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Abstract. The article presents methodology of the time efficiency and quality 

measurement of Fuzzy ART neural network for document clustering. Fuzzy 

ART network and fast incremental algorithm is very effective for very large 

sets of streamed documents for document clustering (like documents from 

internet). The work is focused on the performance evaluation of document 

clustering in Matlab. It shows the behavior of the network when entering the 

documents of known clusters, but also documents from unknown clusters (still 

uncreated), which must be created. 

Introduction 

In everyday life we need to sort documents and systematically categorize them into 

relevant semantic structures. Documents in the collection of documents can be sorted 

according to their proximity in two ways [1]: 

1. The first one is the classification. The classification of the categories into which 

documents can be classified, known in advance, the documents are easily assigned 

to categories. Algorithms based on supervised learning are used for classification. 

2. The second way of the arrangement of documents is clustering. In this case, there 

are no predefined categories. Documents are classified into clusters according to 

their similarities and based on the properties, by which they are characterized. 

Sometimes it is not known in advance the number of clusters, their number is 

sometimes given in advance. In neither case, however, is not known in advance 

what documents will belong to the cluster. Algorithms based on unsupervised 

learning are used for clustering. 

In the article there will be applied clustering method using Fuzzy ART neural 

network. measurement methods and performance data quality Fuzzy ART algorithm 

for clustering documents will be described 
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1. Fuzzy ART Algorithm 

First, we define the basic concepts and algorithm of Fuzzy ART neural network. 

Input vector: Each input vector I (data element or document or object) is an M-

dimensional vector (I1,..,Im), where each component Ii is in the interval [0,1]. All input 

vectors are complement encoded [8]. 

Weight vector: The pattern that defines each category (j) is a weight vector 

),..,( 1 jMjj www  . Initialy 1...1  jMj ww . 

A cluster (category) is a subset α ⊆ I. A clustering solution is the set of clusters a 

clustering algorithm discovers in a data set I. The categories are semantically separate 

entities created by the vigilance test. Vigilance test (Eq.5) is part of a Fuzzy ART 

algorithm. 

 

Algorithm 1 (Fuzzy ART) [8]. 

Step 1. Initialization of all parameters and user defined parameters: 

 choice parameter , 

 learning rate , 

 vigilance parameter . 

10,10,0    

Step 2. Read new input vector I containing binary or analog components. Let I:=[next input 

vector]. 

Step 3. Compute choice function Tj : 
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where   is operator fuzzy AND, defined as:  

   ii yxyx ,min    (2) 

and the norm   is defined by  
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Step 4. Select the winning neuron: 

 NjTT jj ,...,2,1:max    (4) 

Step 5. Vigilance test: 

If, 


I

wI j
, then go to step 7, else go to step 6.   (5) 

Step 6. Mismatch reset: set 1jT  and go to step 4. 

Step 7. Add index j (representing of document category) from winning neuron jT  in the 

output vector jmap . 

Step 8. The weight vector jw is updated acording to the equation (learning rule): 

    )()()( 1 old
j

old
j

new
j wwIw   .   (6) 

Step 9. Return: go to step 2. 
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2. Experiments 

Methodology of experiments focused on the performance and the quality of clusters. 

Testing was conducted on a computer with configuration: CPU Intel Celeron 420, 

1.60 GHz, 1 core, 32 bit bus, 2.5 GB RAM, 160 GB HDD, Windows 7, Matlab 

R2010a. 

2.1. Performance evaluation with randomize documents 

First test set contained 45150 randomize documents with 30 terms. Number of 

documents growed in loop from 1 to 300 and repeatedly came thrue the net 

(1,3,6,10,..,45150). On the Fig 1 we can see, how the number of created categories 

growed with number of documents.  

 

 

Fig. 1. Time efficiency of FART algorithm. 

 

Fig. 2. Number of documents and categories created of the FART. 
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2.2. Quality test 

Testing of clustering quality and assignment to the clusters was made in three steps. 

We used three artificial matrices with randomly generated term frequency. Each 

matrix had 30 terms. Each category (hopefully cluster in the future) was made from 

60 documents.  

In the testing phase as first FART initiation matrix 300x30 runned thrue the test 

and created five clusters (categories). This run is shown in tables as Fart-inic. Then 

one from the three given matrices was presented to algorithm FART. This matrix 

runned by these network continuously. 

The input matrices were as follows: 

1. the matrix 300x30 TF + 5 unknown categories (Tab. I), 

2. the matrix 600x30 TF + 10 unknown categories (Tab. II), 

3. the matrix 600x30 TF + 5 known categories from the initiation matrix and 5 

unknown categories with alternating arrangement (Tab. III). 

 

Category is unknown until the network processed the document which belongs to it. 

Table 1. Testing on the matrix 300x30 TF + 5 unknown categories. 

Function  

Name 
Calls 

Total CPU  

Time [s] 
Rho 

Add New 

Categories 
F-measure 

FART-inic 1 0,114 0,7 5 0,97 

FART 1 0,133 0,6083 5 0,91 

Table 2. Testing on the matrix 600x30 TF + 10 unknown categories. 

Function Name Calls 
Total CPU  

Time [s] 
Rho 

Add New 

Categories 
F-measure 

FART-inic 1 0,114 0,7 5 0,97 

FART 1 0,273 0,6083 10 0,93 

Table 3. Testing on the matrix 600x30 TF + 5 known  

and 5 unknown categories with alternating arrangement. 

Function Name Calls 
Total CPU  

Time [s] 
Rho 

Add New 

Categories 
F-measure 

FART-inic 1 0,114 0,7 5 0,97 

FART 1 0,246 0,6083 5 0,93 

 

User-defined input parameters were set experimentally. Choice parameter =0.5, 

learning rate =1. Vigilance parameter , was set by the highest F-measure. 
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Conclusion 

A characteristic feature of ART networks is that in every moment we can add a new 

model - the network does not distinguish between learning phase and the execution 

phase. Therefore do not suffer massive forgetfulness. Networks are designed so that it 

is possible to change similarity between the patterns, which will be associated with 

one of the clusters. 

One of the negatives, it is necessary to mention the high sensitivity to parameter  

(vigilance), further the sensitivity to noise in the input data and large memory 

requirements. An important feature is also the sensitivity of the network to the 

presented samples rank - in a different order of the same input patterns can arise 

different clusters [8, 10]. 

 

Experiments showed that the execution time grows with the number of newly 

created categories exponentially. In the Fuzzy ART algorithm  with the creation of 

new categories are connected the following activities: 

  vigilance test (step 5), which decides whether a document is sufficiently close 

to some category or there is a need to create a completely new category 

  update  of weight vector (step 8), where the weights of  network are updated. 

 

If we remove these two activities of algorithm (step 5 and step 8) and only assign 

documents into existing categories according to the input pattern close to that 

category (step 3), and we would not create any new categories, we  would save in 45 

150 documents and 18,032 categories 5 minutes of CPU time [12]. 

Quality test  pointed to the great sensitivity parameter Rho, which was to be set to 

a value other than on initiation run FART-Init to maintain the highest F-measure. 

Parameter Rho in our case was set experimentally. 

Fuzzy ART neural network is a long-place in various technical systems and 

applications. The article shows that its place is in the field of Information Retrieval, in 

particular in the clustering of text documents into categories. 
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