánchez et al. 2015a).

3.3 Training algorithms

A most commonly used training algorithm is backpropagation

algorithm which is an abbreviation for ‘‘backward propaga-

tion of errors’’. The cumulative error is formulated in (7):

Ec ¼
Xn

k¼1

E kð Þ ¼ 1

2

Xn

k¼1

Xq

i¼1

ðti kð Þ � oiðkÞÞ2: ð7Þ

It is a common method of training artificial neural

networks used in conjunction with an optimization

method such as gradient descent. The method calculates

the gradient of a loss function with respect to all the

weights in the network. The gradient is fed to the opti-

mization method which in turn uses it to update the

weights, in an attempt to minimize the loss function. This

algorithm is preferred by many authors (Zhang et al.

2000; Dick et al. 2013; Ganivada et al. 2011; Song and

Pedrycz 2013; Vasilakos and Stathakis 2005; Sánchez

et al. 2013a).

Other papers have their own choices, for instance,

genetic algorithm (Cimino et al. 2014; Sánchez et al.

2015a), the least square estimation (LSE)-based learning

(Oh et al. 2013), online incremental learning algorithm

(Leite et al. 2013), etc.

Fig. 3 A general architecture of

RBF

Fig. 4 A general architecture of MLP
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4 Granular neural networks

4.1 Taxonomy of granular neural networks

The concept of GNN is first formalized in (Pedrycz and

Vukovich 2001) by Pedrycz and Vukovich. After some

years’ development, many different types of GNN have

been proposed. These GNN can be categorized in several

ways (in Fig. 5). We summarize the taxonomy from three

aspects. First, according to the extent of granulation of

input, one can put a GNN into four types: training and

testing with numeric data (A1), training with numeric data

but testing with granular data (A2), training with granular

data and testing with numeric data (A3), and training and

testing with granular data (A4). Depending on whether

local data are dealt with separately or together, one can

categorize a GNN into a global model with modular

models (B1) and a model without modular models (B2).

Another aspect of classification is concerned with a single

granular neural network: with granular connection (C1) or

without (C2).

Depending on the extent of granulation of input and

architecture, one can categorize GNN into four types as

follows (Nandedkar and Biswas 2009) in Fig. 6.

4.1.1 A1: training and testing with numeric data

All standard conventional NNs fall under this category.

These architectures converge to standard NNs if the data

are in the form of numeric quantities.

4.1.2 A2: training with numeric data and testing

on granular data

This category can be viewed as standard NN with granular

connections. A network may be trained using numeric data

(data of high granularity) and then used in a low-granu-

larity domain. The requirement here is that NN should

accept granular data as an input during testing.

4.1.3 A3: training with granular data and test on numeric

data

There may be a situation where NN is designed with

granular data and needs to operate on high-granularity data.

This meansNN structure is of low granularity and current

test inputs are of high granularity.

4.1.4 A4: training and testing with granular data

The most exigent situation comes forth if the network

structure is of low granularity and requires handling input

of low granularity. This is the most generalized case of

GNN.

Fig. 5 An overall taxonomy of

a GNN in literature

Fig. 6 Four types of GNN
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Another interesting taxonomy of granular neural net-

works is concerned with the way of dealing with the data,

local or global. Depending on whether it adopts modular

architectures of the neural networks, GNN can be catego-

rized into two types.

4.1.5 B1: with modular models

The main difference between conventional neural networks

and modular neural networks is that the modular neural

networks are an extension of the principle of divide and

conquer. This means that the problem can be divided into

smaller sub-problems, and these sub-problems are solved

by experts, in this case named modules or sub-granules.

Modular neural networks were proposed in (Sánchez

and Melin 2014) for human recognition, where a whole

database is divided into sub-modules called sub-granules.

In this case, each sub-granule can have a different number

of data. Also, the information for each phase of the mod-

ular neural networks (training and testing phase) is divided

with different size in each performance. Granular neural

networks which are formed by modular principle with the

aid of granular computing techniques have been studied in

(Sánchez et al. 2015b; Song and Pedrycz 2011; Sánchez

and Melin 2014; Sánchez et al. 2013b).

4.1.6 B2: without modular models

Some granular neural networks prefer single modal from a

global perspective. This occurs in some cases in which

people focus on dealing with different types of data (Zhang

et al. 2000; Cimino et al. 2014; Oh et al. 2013; Ganivada

et al. 2011; Leite et al. 2013; Park et al. 2009; Vasilakos

and Stathakis 2005).

The architecture of a single granular neural network may

have granular connections or numeric connection.

Depending on this, we can classify the granular neural

networks into two categories:

4.1.7 C1: with granular connections

A granular neural network with granular connection means

the weights of the network is non-numeric (Song and

Pedrycz 2013). In this case, the corresponding training

method should also be modified according to the new

architecture. When the input data are numeric, the output

data generated are non-numeric. When the input data are

non-numeric, the output data may be more complicated.

4.1.8 C2: without granular connections

Some studies utilize the conventional neural network to

deal with complex types of data, such as linguistic terms

(Park et al. 2009; Vasilakos and Stathakis 2005). In this

case, researchers only granulate the input data and output

data. The values of the weights are still numeric.

4.2 Selected models of GNN

In what follows, we choose several representative exam-

ples to discuss the details.

4.2.1 Model A2: training with numeric data and test

on granular data

This type of GNN is trained with numeric data, but can be

used for the generation (prediction) of granular data. An

example is shown in a paper by Song and Pedrycz (2013).

The granular neural network, presented in Fig. 7, includes

a single hidden layer with n1 neurons, with one neuron k in

the output layer. The input data are numeric and the output

data are intervals. Assume that there are n features of an

input variable xt, t = 1, 2,…, N. The weight from the ith

neuron in the input layer to the jth neuron in the hidden

layer is expressed by Wji, which is an interval that has two

bounds: wji
- and wji

?. Similar definition applies to weights

between hidden layer and output layer. For each neuron in

the hidden layer and output layer, there is an individual

bias which is represented by bj and bk, respectively, j = 1,

2,…, n1. In this case, the output of the network is an

interval: yt = [yt
-, yt

?].

This granular neural network is built from a learned

crisp neural network which relies more on the performance

Fig. 7 An architecture of a granular network in Song and Pedrycz

(2013)
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of conventional training methods. It is an expansion (or

generation) of the conventional neural network. Five pro-

tocols are used to build intervals on the weights (connec-

tions). It is obvious that the interval-valued connections

(weights) of the networks were studied here as one of the

simplest alternatives of granular constructs. The two

promising generalizations worth pursuing could include

fuzzy neural networks and probabilistic neural networks.

4.2.2 Model B1: with modular structure

Modular neural networks (MNN) have the main advantage

of the principle of divide and conquer. It allows the divi-

sion of a problem into smaller sub-problems (modules or

sub-granules) in Fig. 8. This condition allows achieving

better results than with conventional neural networks,

because the conditional ones have to learn all the infor-

mation, unlike in modular neural networks where the

information is divided.

The proposed method in the paper (Sánchez et al. 2015b)

is based on modular neural networks with a granular

approach (Sánchez and Melin 2014) and their optimization

based on the database complexity using a hierarchical

genetic algorithm. The main idea of this method is to find the

optimal architecture of the modular neural networks,

because the right architecture depends on the particular

application or the database size. This method has two stages:

first, the use of non-optimized trainings, and second, based

on the results achieved in the first stage, a grouping is per-

formed to obtain the optimal design of the MNN.

For the second stage, a hierarchical genetic algorithm is

proposed. The main idea of the optimization is to find out

the number of sub-granules or modules. The hierarchical

genetic algorithm performs the optimization of the modular

neural networks architectures, which consists in finding

their optimal parameters. These parameters are the number

of modules of each sub-granule, error goal, learning algo-

rithm, number of hidden layers and number of neurons. As

future work, the development of a parallel genetic algo-

rithm based on the proposed hierarchical genetic algorithm

could be considered, because working with granules and

modular neural networks would allow us to perform a

division of tasks and therefore to work with parallel genetic

algorithms.

4.2.3 Model C2: without granular connections

A broad category of neural networks is radial basis func-

tion neural networks (RBFNNs) in the sense that its

topology involves a collection of receptive fields (Pedrycz

et al. 2008; Park et al. 2009). In contrast to the standard

architectures encountered in RBFNNs (Park et al. 2009),

individual receptive fields in subspaces of the original input

space rather than in the entire input space are formed.

These subspaces could be different for different recep-

tive fields. The architecture of the network is fully reflec-

tive of the structure encountered in the training data which

are granulated with the aid of clustering techniques. More

specifically, the output space is granulated with use of K-

means clustering, while the information granules in the

multidimensional input space are formed by using the

context-based fuzzy C-means, which takes into account the

structure being already formed in the output space.

RBFNNs can be treated as three-layered topologies as

depicted in Fig. 9.

4.3 Other ways to construct granular neural

networks

There are some other ways to build a single multilayer

perceptron granular neural network in literature (Cimino

et al. 2014; Oh et al. 2013; Ganivada et al. 2011; Leite et al.

2013). A granular neural network based on multilayer

Fig. 8 The general architecture of the proposed method in Sánchez

and Melin (2014) Fig. 9 A general architecture of the RBFNN in Park et al. (2009)
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neural networks for evolving fuzzy system modeling from

fuzzy data streams is proposed in (Leite et al. 2013), which

is used to handle gradual and abrupt parameter changes

typical of nonstationary (online) environments. It combines

granular neural networks and evolving intelligent systems

concepts into a single modeling approach whose frame-

work aims at coping with four issues: (1) non-inter-

pretability and lack of transparency of black box neural

network models; (2) online processing of granular data

streams; (3) trading off precision and interpretability; and

(4) handling of large volume of data in evolving classifi-

cation and function approximation problems. The focus is

on granular data viewed as trapezoidal fuzzy sets and

particular realizations of trapezoids such as triangular

fuzzy sets, intervals and real numbers. Ganivada et al.

(2011) build a fuzzy rough granular neural network using

fuzzy granules as input vector, and fuzzy class membership

values and zeros as target vector and multilayer perceptron

architecture. The granular network integrates fuzzy rough

sets with a fuzzy neural network that uses the dependency

factors of all conditional attributes in the form of initial

weights of the network and neurons with a logistic acti-

vation function and it stores the domain knowledge of the

data as a pattern of connection weights between simple

processing units. The authors only consider three layers of

perceptron network. A multilayer perceptron to model

interval-valued input–output mappings named genetic

interval neural network is proposed in Cimino et al. (2014).

The proposed MLP comes with interval-valued weights

and biases and is trained using a genetic algorithm

designed to fit data with different levels of granularity. The

evolutionary optimization is realized based on a numeric-

valued and an interval-valued network error.

Some works focus on the construction of granular neural

networks using local models (crisp neural networks) (Sán-

chez et al. 2015a; Song and Pedrycz 2011; Sánchez and

Melin 2014). Song and Pedrycz (2011) constructed a gran-

ular neural network whose architectures are formed as a

direct reconciliation of results produced by a collection of

local neural networks constructed on the basis of individual

data sets. The authors consider the presence of distributed,

individual and locally available data sets generated by the

same phenomenon or system being observed from different

points of view, which end up with a family of sources of

knowledge. In this way, they design a granular neural net-

work—architecture composed of a number of local neural

networks whose results are aggregated in the form of infor-

mation granules. The granularity of information is an

inherent manifestation of the diversity of results provided by

sources of knowledge. A way of translating numeric data into

meaningful information granules is realized through the

principle of justifiable granularity. A new model of a mod-

ular neural network optimized with hierarchical genetic

algorithms is proposed in Sánchez and Melin (2014). A

granular approach based on the database complexity is used.

Thus, it is called modular granular neural networks. The

modular neural networks comprise modules. The design of

the architecture of these modular neural networks is per-

formed in two stages. First, non-optimized trainings are

obtained, and an initial analysis is performed where labels

and new identification numbers (ID) are assigned to each

person using if–then rules. Second, the proposed hierarchical

genetic algorithm is used, with four different elitism meth-

ods, the most important of them called external memory. The

proposed method is tested with the problem of human

recognition based on the face information.

5 Trends and applications

Information explosion is not only creating large amounts of

data, but also a diverse set of data. The concept of infor-

mation granules makes the information more abstract and

general. Thus, they inherently become the selection of

blocks of system modeling, knowledge discovery and other

big ‘‘issue’’. Artificial neural networks are one of them.

Although the proposition of the concept of granular neural

networks is only about 16 years, its application can be

found in many fields. In the following, we will list some

cases. Some researchers focus on the foundations and basic

theories of granular neural networks (Pedrycz and Vuko-

vich 2001; Zhang 2005; Ding et al. 2014; Zadeh 1998;

YZhang 2009; Zhang et al. 2007). On the other hand,

people in engineering, industry and other fields like to

solve real problems with the aid of granular neural net-

works (Reformat et al. 2004; Garcı́a et al. 2008; Saberi

et al. 2013; Zhang and Wan 2007; Nandedkar and Biswas

2009; Cruz-Vega et al. 2015; Sánchez and Melin 2013a).

Vasilakos and Stathakis explained land-use classification

from remote sensing images by fuzzy neural networks

(Vasilakos and Stathakis 2005). Granular neural networks in

which fuzzy sets are selected as their formalism framework

and an evolutionary training algorithm are introduced in

Zhang et al. (2008). A good introduction to neuro-fuzzy

inference systems may be found in Jang (1993). One of the

earlier neuro-fuzzy systems for classification, named a fuzzy

neural network, was developed by Pal and Mitra (Pal and

Mitra 1992). As a part of determining the initial weights,

Dick and Kandel built a novel neuro-fuzzy system archi-

tecture called a linguistic neural network based on infor-

mation granules to simplify the knowledge representation in

the neural networks (Dick and Kandel 2001).

An application of the granular neural network for

identifying salient features of data, based on the concepts

of fuzzy set and a newly defined fuzzy rough set, is pro-

posed in Ganivada et al. (2013). In this paper, a three-
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layered fuzzy rough granular network is then introduced

for feature selection, based on the concept of fuzzy sets and

the proposed fuzzy rough set. A pairwise similarity matrix

is initially generated by finding the similarity between all

possible pairs of patterns, based on fuzzy logical connec-

tives. An a-cut is applied on the similarity matrix to

develop granulation structures.

Another application of granular neural network named

granular-based radial basis function neural networks is to

model the charging characteristic of linear-type supercon-

ducting power supply (Park et al. 2012). Due to the pres-

ence of a large persistent current decay in homogeneity of

the HTS coils, a superconducting power supply has been

expected to be an important option to maintain the stability

of the magnetic field in the superconducting magnet sys-

tem. The primary aim of the paper is to introduce and

design granular-based RBFNNs using clustering methods

such as K-means clustering and fuzzy C-means clustering

method and their direct use to modeling of the charging

characteristic of linear-type superconducting power supply.

The paper (Marcek and Marcek 2008) extends the

application of granular network to fit and predict the

quarterly data of wages time series, gives new calculating

algorithm for the specific granular network and compares

the obtained results with those obtained using statistical

procedures. It adopts RBF neural networks architecture.

Through the experimental results realized on the quarterly

wages time readings of the Slovak economy collected for

the period January 1, 1991 to December 31, 2006 which

provides a total of 64 observations, the authors conclude

that both econometric model and model based on the RBF

give approximately identical results.

6 Summary

The processing of non-numeric information appears in

many scientific fields. It is therefore not surprising to see

the evolution of granular computing techniques. Granular

neural networks have undoubtedly become one of the most

attractive topics due to the powerful function and wide

application of neural networks. Granular neural networks

have some successful stories in data analysis, system

modeling and other fields. In spite of this, machine learning

and pattern recognition communities (Maravall and Lope

2011) need to address a number of issues to improve our

understanding of granular neural networks. Some problems

and research directions are worth focusing in this regard.

(1) The selection of the types of information granules

and the granulation processes is the first important

issue. There is a profound diversity of the situations

that call for information granulation. There is also a

panoply of possible formal vehicles to be used to

capture the notion of granularity and provide a

suitable algorithmic framework in which all granular

computing can be efficiently completed.

(2) The learning processes need to be carefully dealt

with because of the complexity of the architecture of

granular neural networks. No matter how the

network is trained, it should reveal the granular

architecture of the granular network itself.
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