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ABSTRACT:Cluster validity assessment is one of the very important in the field of 

clustering analysis. The previous introduction of the Kohonen Self-organizing Maps – 

Exponential Decay Average Rate of Change (KSOM-EDARC) in the area of 
clustering paved the way for further exploration of its clustering capability. This is one 

of the recent enhancement of Kohonen Self-organizing Maps (KSOM), which 

enhances the learning rate decay function of the algorithm using the Exponential 

Decay Average Rate of Change (EDARC). Previous studies show that the clustering 
performance of the enhanced algorithm is better than the conventional algorithm. The 

assessment was made using visual analysis and comparison on the learning rates of the 

improved algorithm against the traditional KSOM.  Hence, this paper provides a 
cluster validity assessment on the performance of the KSOM-EDARC and KSOM 

using three internal validity index to validate the performance of the two algorithms 

further. The Silhouette Index (SI), Calinski-Harabaz Index (CHI), and Davies-Bouldin 

Index (DBI) are used to validate the clustering results of the algorithm. The Fire 
Disaster Tweets Dataset was used for clustering by the two algorithms. The average 

index values and the percentage difference between the two algorithms were 

determined. Based on the results recorded by the indices of the two algorithms, the 
KSOM-EDARC produced well separated and denser cluster results compared with the 

KSOM. The study concluded that KSOM-EDARC has better and improved 

performance and a better solution than the traditional algorithm. 
 

KEYWORDS:Clustering, Cluster Validity, Validity Index, Data Mining, Learning Rate 

 

1.0 INTRODUCTION 
Data mining is the extraction of suitable patterns or mining knowledge from massive 

amounts of data through the application of correct algorithms, tools, and techniques 
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[1]. Clustering is one of the essential and prominent data mining techniques wherein, it 

partitions an unlabeled dataset and organized similar objects in the form of a cluster 
[1]. The organization is based on the similarities of objects with respect to similarities 

of measure among objects [2]. 

Kohonen Self-Organizing Feature Maps (KSOM) is prominent in the field of data 
mining, mainly clustering high-dimensional or multi-dimensional data [3], [4]. KSOM 

is an unsupervised neural network that represents high-dimensional or multi-

dimensional data into one, two, or in particular cases, into three-dimensional space [5]. 

Space is a representation of the input vectors of the training samples, and it is called a 
map [6], [7]. KSOM is specially designed for clustering, visualization, and abstraction 

of high-dimensional data [8], [9]. The elementary of the SOM is the flexible 

competition of nodes in the output layer; not only one node (the winner) is updated, 
but also its neighbors are adjusted [9]–[11]. The Kohonen network can adapt to 

recognize groups of data and relatively similar classes to the others. The SOM has only 

two layers: the input layer and the output layer. The input layer is one-dimensional, 
while the output layer consists of radial units typically organized in two dimensions 

[9], [10], [12]–[14]. KSOM is used for a variety of tasks, and it is handy to find 

regularities in a large volume of data through it [8], [15]. 

One of the recent enhancement of the KSOM is the Kohonen Self-organizing Maps – 
Exponential Decay Average Rate of Change (KSOM-EDARC). The KSOM-EDARC 

used the principle of the average rate of change and presented a new learning rate 

decay function of the KSOM called the Exponential Decay Average Rate of Change 
(EDARC) [15]–[17]. The studies showed an illustrative comparison of the 

performance of the KSOM-EDARC and the conventional KSOM by applying the two 

algorithms in color and image clustering. Results showed that the KSOM-EDARC 

produces a better result compared to the traditional KSOM based on the learning rates 
of the two algorithms, as illustrated in Figure 1[15]–[17]. 

 

 
 

 

 
 

 

 

 
 

 

 
 

 

 

Figure 1: Learning Rates Generated by KSOM and EKSOM Used for the 

Evaluation 
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The KSOM is unsupervised learning and knows no pre-determined output [18]. This 

type of learning is very advantageous for data visualization and organization tasks 
correlated to the traditional neural networks. KSOM uses competitive learning where 

the specific Best Matching Unit (BMU) in the network is determined to having the 

most significant influence and spreads out to its neighboring neurons with a lesser 
influence [13]. It further explained that the inputs are presented to the nodes, and the 

weighted sum of the nodes are calculated using a Euclidean Distance. Also, all the 

networks are iterated, and the node with the closest matching output magnitude is 

chosen to receive additional training denoted as the BMU. The training is extended to 
its neighborhood surroundings [18]. 

All Neural Network (NN) has an essential module that occurs during the 

training/classification phase called learning [19].  After training a NN, it generates 
results known as the production phase. This phase uses a different form of learning 

archetypes, learning guidelines, and learning algorithms. A learning algorithm is a 

mathematical approach in updating neural weights during the training process [20]. 
Supervised and unsupervised NN uses learning rules and learning algorithms, 

producing a different impact on the results [19]. In a high-dimensional data where 

extensive training samples are introduced to the network, problems on the learning rate 

arise. An algorithm becomes inadequate to produce valuable results if there are too 
many neurons in the networks and the dimensionality of the input exceeded by the 

computation capacity of the network [21]. 

The learning rate of a NN is one of the most influential hyper-parameters to tune for 
training [22], [23]. Careful choice of learning rate (step size) schemes leads to faster 

convergence and lower error rates [20], [24]–[26]. This clearly emphasizes that the 

convergence of a NN algorithm is highly affected by choice of learning rate [19]. 

Theconvergence of the algorithm is greatly affected by the proper selection of changes 
in the learning rate during the training process [20]. Initial steps can afford to take 

larger steps enabling a rapid increase in the objective function. Still, during the latter 

part of the training iteration, smaller steps are essential to descend into finer features of 
the loss landscape [24]. The figure below depicts the different choices of learning rates 

[27]. 

 
 

 

 

 
 

 

 
 

 

Figure 2: Choices of Learning Rates 
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The figure shows that too small value for the learning rate will take a longer training 

time to arrive at a minimum point, and too high value for the learning rate causes 
divergence behaviors and will not arrive at convergence. Whereas the right value of 

learning rate can afford to take a bigger step at the outset of the training and swiftly 

arrives at the minimum point towards convergence [27]. Also, an excessively large 
learning rate moves afar in the right path, wandering around a valley or minimum in 

the error surface, affecting the generalization accuracy [20]. The conventional KSOM 

algorithm uses the following learning rate decay function. 

𝐿(𝑡) = 𝐿0 exp (−
𝑡

𝜆
) 

(1) 

The initial learning rate is represented by 𝐿0 , t is the current iteration, and 𝜆 is the 

maximum no. of iterations. 
In the study of Galutira et al., the learning rate decay function of the KSOM was 

modified using the principle of Average Rate of Change, combining it to the 

exponential decay function of the algorithm. Their study came up with the EDARC as 
the new function of the enhanced KSOM [15]–[17].  The function presented as 

follows. 

 (2) 

where the initial learning rate is represented by 𝐿0 , d change in d with respect to t, 

and 𝜆 is the maximum no. of iterations. 
The results shown from the previous studies, based on the learning rates and visual 

analysis of the clustered results, the KSOM-EDARC produced better clustering results 

compared to the conventional KSOM. 
Despite the recorded success of KSOM-EDARC on the previous studies, there was no 

presented validation on the clusters produced by the algorithm over the traditional one. 

Hence, this study evaluates the cluster validity of the KSOM-EDARC alongside with 
the conventional KSOM through the use of internal validity indices to further validate 

the goodness of the clustering performance of the enhanced algorithm. The evaluation 

is based on the clustering results of the algorithms applied in the Fire Disaster Tweets 

Dataset.  

2.0  METHODOLOGY 
To evaluate the performance of the two algorithms, a simulation program was 

developed using the Python 3.6 programming language. Sckitlearn library was used for 
the analysis of the datasets and clustering results [28], [29]. 

2.1 Data Collection 

The dataset used for evaluation in this study is the Fire Disaster Tweets Dataset. The 

dataset is a part of the Natural Disaster Tweets Dataset, which is a compilation of 
posted tweets during the natural crisis from different parts of the world, which is 

publicly available. This dataset was downloaded from CrisisLex.org as part of the 

CrisisLexT26[30], [31]. It composed of four types of crises. The typhoon, flood, fire, 
and earthquake. For evaluation, only the fire type of crisis was used for clustering in 
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this study. The Fire Disaster Tweets Dataset has 1720 instances [32]. The table below 

presents a description of the dataset used.  
Table 1: Natural Disaster Tweets Dataset Description 

Crisis No. of Classes Associated Task 

Earthquake 

Fire  
Flood  

Typhoon  

 

6 

6 
6 

6 

1) Affected individuals 

2) Infrastructure and utilities 
3) Donations and volunteering 

4) Caution and advice 

5) Sympathy and support 
6) Other Useful Information 

 

 

 
 

 

 
Figure 3 shows a portion of the original data from the Fire Disaster Tweets Dataset. 

 
Figure 3: Original Data from the Fire Disaster Tweets Dataset 

2.2 Pre-processing, Feature Extraction, and Testing 
The features of the dataset were extracted using Bag-of-words or “Bag of n-grams” 

representation [33], [34]. Countvectorizer, Vectorizer, and reshape was applied to the 

original string dataset [29]. Before the dataset was trained, basic language pre-
processing has to be performed to remove special characters, stop words, lowercase 

conversion, stemming, and tokenizing. Data sanitation and reduction were also 

performed before the dataset was subjected to training. Figure 4 shows a pre-processed 

data from the dataset.  
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Figure 4: Data on Fire Disaster Tweets After Pre-processing 

2.3 Evaluation 

The validity of the clustering results was evaluated by comparing their scores or 

indicesthrough the use of the Silhouette Index, Calinski - Harabaz Index, and Davies – 
Bouldin Index[35]. These three clustering evaluation tools are described as follows: 

Silhouette Index (SI): This evaluation index is used to validate the clustering 

performance based on the pairwise distinction between and within-cluster separation 
[36]. The score/index is measured within the range of -1 for inaccurate clustering and 

+1 for highly dense clustering. Scores close to zero imply overlapping of clusters. The 

higher the score of the SI, the denser, and well separated the clusters are [37].  
Calinski – Harabaz Index (CHI): It is sometimes called a Variance Ratio Criterion 

(VRC). Evaluation of cluster validity using CHI is based on the average between- and 

within-cluster sum of squares. It measures the separation of cluster centers based on 

the maximum distance, and compactness of clusters is measured based on the sum of 
distances between objects with respect to their cluster center. The scores in CHI are 

similar to SI, where the higher the score is, the denser and well-separated clusters are 

[36]. 
Davies – Bouldin Index (BDI): The derivation of DBI is more straightforward than 

that of the Silhouette Index. The index is calculated as the average of all the 

similarities of clusters. The smaller the value of the DBI, the better the results 

produced by the algorithm. In DBI, zero is the lowest possible score, and the values 
closer to zero implies a better partition of clusters [37]. 

3.0 RESULTS AND DISCUSSIONS 

Before the algorithms were subjected to clustering, the number of neurons was set to 
5x5, initial learning rate = 0.5, and iterations = 1000. The following figures are plotted 

sample clustering results on the dataset facilitated by the KSOM-EDARC and the 

KSOM. 
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(a) 

 
(b) 

Figure 5: Sample Clustering Result of KSOM-EDARC (a) and KSOM (b) on Fire 

Disaster Tweets Dataset 

It can be noticed from Figure 5 that the results of KSOM-EDARC are better, as shown 
by the denser and well-separated clusters.  

3.1 Validity Measurements 

The validity of the clustering performance of the KSOM-EDARC and KSOM was 
evaluated based on their validity index. Table 2 shows the measured index from the 

clustering results. 

Table 2: Validity Index of KSOM-EDARC and KSOM 

RUN 
KSOM-EDARC KSOM 

SI CHI DBI SI CHI DBI 

1 0.039 22.426 3.293 0.007 10.627 4.295 

2 0.014 21.113 4.145 0.010 18.741 4.232 

3 0.039 18.873 3.055 0.030 18.378 3.795 

Ave. 0.031 20.804 3.498 0.016 15.915 4.107 

The table reflects that the SI and CHI values are higher than the SI and CHI values of 

KSOM. The values imply that the KSOM-EDARC is a better clustering solution than 
that of KSOM. Also, the KSOM-EDARC generated lower DBI values than the 

KSOM. The DBI values of the KSOM-EDARC has surpassed the clustering 

performance of the KSOM.Further, the computed average of KSOM-EDARC as 
compared to the average recorded by the KSOM clearly shows that the enhanced 

algorithm has a better performance than the conventional algorithm, as illustrated by 

the line graph below in Figure 6. 
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Figure 6: Line Graph of the Average SI, CHI, and DBI Values of KSOM-EDARC and 

KSOM 

The figure above illustrates the average indices of the two algorithms, as reflected in 

Tables 2 and 3. The graph shows that KSOM-EDARC has a better performance than 

the traditional KSOM, as indicated by the index values of the two algorithms. 

3.2 Performance Improvement of KSOM-EDARC Over the KSOM 

The improvements of the enhanced algorithm wereanalyzed by computing the 

percentage difference on the average index values of the two algorithms. The table 
below presents the average index values and the percentage differences between the 

two algorithms. 

Table 3: Average Index Values and Percentage Difference of KSOM-EDARC Over 

the KSOM 

ALGORITHM SI CHI DBI 

KSOM-EDARC 0.031 20.804 3.498 

KSOM 0.016 15.915 4.107 

%Diff 1.500 30.717 14.843 

The KSOM-EDARC recorded percentage difference of 1.5% of SI value, and 30.72% 
on CHI value higher than the SI, and CHI values of KSOM. Also, the DBI value of the 

KSOM-EDARC is lower by 14.84% against the traditional algorithm. The values 

signify that the performance of KSOM-EDARC has improved compared to the 
performance of the KSOM. Notably, the percentage difference of the algorithm shows 

that the KSOM-EDARC has surpassed the clustering capability of the KSOM by 

producing well separated and denser cluster results. 

4.0 CONCLUSIONS AND FUTURE WORKS 
Clustering has been widely used in various domains to address problems related to 

data mining, Data Science, Artificial Intelligence, and other related fields. One of the 

essential aspects of clustering is the validity of the cluster results produced by the 
algorithm. Previous studies show that the KSOM-EDARC is better than the traditional 

KSOM based on their learning rates and visual analysis on the clustering results of the 

algorithms. 
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Hence in this study, the validity of the cluster results of the two algorithms was 

evaluated and analyzed using the SI, CHI, and DBI. The percentage improvement of 
the KSOM-EDARC was also examined. Based on the results, the enhanced algorithm 

produced better cluster results compared to the clustering results of the conventional 

algorithm. Therefore, KSOM-EDARC is a better solution than the traditional KSOM 
by producing denser and well-separated cluster results as validated by the three 

internal validity indices. 

Future studies will explore the performance of the KSOM-EDARC in comparison with 

the clustering performance of the different clustering algorithms.  
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