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CHAPTER 7  

Melody Style Clustering 

7.1 Introduction 

With the development of multimedia technology, large music archives are existed. It is 

important to develop techniques for users to retrieve the desired music. A straightforward 

approach is to use text based queries to search for the metadata. However, annotation of the 

metadata is required. 

A common solution for this problem is to organize music collections by a hierarchical 

structure of predefined genres and styles and provides users the capability to browse music 

hierarchy. In this chapter, we investigated the clustering techniques based on the melody for 

content-based music organization. 

7.2 Clustering Techniques 

Clustering is the unsupervised classification of objects into groups (clusters). The 

grouping is accomplished by finding similarities between objects. A cluster is a group of 

objects that are similar to one another within the same cluster and are dissimilar to the objects 

in other clusters. Design issues of clustering consist of the following steps, feature extraction, 

similarity measure and the grouping technique [14]. 

The feature extraction step utilizes the chord assignment algorithm and the three 

representation types described in Chapter 3. The similarity measures for these representation 

types are the same as the Definition 6.4 to 6.11 which described in Chapter 6.  
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Major grouping techniques can be classified into the following categories, partitioning 

methods, hierarchical methods, density-based methods, Grid-based methods and model-based 

methods. In our work, we utilize one of the partitioning methods, three of the hierarchical 

methods and the SOM, one of the model-based approaches. 

The most well known partitioning methods are k-means and k-medoids. The k-means 

algorithm takes the input parameter, k, and partitions a set of objects into k clusters so that the 

resulting intracluster similarity is high but intercluster similarity is low. Cluster similarity is 

measured in regard to the mean value of the objects in a cluster, which can be regarded as the 

cluster’s center. Instead of taking the mean value of the objects in a cluster as a reference 

point, the k-medoid algorithm uses the medoid which is the most centrally located object in a 

cluster. In our work, we use the k-medoid algorithm since it is difficult to find the mean value 

of music cluster. 

Moreover, input to the k-medoid algorithm is a two mode matrix while in our work 

only the similarity (distance) between music objects are known. To utilize the k-medoid 

algorithm, it is necessary to map the one-mode matrix into two mode matrix. The FastMap 

[10] algorithm was utilized. Given a parameter k, FastMap maps objects into points in some 

k-dimensional space, such that the distance are preserved.  

The hierarchical clustering method works by grouping objects into a tree of clusters. 

Agglomerative hierarchical clustering method is a bottom up strategy which starts by placing 

each object in its own cluster and then merges these clusters into larger clusters until all of the 

objects are in a cluster. Dependent on the measure to determine the distance between clusters, 

single link, complete link and average link are the most well known techniques. The single 
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link technique is based on the idea of finding maximal connected components in a graph, 

while complete link looks for cliques rather than connected components.  

The Self-Organizing Map (SOM) is one of the most prominent artificial neural network 

models adhering to the clustering [19]. It provides a mapping from a high dimensional input 

space to a usually two-dimensional output space while preserving topological relations as 

faithfully as possible. Input signals are presented to the map, consisting of a grid of units with 

multidimensional weight vectors in random order. An activation function based on some 

metric is used to determine the winning unit. In the next step the weight vector of the winner 

as well as the weight vectors of the neighboring units is modified following some learning 

rate in order to represent the presented input more closely. As results, after the training 

process, similar input patterns are mapped onto neighboring units of the self-organizing map. 

Using the SOM to cluster music objects, we may expect similar music segments to be located 

close to each other in the resulting map display. 

7.3 Experiments and Results 

The music collection of our experiment includes 229 MIDI files belongs to five music 

styles – Baroque, Romantic, Enya, Elton John and Beatles. The Baroque and Romantic are 

two periods of classical music, the former includes the music composed by J.S. Bach, Vivaldi 

and Handel, and the latter includes the music of Chopin and Brahms. Bach’s music was 

downloaded from http://www.bachcentral.com, and Chopin’s music was acquired from the 

web site http://egalvao.com/chopin. The music of Brahms was downloaded from 

http://www.midi.iofm.net, and the Vivaldi’s and Handel’s music was obtained from 

http://www.music-scores.com/. The album of Beatles was accessed from 
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http://www.geocities.com/ SunsetStrip/Studio/7779/. The Enya’s and Elton John’s music was 

gathered from various web sites of Enya and Elton John. Each style keeps 34 to 54 MIDI 

files.  

Table 7.1: F-measures as the function of grouping techniques and distance measures using 
original distance. 

 Set Seq1 Seq2(DP)
Seq3(local
alignment)

Bigram Pitch 
Pitch 

Contour
K-medoids 0.33 0.34 0.37 0.36 0.33 0.40 0.36 

Hierarchical (complete) 0.35 0.32 0.38 0.31 0.36 0.40 0.34 
Hierarchical (min var) 0.35 0.32 0.37 0.34 0.34 0.38 0.34 
Hierarchical (single) 0.34 0.36 0.35 0.36 0.36 0.38 0.34 

Table 7.2: F-measures as the function of grouping techniques and distance measures using 
FastMap (number of dimension=2). 

 Set Seq1 Seq2(DP)
Seq3(local
alignment)

Bigram Pitch 
Pitch 

Contour
K-medoids 0.32  0.35 0.36  0.33  0.33  0.39  0.36  

Hierarchical(complete) 0.33  0.34 0.37  0.34  0.34  0.33  0.34  
Hierarchical(min var) 0.32  0.34 0.35  0.34  0.35  0.39  0.34  
Hierarchical(single) 0.34  0.34 0.37  0.34  0.36  0.34  0.34  

SOM 0.32  0.36 0.37  0.32  0.33  0.39  0.35  

 

 



 

66 

Table 7.3: F-measures as the function of grouping techniques and distance measures using 
FastMap (number of dimension=6).  

 Set Seq1 Seq2(DP)
Seq3(local
alignment)

Bigram Pitch 
Pitch 

Contour
K-medoids 0.33  0.36 0.36  0.37  0.33  0.40  0.36  

Hierarchical(complete) 0.32  0.34 0.39  0.34  0.34  0.34  0.34  
Hierarchical(min var) 0.38  0.34 0.36  0.34  0.34  0.40  0.34  
Hierarchical(single) 0.33  0.34 0.36  0.34  0.36  0.33  0.34  

SOM 0.34  0.36 0.37  0.36  0.33  0.39  0.34  

Table 7.4: F-measures as the function of grouping techniques and distance measures using 
FastMap (number of dimension=10). 

 Set Seq1 Seq2(DP)
Seq3(local 
alignment) 

Bigram Pitch 
Pitch 

Contour 
K-medoids 0.33 0.35 0.36  0.38  0.33  0.39 0.36  

Hierarchical(complete) 0.35 0.34 0.36  0.34  0.34  0.37 0.34  
Hierarchical(min var) 0.34 0.34 0.36  0.34  0.34  0.40 0.34  
Hierarchical(single) 0.33 0.34 0.37  0.34  0.36  0.37 0.34  

SOM 0.34 0.36 0.36  0.38  0.33  0.40 0.34  

The proposed melody features were extracted from all MIDI files, and the similarity or 

distance for the melody features was calculated. We implemented the FastMap algorithm to 

derive the data matrices from the calculated distances. To evaluate the influence of the 

dimension, we performed the clustering algorithms described above with the two, four, six, 

eight and ten-dimension data matrices.  

Furthermore, we performed the K-Medoids and Hierarchical clustering using the 

distance matrices directly to eliminate the influences of FastMap algorithm. We repeated the 
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clustering algorithms with various extracted features and similarity measures 15 times. The 

ground truth of our experiment is the original styles of the music in our database. The 

hierarchical clustering program used in our experiments was modified from the Java source 

code downloaded from http://astro.u-strasbg.fr/~fmurtagh/mda-sw/, and the SOM clustering 

was the SOM toolbox for Matlab downloaded from http://www.cis.hut.fi/projects/ 

somtoolbox/. In our experiments, the number of map units was 10 x 8 and the map lattice was 

rectangle. 

The results are shown in Table 7.1, Table 7.2, Table 7.3 and Table 7.4. Table 7.1 shows 

the result of different clustering algorithms, extracted features and similarity measures using 

the distance matrices as the inputs, measured by the average F-Measures. In generally, the 

pitch performed slightly better than other extracted features. There are no significant 

differences between the performances of the clustering algorithms. For the chord-set sequence, 

the dynamic programming similarity measures are better than our method and local alignment 

using most clustering algorithms except the single linkage hierarchical clustering. 

Table 7.2, Table 7.3 and Table 7.4 show the results for clustering with the 2, 6 and 10 

dimensions data matrices respectively. The results of 4 and 8 dimension data matrices are 

omitted because the performances are similar. In the three tables, the pitch using k-medoids, 

min. variance linkage hierarchical clustering and SOM were better than other features, and the 

chord-set sequence using complete and single linkage hierarchical clustering performs better. 

The same as the Table 7.1, the performance of the clustering algorithms are similar. 

Furthermore, the influence of the number of dimensions is small.  

Figure 7.1 through Figure 7.5 visualize the clustering results with 2-dimension data  
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Figure 7.1: Visualization using set feature with single link hierarchical method. 
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Figure 7.2: Visualization using sequence feature with complete link hierarchical method. 

matrices. For each extracted features, we choose the highest f-measure clustering algorithms 

for visualization. We only show the result of chord-set sequence using dynamic programming, 

because it performed better than the other two similarity measures with 2-dimension data 

matrix. Figure 7.1 shows the visualization using set feature with single link hierarchical  
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Figure 7.3: Visualization using bigram feature with single link hierarchical method. 
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Figure 7.4: Visualization using pitch feature with k-medoid partitioning method. 

method. Figure 7.2 shows the visualization using sequence feature with complete link 

hierarchical method. Figure 7.3 shows the visualization using bigram feature with single link 

hierarchical method. Figure 7.4 shows the visualization using pitch feature with k-medoid 

partitioning method. Figure 7.5 shows the visualization using pitch contour feature with  

A
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Figure 7.5: Visualization using pitch contour feature with k-medoid partitioning method. 

k-medoid partitioning method. In Figure 7.2 and Figure 7.3, the distributions are caused by 

the FastMap algorithm.  

For further understanding the effect of the music style clustering, we make some 

analysis for the result of K-Medoids clustering using pitch as feature shown in Figure 7.4. In 

cluster 1, the rhythm of the music is stronger than the music of other clusters. For example, 

the rhythm of Beatles’ “I saw her standing there”, Enya’s “Carribean Blue” and “The First of 

Autumn” are vivid. In addition, Chopin’s Etude in C, Op.10 No.1 (point A in Figure 7.4) 

sounds dissimilar to other music in cluster 1, this conforms to our clustering results; point A is 

closer to cluster 4 than to other music in cluster 1. 

There are two thirds music in cluster 3 belongs to Baroque and Beatles. In this cluster, 

there are two major music styles; one is cheery and joyful, and the other is lyric. For example, 

the works of Handel “Violin Sonata No.6 in F movement 2” and movement 4, Bach’s 

“Invention No. 8 in F Major,” Beatles’ “I’ll get you” are cheerful music. Beatles’ music “I'll 
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follow the sun,” “And I love her,” Elton John’s “Mona Lisa and Mad Hatters,” Chopin’s 

“Mazurka in C# m, Op.63 No.3” sound lyric.  

In cluster 5, the music style can also be partitioned into two groups. The music of the 

first style includes Bach’s music such as “The Art of Fugue - Canon alla Ottava.” In this 

cluster, most Bach’s music is of the fugue form. The music of the other style includes Elton 

John’s and Enya’s music, such as Enya’s “Cursum Perficio.” Elton John’s music in cluster 5 

belongs to most of his works on 1980s, such as “Carla Etude,” “Little Jeannie” and “Fanfare 

Chloe.” Moreover, the distribution of the music of cluster 5 agrees with our observation, i.e. 

most music of the first style lies in the left side of the cluster 5, and vice versa. 

In our observation, for the music of the same cluster, there are some common 

characteristics in melody style. Although there are multiple styles in some clusters, this can be 

solved by increasing the number of clusters. Furthermore, we find that few music objects are 

dissimilar to the others in the same cluster. This is because the difference on the tonality of 

the music. Note that in our analysis, the melody feature used is pitch. Pitch is not adequate to 

represent the tonality of the music and the chord implies more tonality information. 

Consequently, though F-Measures of set, bigram or sequence of chord-sets are worse than 

pitch, their clustering results may be better than pitch based on the human perception. In the 

future, we will investigate the melody feature that is appropriate for representing the tonality 

information. Moreover, the ground truth used in our experiment may be not suitable for the 

melody style clustering. The work of a composer or that of a period of classical music may 

have more than one style of music, and this makes the F-Measures lower. 




