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Abstract: Data Mining becomes a vital aspect in data analysis. 

Study on data mining using a synchronized Clustering, Neural 

based approach gives us the usage trend analysis and it is very 

much depends on the performance of the clustering of the 

number of requests. The Self Organizing Networks is useful for 

representing and building unsupervised learning, clustering, and 

Visualization and feature maps. Growing Neural Gas is one of 

the types of Self Organizing Networks. We have trained the 

neural gas algorithm and transformed the data to adapt input 

features of resultant trained network. In this paper we are 

presenting a novel algorithm for clustering to detect patterns of 

the data. Self Organizing Map identifies the Winning neurons 

which are used in growing neural gas algorithm with 

mahalanobis distance measure. Thus the proposed algorithm is 

hybrid and it combines Artificial Neural Network (ANN) and 

Principal Component Analysis (PCA). 

Keywords-Growing Neural Gas, Clustering, PCA (Principal 

Component Analysis), Artificial Neural Network (ANN), 

Mahalanobis distance, Self Organizing Map (SOM). 

I. INTRODUCTION 

ata Mining has been the focus of modern research 

projects. In this paper our focus and the area of interest 

are on unsupervised learning, especially with clustering. 

Clustering analysis is an unsupervised method of partitioning 

the data set into subsets of similar data objects. The goal of 

clustering is grouping of data into similar objects. Most 

traditional unsupervised clustering algorithms like k-means 

and fuzzy c-means, partition the data set based on similarity 

measurement of data.  A partition similarity measure focuses 

the unsupervised distance measures. However, if one might 

want to group the data into similar objects with the same class 

labels when these labels are unknown.  The problem 

of unsupervised learning is to find hidden pattern in the 

unlabeled data. We are having two methods in unsupervised 

learning that can be classified into linear and non-linear 

Kernels. Approaches to clustering include hidden Markov 

models, blind signal separation using feature pulling out 

techniques for dimensionality reduction principal component 

analysis, independent component analysis are used. 

Artificial neural networks (ANNs) are computational models 

inspired by brain an central nervous systems and it is capable 

of machine learning as well as pattern recognition. Neural 

networks are normally offered as systems of interrelated 

neurons which can compute values from inputs. Among 

neural network models, the self-organizing map and is the 

commonly used unsupervised learning algorithms. The SOM 

is a topographic association in which nearby locations in the 

map represent inputs with related properties. The model 

allows the number of clusters to vary with hitch size and lets 

the user manage the degree of similarity between members of 

the same clusters by means of a user-defined constant called 

the vigilance parameter. Neural networks are also used for 

many pattern recognition tasks like signal processing, 

automatic target recognition etc., 

 

Figure 1.1 Overview of Unsupervised Learning Algorithm 

Neural Network resembles an influential execution to split 

clusters of feature vectors in a high dimensional space. 

Supervised clustering uses additional information, usually 

represented by labels of items, to guide the partitioning of data 

objects into optimal clusters. Neural gas algorithm allows 

finding a simplification for a set of data represented as a group 

with related characteristics. The task of clustering is to find 

number of groups or clustering a set of groups. Each group is 

a vector of features. Clustering algorithms like Self-

organizing maps and growing neural gas were analyzed here. 

In our study we have implemented a innovative hybrid 

algorithm to characterize data reduction methodology into 

clustering. Here the combined techniques are SOM, GNG and 

PCA for our new approach of clustering. 

II. RELATED WORKS 

Recently, supervised clustering algorithms have been used in 

many applications for data mining and bioinformatics. Several 

unsupervised clustering algorithms have been proposed. 

Slonim and Tishby (1999) proposed a bottom up 

agglomerative algorithm, based on hierarchical approaches. 

D 
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Aguilar also proposed a bottom-up agglomerative algorithm 

by merging neighboring clusters labeled with the same class. 

Zeidat (2005) introduced three clustering algorithms, namely 

SPAM (a variant of the Partitioning Around Medios (PAM) 

algorithm), SRIDHCR (which uses a random search and 

greedy approach for selecting a data sample to be a 

representative of a cluster), and SCEC (which uses a 

evolutionary computation to seek the optimal set of 

representatives). The above three algorithms helps to 

minimize the fitness function that measures the class impurity 

against the number of clusters. Pedrycz and Vukovich 

proposed the supervision Algorithm based on fuzzy c-means. 

The algorithm includes a class constraint factor in the 

objective function of the original fuzzy c-means algorithm. 

The drawback of the algorithm is that it can handle only a 

two-class problem, and that the number of clusters must be 

predefined.  A. Jirayusakul and S. Auwatanamongkol 

proposed optimal guaranteed cluster algorithm is the 

Supervised Growing neural gas Algorithm. Some algorithms 

require a predefined number of optimal clusters, which may 

not be attainable.  The most popular method in clustering 

analysis is the self organizing feature map (SOM) proposed by 

Kohonen (1995). The alternative method of clustering is 

Neural Gas algorithm, Martinatz et al.(1993), it has been 

applied to vector quantization, prediction, topology 

representation etc. Machon Gonzalez, I. (2011)  Compared  

mostly used clustering with SOM and defined SOM clustering 

Algorithm has been used in areas batch  and image 

processing. James and Janusz (2008) proposed Self 

Organizing Neural Gas (SONG), here the error is calculated 

after the node position updates rather than before. Therefore, 

we propose a novel hybrid algorithm, hybrid in the sense it 

utilizes several techniques from supervised and unsupervised 

learning methods. The major features of the SONG algorithm 

such as the weight adjustment, error calculation, and 

neighborhood selection are utilized in building self-organizing 

sparsely connected hierarchical networks. The sparse 

hierarchical network is locally connected based on neurons’ 

firing correlation. Feedback and time based correlations are 

used for invariant object recognition.  

In this paper, we combine the self organizing neural Gas with 

principal component analysis, namely SONG-PCA. The 

Algorithm gives us the adapted SONG Algorithm and it 

applies some basic principle component analysis for high 

dimensionality reduction of data and it uses the mahalanobis 

distance measure with self organizing neural gas network. 

 

Figure 1.2 (a) Euclidean Distance (b) Mahalanobis Distance 

As can be seen from the illustration above Figure 1.2, the 

Mahalanobis distance takes into account the distribution of the 

data points, whereas the Euclidean distance would treat the 

data as though it has a spherical distribution. Here we 

suggested an extension of the Neural Gas vector quantization 

method to local principal component analysis. The distance 

measure for the competition between local units combines a 

normalized Mahalanobis distance in the principal subspace 

and the squared reconstruction error, with the weighting of 

both measures depending on the residual variance in the minor 

subspace. A recursive least squares method performs the local 

principal component analysis. The method is tested using 

business data sets. 

III. SELF ORGANIZING NEURAL NETWORKS 

An Artificial Neural Network (ANN) is an information-

processing paradigm that has been stimulated by the way of 

biological nervous systems, such as the brain, process 

information. The key element of ANN is the novel structure of 

the information processing system. It is composed of a large 

number of highly interconnected processing elements 

(neurons) working in unison to solve specific problems. An 

ANN is configured in specific applications like pattern 
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recognition or data classification, through learning process 

Neural networks, with their incredible ability to develop 

meaning from complex or imprecise data, can be used to 

extract patterns and detect trends that are too complex to be 

noticed by either humans or other computer techniques.  ANN 

has Adaptive learning, it is an ability to learn how to do tasks 

based on the data given for training or initial experience. Real 

Time Operation: ANN computations may be carried out in 

parallel, and special hardware devices are being designed and 

Manufactured which take advantage of this capability. Fault 

Tolerance via Redundant Information Coding: Partial 

destruction of a network leads to the corresponding 

degradation of redundant information. Also we do have Self-

Organization, create its own organization or representation of 

the information it receives during learning time. There is some 

method for this is called as SOM (self organization methods). 

In the upcoming chapters we are going to study about 

supervised techniques, in which we have target data for each 

output, and the network learns to produce the required output. 

In this chapter we have the focus of unsupervised training, the 

network learn to form the own classifications without any 

outcome help. To do this we will have to assume that the class 

membership with defined input patterns sharing common 

features, and the feature will identify the input patterns across 

data. The SOM has a feed-forward structure with a single 

computational layer arranged in rows and columns. Each 

neuron is fully connected to all the source nodes in the input 

layer: 

 
Figure 3.3  SOM Network Structure. 

Self-organizing feature maps (SOFM) is to classify input 

vectors according to how they are grouped in the input space. 

They differ from competitive layers in that neighboring 

neurons in the self-organizing map learn to recognize 

neighboring sections of the input space. Thus, self-organizing 

maps learn both the distribution (as do competitive layers) and 

topology of the input vectors they are trained on.  

T. Kohonen and  O. Simula, (1996) expressed main 

characteristics of Self-Organizing Maps (SOM)  

1. It transforms an incoming input data into one or 2 

dimensional map and perform this transformation 

adaptively  

2. The network represents feedforward structure with a 

single computational layer consisting of neurons 

arranged in rows and columns. 

3. At each stage of representation, each input signal is 

kept in its proper context and,  

4. Neurons dealing with closely related pieces of 

information are close together and they communicate 

through synaptic connections. 

 The computational layer is also called as competitive layer 

since the neurons in the layer compete with each other to 

become active. Hence, this learning algorithm is called 

competitive algorithm. Unsupervised algorithm in SOM 

works in three phases: 

 Competition phase: for each input pattern x, presented to the 

network, inner product with synaptic weight w is calculated 

and the neurons in the competitive layer finds a discriminant 

function that induce competition among the neurons and the 

synaptic weight vector that is close to the input vector in the 

Mahalanobis distance is announced as winner in the 

competition.  

Cooperative phase: the winning neuron determines the center 

of a topological neighborhood h of cooperating neurons. This 

is performed by the lateral interaction d among the 

cooperative neurons. This topological neighborhood reduces 

its size over a time period.  

Adaptive phase: enables the winning neuron and its 

neighborhood neurons to increase their individual values of 

the discriminant function in relation to the input pattern 

through suitable synaptic weight adjustments, Δw = ηh(x)(x – 

w).  

Upon repeated presentation of the training patterns, the 

synaptic weight vectors tend to follow the distribution of the 

input patterns due to the neighborhood updating and thus 

ANN learns without supervisor S. Haykin (2005). The 

neurons in the layer of an SOFM are arranged originally in 

physical positions according to a topology function.  Here a 

self-organizing feature map network identifies a winning 

neuron i* using the same procedure as employed by a 

competitive layer. However, instead of updating only the 

winning neuron, all neurons within a certain neighborhood Ni* 

(d) of the winning neuron are updated, using the Kohonen 

rule. Specifically, all such neurons i Ni*(d) are adjusted as 

  or  
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+  

Here the neighborhood Ni* (d) contains the indices for all of 

the neurons that lie within a radius d of the winning neuron i*. 

 dij   d} 

Our algorithm for adaptive learning rate control is intended to 

replace the fixed annealing scheme for the neighborhood 

range ρ and the global learning rate . Instead, each unit i gets 

its own specific learning rate i  which changes during the 

course of training. This learning rate should be large if the 

unit is badly adapted to its partition of the training data and 

small otherwise. For this reason, each local PCA unit is 

matched with the empirical distribution of data vectors {x} 

assigned to it. 

    

Figure 3.4 First three Principle components 

First, for a given x the principal components y are computed: 

y = W
T
(x−ci). It is assumed that ideally — for a perfectly 

adapted local PCA unit — the principal components yj (j = 

1,...,m) are themselves drawn from one–dimensional Gaussian 

distributions with variances λi,j. 

IV. PROPOSED CLUSTERING ALGORITHM 

INPUT 

There are n-dimensional input data  say , {x(t)} t =1, 2, …..l , 

the mean vector e and the covariance matrix of x(t) are 

defined by 

e = , 

R = , ]. 

Neural gas algorithm with Mahalanobis distance is as follows. 

Step 1: Initialization:   

Define n-neurons, namely the number of clusters. 

Weigh vectors over the input space, W = [w1, w2,.......wc]. 

Initial learning Rate  and the final learning rate . 

Number of training set N and the maximum training epoch EP 

with EP0 = 0 and EP max = M. 

Maximun number of iterations tmax = MN 

Step 2: Processing: 

Input vector x(t) at time t in m
th

 training epoch. Then total 

iterations are 

titer = EP * N + t . 

a) Calculate the distance di (e.g., Mahalanobis 

distance) 

b) Calculate the neighborhood ranking ri (initial ri = 

0 and i=1,2,….c) and i = 1,2….,clusters and j = 

i,…..clusters. 

r i   = ri +  

c) Calculate the error 

                                                                                                                                

        Where       

 

    

 

d)  Update the weight vectors wi as  

 

 , where  

 and    
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Increase t = t+1. 

Repeat Step 2 until t = tmax. 

Step 3: Representation: 

 In the last training epoch, label the input x(t) as one of the 

stabilized clusters according to the following criteria, 

Cj = arg  

Note that the winning neuron Cj  with minimum neighborhood 

ranking r is the Best-Matching-Unit with Mahalanobis sense  

(Xiufen  et al.(2010)). 

 

 

 

 

 

Figure 3=1.5 Minimum neighborhood ranking 

If we consider in a given image there are two distinct groups 

and p1…….pn represents the relevant characteristics of 

individuals in these groups. If X denote a (random) vector that 

contains the measurements made on a given individual or 

entity. A common assumption is to take the p dimensional 

random vector X as having the same variation about its mean 

within either group. Then the difference between the groups 

can be considered in terms of the difference between the mean 

vectors of X, in each group relative to the common within-

group variation. A measure of this type is the Mahalanobis 

squared distance Δ
2
 defined by 

 

Where Σ denotes the common non singular covariance matrix 

of X in each group. It can be seen that since Σ is a (non 

singular) covariance matrix, it is positive-definite and hence Δ 

is a metric. If the variables in X were uncorrelated in each 

group therefore that they had unit variances, then Σ would be 

the identity matrix and the above equation would correspond 

to using the (squared) Euclidean distance between the group 

mean vectors μ1 and μ2 as a measure of difference between the 

two groups. involved S Paul, M Gupta (2013) and Jiaming 

Wu, Yiquan Wu (2010) it can be seen that the presence of 

Covariance matrix allows different scale of variables.  

Figure 1.6 Visualisation of Hybrid Clustering Method 

The above algorithm describes the clustering based on self 

organising neural gas combined with principal component 

analysis. PCA has been widely used in data compression and 

feature selection. By sorting the eigenvalues λi of R in 

descending order, we obtain n eigenvectors, also called 

principal directions, corresponding to those m largest 

eigenvalues (usually m<n) for feature extraction. 

 

 
 

Figure 1.7 SONG-PCA Clustering 
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The model itself is composed from N local PCA units each of 

which is defined by a tupel {ci,Wi,Λi,λ∗
i}, with i = 1,...,N. Wi 

contains the estimated eigenvectors in the m principal 

directions, Λi is a diagonal matrix with the corresponding 

eigenvalues λi,j (j = 1,...,m). λ∗i  is the estimated residual 

variance for each of the n−m minor directions. In each 

training step t, one vector xt from the training set is drawn at 

random (in the following, the index t is omitted). For every 

unit, Mahalanobis distance Δ. A rank ri(Δ) = 0,...,N−1 is 

assigned to each unit: A rank of 0 indicates the closest and a 

rank of N −1 the largest distance to the vector x. After the 

ranking, an elective learning rate αi is computed for each unit: 

   αi = ·hρ(ri(Δ)) 

This elective learning rate is used for the adaptation of all 

elements of the defined tupel {ci,Wi,Λi,λ∗
i}. The function hρ(r) 

= exp(−r/ρ) ensures that not only the best–matching unit is 

updated, but every unit with a factor exponentially decreasing 

with its rank. The neighbourhood range ρ and the global 

learning rate  in training step t are determined by an 

annealing process as described before.  

The above Figure 1.7 describes that there are two Gaussian 

based clusters and centroid of the cluster is denoted by a small 

solid circle. In a Mahalanobis sense, the separation line is 

vertical to the line which joints the centroids of the two 

clusters and passes through its midpoint. Obviously, there 

exist data samples in top cluster are misclassified by the 

Euclidean-metric-based separation line (the bold dashed line). 

But the separation line in a local principal subspace 

decomposition sense (the bold solid line denoted by an arrow) 

can match this Gaussian-based distribution data clusters well 

and can separate them distinctly. Here λi represents the 

corresponding eigen values (in a descending order) of 

covariance matrix R, and α is the proportion factor usually 

more than 90%.  

In this proposed method business data has taken as input with 

87 variables. The grasping error is a weighted sum of different 

translational and rotational deviations from the ideal grasping 

posture; lower values are better; values around 1.0 indicate a 

very good performance. Table 1.1 reports the similarity results 

between SOM and SONG-PCA.  Our Proposed SONG-PCA 

algorithm manages to achieve overall lowest error as .96 and 

it is better than the classic SOM algorithm. 

Table1.1 Error Results, m is number of principle component. 

Methods m=3 m=6 m=9 

SOM 1.2 1.3 1.5 

Hybrid(SONG-PCA) 0.96 1.0 1.6 

 

Classic SOM algorithm did not manage to rearrange its units 

for a good match. Our proposed SONG-PCA algorithm 

rearranges the three defined PCA units still it gets good 

adaptive learning rate. 

 

V. CONCLUSION AND FUTURE WORK 

We introduced a hybrid clustering method based on Self-

Organizing Neural gas with PCA approach to the study of 

business data. The results of the clusters generated from the 

SONG-PCA network shows that our approach can effectively 

discover usage patterns. Our results can also be used to predict 

the customer behavior based on the past experience. In this 

paper we proposed new clustering SONG-PCA Algorithm. 

Kohonen’s SOM is held in the output space. Combine with 

principal component analysis.  It has some major features, 

which includes Mahalanobis distance measure, Error 

Calculation, Weight Adjustment, Neighborhood selection and 

Time based recognition. This algorithm approximates the 

adaptive learning rate using mahalanobis distance distribution. 

Also we do have the idea of future implementation based on 

this proposed algorithm for classification of the data set. 

Experimental results with comparison analysis of SOM 

clustering algorithms and the proposed algorithm shows the 

reduction of errors. Adapting the SONG-PCA algorithm to 

large dimensionality input spaces will certainly reduce errors 

and we are going to use this clustering algorithm for our 

business data to divide the customers into specific groups 

before model prediction. Based on the different groups of 

customers we can apply the modeling techniques. 
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Appendix: 

A Hybrid clustering method in R Programming: 

install.packages("kohonen") 

library("kohonen", lib.loc="~/R/win-library/3.3") 

SONG-PCA = function (data, grid = somgrid(), rlen = 100, alpha = c(0.05,  

    0.01), radius = quantile(nhbrdist, 0.67) * c(1, -1), init,  

    toroidal = FALSE, n.hood, keep.data = TRUE)  

{ 

    if (!is.numeric(data))  

        stop("Argument data should be numeric") 

    data <- as.matrix(data) 

    nd <- nrow(data) 

    ng <- nrow(grid$pts) 

    if (missing(init)) { 

        init <- data[sample(1:nd, ng, replace = FALSE), , drop = FALSE] 

    } 

    else { 

        init <- as.matrix(init) 

        if (nrow(init) != ng | ncol(init) != ncol(data) | !is.numeric(init))  

            stop("incorrect init matrix supplied") 

    } 

    codes <- init 

    if (missing(n.hood)) { 

        n.hood <- switch(grid$topo, hexagonal = "circular", rectangular = "square") 

    } 

    else { 

        n.hood <- match.arg(n.hood, c("circular", "square")) 

    } 

    grid$n.hood <- n.hood 

    nhbrdist <- unit.distances(grid, toroidal) 
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    if (length(radius) == 1)  

        radius <- sort(radius * c(1, -1), decreasing = TRUE) 

    changes <- rep(0, rlen) 

    res <- .C("SOM_online", data = as.double(data), codes = as.double(codes),  

        nhbrdist = as.double(nhbrdist), alpha = as.double(alpha),  

        radii = as.double(radius), changes = as.double(changes),  

        n = as.integer(nrow(data)), p = as.integer(ncol(data)),  

        ncodes = as.integer(nrow(init)), rlen = as.integer(rlen),  

        PACKAGE = "kohonen") 

    changes <- matrix(res$changes, ncol = 1) 

    codes <- res$codes 

    dim(codes) <- dim(init) 

    colnames(codes) <- colnames(init) 

    if (keep.data) { 

        mapping <- map.kohonen(list(codes = codes), newdata = data) 

        structure(list(data = data, grid = grid, codes = codes,  

            changes = changes, alpha = alpha, radius = radius,  

            toroidal = toroidal, unit.classif = mapping$unit.classif,  

            distances = mapping$distances, method = "som"), class = "kohonen") 

    } 

    else { 

        structure(list(grid = grid, codes = codes, changes = changes,  

            alpha = alpha, radius = radius, toroidal = toroidal,  

            method = "som"), class = "kohonen") 

    } 

} 

distances = mahalanobis(x,mean,Sx) 

alpha = kcca(x, k, family=kccaFamily("kmeans"), weights=NULL, group=PC, 

     control=Iterative, simple=FALSE, save.data=FALSE) 

PC =  princomp(mydata, cor=TRUE) 

 


