
The 16th INTERNATIONAL SCIENTIFIC CONFERENCE 
INFORMATION TECHNOLOGIES AND MANAGEMENT 2018 
April 26-27, 2018, ISMA University, Riga, Latvia Krassovitskiy A, Mussabayev R 

77 
CM28 Computer modelling and information technologies 

Energy maximization approach for solving clustering problem 
Alexander Krassovitskiy*, Rustam Mussabayev 

Institute of Information and Computational Technologies, Pushkin str. 125, Almaty, Kazakhstan 

*Corresponding author’s e-mail: akrassovitskiy@gmail.com 

 
Abstract  

Clustering problem is treated by introducing a parametric function that represents energy of data points. First, a clustering algorithm based 
on the energy maximization approach is constructed. Second, the parameter identification problem is considered. Preliminary results on 
clustering and identification of parameters are obtained on several public datasets. 
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1 Introduction 

Clustering algorithms are widely used to classify samples of 
data by certain criteria. The data elements are considered as 
n-dimensional real-value vector points. A distance function 
is defined on these data points as a criterion of closeness or 
data likelihood. A number of clustering algorithms have 
been implemented recently [1] directed to the broad scope 
of application; some of them gained popularity due to their 
elegance and efficiency, e.g., DBScan [2]. 

Our work is inspired by the idea of handling energy 
values assigned to data points, so that their grouping energy 
growths faster for higher density points. Based on this 
approach we construct a clustering algorithm that yields a 
maximum of energy function (in general, may yield local 
maximum) for every good sample grouping. 

There is a certain drawback for our approach related to 
the fact that we use a number of heuristic parameters 
provided to the algorithm. In order to overcome this 
drawback, the parameter identification problem is 
considered. The identification problem is solved by 
encapsulating the clustering algorithm into a "black box", so 
its parameters are used as input, while we get the precision 
as its output. Preliminary results on clustering and 
identification are obtained on several public datasets e.g. Iris, 
WPBC from [4]. 

2 Implementation 

Our clustering algorithm has the following two parts: 
finding centroids, and cluster propagation. For the first part 
we realize an algorithm that for a given dataset of real-value 
vector points finds such subset that contains center points of 
data highest density. In order to do so we introduce an 
empirically-based energy function p.  

( )( ) [ ] [ ]0,10,1: →ji s,sdistp , 

where si, sj are normalized data points from the given dataset, 

and dist is our function of normalized distance. Function p 
satisfies the following conditions: p(0) = 1, p(1) = 0, and p 
is strictly monotonic. Moreover, we require that p to be a 
parametric function so that we have a control on how far 
data points may affect one another. A point sj from the 
dataset is selected as a centroid point if 

( )( ) 2/ Rs,sdistpD jii  is a maximum for all i, where 

( )( )∑ 1/ Rs,sdistp=D kii , and R1, R2 are parameters of 
the algorithm. We mark all these centroid points as clusters, 
each having exactly one element.  

Next, we realize the idea of cluster propagation by 
including data points into one of the clusters in such a way 
that it "fits best" to the energy of that cluster. In particularly, 
we sort out the points and the clusters, after that we find the 
pair that gives maximum energy gain and merge the point to 
this cluster. In our algorithm the data points may jump from 
one cluster to another if corresponding energy increases. 
This procedure is repeated until no data points can be 
merged or jump. 

We treat the parameter identification problem by 
iterative search of the best input parameters, i.e., as an 
optimization problem regarding precision of the clustering. 
The precision is calculated by comparing the clusters we 
compute with known values from the corresponding dataset. 

3 Discussion 

Note, that we introduce the energy (gain) function as a 
measure of data density or, in other words, representation of 
the data grouping into a dense cluster. Our algorithm 
represents a physically inspired approach that lies between 
density-based and expectation maximization clustering 
approaches. 

One positive side of this method is that the introduced 
energy function simplifies the proof of the algorithm 
convergence. 

Preliminary results on clustering and parameter 
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identification are obtained on several public datasets. We 
consider the advantages as well as disadvantages of our 
solution comparing to several known algorithms [3] applied 
on Iris and WPBC [4]. 

TABLE 1 Parameter identification results 

Dataset Precision Algorithm simulation 

Iris 0.9574 more than 1500 runs, step value in 
parameter identification is 1/50 

WPBC 0.9140 more than 1000 runs, step value in 
parameter identification is 1/200 

4 Conclusion 

The central idea of this work is energy-based clustering 
approach. Here, clustering problem is considered as an 
optimization problem with respect to energy function.  

It is essential that our algorithm has a natural “stopping” 
property, i.e., the algorithms necessary completes each 
execution run in a finite number of steps. Moreover, it 
results to a fixed number of clusters corresponding to the 

input parameters of energy function, centroids, and cluster 
propagation. This, in turn, simplifies the noise identification 
problem (as those data points that avoid any cluster).  

Our computational experiments also show basic limits 
of the above technique, e.g. we conclude empirically a 
highly discreet nature of this optimization problem. 

We realize a computationally stable algorithm for 
identifying parameters that give a proper clustering. Our 
intention is to use this computational model in problem 
oriented clustering, yet its use in concrete applications 
requires further investigation. What is essential about our 
approach is the possibility to adapt it to a range of clustering 
datasets and achieve the suitable precision. 
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