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CHAPTER 4  

Melody Style Classification 

The frequent patterns indicate the common properties of the music objects belong to the same 

style. However, it is not enough to discriminate one style from others only by the frequent 

patterns. In general, people recognize a melody style not only by the characteristics of itself, 

but also by the differences between this style and others. In this chapter, the melody style 

classification algorithms that try to find the discrimination among characteristics of melody 

styles are described. 

4.1 Single-Type Uniform-Support Classification (STUS) 

We adopt the approach of associative classification [24] for the melody style 

classification.  

Definition 4.1 The melody style rule r is of the form yl ⇒ , where y is a music group 

corresponding to a melody style and l is the characteristics of y which may be a frequent set of 

chord-sets, a frequent set of bigrams or a frequent consecutive sequential pattern. 

Definition 4.2 The melody style pattern set is an ordered set of melody style rules. 

Format of the melody style pattern set is >< classdefaultrrr n _,,...,, 21 , where each melody style 

rule ri is ranked by the confidence. Given the set of music and the taxonomy, the confidence 

of a rule ri is the percentage of music objects satisfying the characteristic l of ri belong to the 

music group yi.  
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A training sample satisfies l if its corresponding feature m contains l. In our work, if the 

type of characteristics is the consecutive sequential pattern, then the feature f of a music 

object satisfying the characteristics l if f is contained in l. If the characteristics is the set of 

chord sets or the set of bigrams, then the feature f of a music object satisfying the 

characteristics l if f is a subset of l.  

The melody style pattern set may be regarded as a classifier which is learned from the 

given taxonomy of music objects and corresponding characteristics. It can be used to classify 

music of unknown group. To classify the music object, the first rule that satisfies the music is 

used to classify it. If there are no rules satisfying, the music is classified according to the 

default_class. 

Figure 4.1 shows the example of 2-way STUS classifier using the set of chord-sets. 

Considering a music object whose extracted chord-sets is ({I}{I, II}{IV7}{III}), it is 

classified into Lyric style because it matches left-hand side of the first rule {I, III, IV7}→ 

class: Lyric. 

The two steps of the classification algorithm is shown in Figure 4.2 and Figure 4.3 

respectively. First, the frequent itemsets, bigram sets or consecutive sequential patterns of all 

categories are found. Then, a classifier is constructed from the discovered patterns over the 

training data. 
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{Ⅰ, Ⅲ, Ⅳ7}→ class: Lyric 
{Ⅰ, Ⅴ,Ⅴ7, Ⅶ} → class: Classic 
{Ⅰ, Ⅱ, Ⅳ7, Ⅴ,Ⅵ}→ class: Lyric 
{ Ⅱ, Ⅲ, Ⅴ} → class: Classic 
Default_class: class: Classic  

Figure 4.1: Example of 2-way STUS Classifier (Lyric versus Classic style. Type of feature: 
Set of chord-sets). 

4.2 Single-Type Variant-Support Classification (STVS) 

The classifier described above employs the rules of all categories with uniform 

minimum support. However, due to different properties of the categories, the uniform support 

would not be appropriate for all cases in the classification. For example, the discovered styles 

of some composers who compose music with diverse styles may have more number of rules 

but with lower supports. Consequently, the fewer number of rules will be frequent. In other 

words, given the same minimum support, the more diverse the music style, the fewer the 

discovered rules. Furthermore, in STUS algorithm, the minimum support value should be 

determined manually by experts. Consequently, we improve the STUS algorithm by 

proposing the Single-Type Variant-Support classification algorithm. 

To determine the appropriate value of minimum support for each category, the 

proposed algorithm iterates building the classifier with possible minimum supports and then 

selects the most effective one among the built classifiers. Five-fold cross-validation is 

employed to avoid over-training. The training set is first split into five disjoint subsets of 

approximate equal size. The algorithm trains five times on four of these five subsets (training 

set) and tests on the one left out (validation set). After finishing five times of training, we 
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choose the classifier whose average accuracy of testing on validation set is highest. 

Figure 4.4 shows the algorithm of STVS classification. Note that users should only 

specify the candidates of min_sups for each category. The constructed 2-way classifier is 

similar to the example shown in Figure 4.1. 

4.3  Multi-Type Variant-Support Classification (MTVS) 

The STVS algorithm considers the difference of consistency of intra-category style and 

builds a classifier with single type of pattern. However, the appropriate feature representation 

for each category may differ from other categories. In some case, the appropriate pattern may 

be a combination of multiple types of patterns. We extend the STVS algorithm to build a 

classifier that contains rules of different types of patterns, which is called Multi-Type 

Variant-Support Classification (MTVS). 

The MTVS classifier consists of rules of multiple features. Figure 4.5 is an example of 

a two-way classifier constructed by MTVS algorithm. There are four rules and three types of 

patterns in the classifier. Each rule in the classifier belongs to a type of patterns. 

The MTVS algorithm trains for each combination of patterns with various 

corresponding minimum supports. It first mines all frequent patterns of the categories, and 

trains the classifier with these patterns. For each combination of patterns and minimum 

supports, we take five-fold cross-validation to evaluate the classifier and select highest score 

one. The algorithm is shown in Figure 4.6. 
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Algorithm Single-Type-Uniform-Support-Classification 
Input: music database MD, minimum support min_sup,  

Pattern(Itemset, Bi-gram set or Sequence) 
Output: Classifier 
1. for each categories do 
2. mine frequent patterns 
3. for each frequent patterns do 
4. calculate confidence of frequent patterns 
5. return Classifier = Training-Classifier  

Figure 4.2: STUS Classification Algorithm (Step 1). 

Algorithm Training-Classifier 
Input: music database MD, frequent rules of all classes 
Output: Classifier 
1. sort rules by confidence and support 
2. for each rule r do 
3. for each music object m in MD do 
4. if r satisfies m then mark m to be classified 
5. if m∃  be classified correctly by r then 
6. remove all marked m from MD 
7. insert r into the end of Classifier 
8. choose majority category of music in MD as default_class(r) 
9. count total error of Classifier 
10. remove rules after the first rule r’ with the lowest total error in Classifier
11. insert the default_class(r’) to the end of Classifier 
12. return Classifier 

 

Figure 4.3: STUS Classification Algorithm (Step 2). 
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Algorithm Single-Type-Variant-Supports-Classification 
Input: music database MD, candidates of min_sup MS, Pattern(Itemset, Bigram set or 
Sequence) 
Output: Classifier 
1. divide training data of each class y into 5 subsets Ty, k of approximately equal size 
2. for each combination of min_sups of all categories do 
3. for k = 1 to 5 do 
4. for each class y do 

5. iy
ki

y Tsettraining ,_
≠

= U  

6. kyy Tsetvalidation ,_ =  

7. mine frequent patterns from training_sety 
8. for each frequent patterns do 
9. calculate confidence of frequent patterns 
10. Classifier = Training-Classifier 
11. classify each validation_sety by Classifier and store the accuracy ak 
12. accuracy of the min_sups combination 5∑= ka  
13. return the Classifier with the highest accuracy 

 

Figure 4.4: STVS Classification Algorithm. 

Set: {Ⅰ, Ⅲ, Ⅳ7}→ class: New Age 
Bigram: {(Ⅴ Ⅰ), (Ⅴ7 Ⅶ)} → class: Classic 
Bigram: {(Ⅰ Ⅱ), (Ⅳ7 Ⅴ), (Ⅱ Ⅵ)} → class: New Age 
Sequence: (ⅤⅢⅡⅤⅠ) → class: Classic 
Default_class: class: Classic  

Figure 4.5: A 2-way MTVS Classifier (New Age versus Classic style). 
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Algorithm Multitype-Variant-Supports-Classification 
Input: music database MD, candidates of min_sup MS 
Output: Classifier 
1. divide training data of each category y into 5 subsets Ty, k of approximately equal size
2. for each combination of min_sups and multiple patterns of all classes do 
3. for k = 1 to 5 do 
4. for each category y do 

5. iy
ki

y Tsettraining ,_
≠

= U  

6. kyy Tsetvalidation ,_ =  

7. mine frequent itemsets, bi-gram sets and substrings from training_sety 
8. for each frequent itemsets, bi-gram sets and substrings do 
9. calculate confidence of frequent itemsets, bi-gram sets and substrings 
10. Classifier = Training-Classifier 
11. classify each validation_sety by Classifier and store the accuracy ak 
12. accuracy of the min_sups and multiple patterns combination 5∑= ka  
13. return the Classifier with the highest accuracy 

 
Figure 4.6: MTVS Classification Algorithm. 

4.4 Experiments and Results 

4.4.1 Evaluation of feature extraction and representation 

To evaluate the performance of our proposed feature extraction, representation and 

classification algorithms, we performed two series of experiments. The first part of 

experiment, we compare the performance of the proposed melody feature, chord-set, and the 

commonly used features, interval contour. Each type of feature is represented as the set, set of 

bigrams and sequence. We use the first classification algorithm, STUS, to simplify the 
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comparing process. 

Table 4.1: Accuracy of STUS classification using chord-sets with whole melody. 

Chord-set  -- Whole melody Feature 

representation 

Minimum 

support AB AC AD BC BD CD 

0.1 81.75% 86.36% 69.57% 68.42% 74.71% 77.27%

0.2 82.81% 80.69% 60.35% 57.49% 79.16% 78.48%

0.3 83.80% 78.87% 58.31% 59.83% 79.28% 76.62%

0.4 83.86% 74.24% 56.49% 59.83% 81.27% 72.03%

set 

0.5 74.09% 59.61% 53.77% 60.89% 77.93% 67.19%

0.1 82.69% 84.37% 69.48% 63.99% 82.25% 86.84%

0.2 77.31% 80.69% 53.03% 63.99% 80.15% 86.84%

0.3 77.31% 83.42% * 57.67% 84.42% 83.16%

0.4 78.36% 85.32% * 56.63% 84.29% 81.26%

bigram 

0.5 78.36% 78.96% * 54.58% 84.29% 77.58%

0.1 79.53% 82.68% 71.34% 56.97% 75.58% 80.25%

0.2 82.81% 83.46% 59.39% 57.48% 79.97% 83.12%

0.3 84.91% 76.15% 54.59% 56.43% 83.31% 84.07%

0.4 85.96% 73.29% 53.72% 56.37% 81.14% 70.17%

sequence 

0.5 78.42% 64.11% 52.81% 57.42% 78.98% 67.19%

We collected four categories of MIDI files from the Internet --- Enya, Chinese folk 

song, Chopin and J.S. Bach. The music of New Age singer Enya is collected from various 

web sites of Enya. The Chinese folk songs are downloaded from http://ingeb.org. Bach’s 

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

from the web site http://egalvao.com/chopin. After pruning some files incompatible with our 

MIDI parser, each category keeps 38 to 55 MIDI files. Average length of China folk song, 

Enya, Chopin and Bach is 21.85, 67.58, 84.67 and 51.08 sampling units respectively. 
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Table 4.2: Accuracy STUS classification using chord-sets with chorus. 

Chord-set  -- Chorus Feature  

representation 

Minimum 

support AB AC AD BC BD CD 

0.1 58.60% 61.84% 64.73% 57.17% 69.20% 69.93%

0.2 58.65% 51.81% 56.16% 60.66% 56.49% 61.75%

0.3 54.50% 47.18% 48.32% 59.62% 57.46% 52.44%

0.4 54.50% 47.18% 48.32% 59.62% 57.46% 52.44%

set 

0.5 54.50% 47.18% 48.32% 59.62% 57.46% 52.44%

0.1 62.75% 71.23% 59.78% 54.72% 63.50% 78.50%

0.2 58.71% 63.31% 58.35% 62.83% 59.32% 71.57%

0.3 55.38% 61.41% 55.58% 61.78% 60.49% 71.32%

0.4 55.38% 61.41% 55.58% 61.78% 60.49% 71.32%

bigram 

0.5 55.38% 61.41% 54.47% 61.78% 60.49% 71.32%

0.1 72.75% 67.28% 64.78% 58.09% 73.38% 71.20%

0.2 61.87% 60.17% 60.56% 63.33% 64.35% 63.96%

0.3 54.50% 59.26% 48.32% 59.62% 59.81% 52.44%

0.4 54.50% 59.26% 48.32% 59.62% 59.81% 52.44%

sequence 

0.5 54.50% 59.26% 48.32% 59.62% 59.81% 52.44%

The performance of our experiment is measured by the accuracy of the two-way 

classification. The accuracy is defined as the percentage that we classify the test songs to 

correct category. To measure the accuracy of our classification method, five-fold 

cross-validation is utilized. In other words, each category of songs is randomly partitioned 

into five equal-sized mutually exclusive subsets (folds). Training and testing is performed five 

times. In each time one of the folds is selected as the test set while the other four folds are 

collected to derive the classifier. The accuracy is therefore measured as the average accuracy 

over the five tests. 

In addition to the feature type and representations, factors that affect the performance  
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Table 4.3: Accuracy of STUS classification using interval contour with whole melody. 

Interval Contour  -- Whole melody Feature 
representation 

Minimum 
support AB AC AD BC BD CD 

0.1 59.18% 50.48% 50.95% 58.72% 58.26% 50.48%

0.2 59.18% 50.48% 50.95% 58.72% 58.26% 50.48%

0.3 59.18% 50.48% 50.95% 58.72% 58.26% 50.48%

0.4 59.18% 50.48% 50.95% 58.72% 58.26% 50.48%

set 

0.5 59.18% 50.48% 50.95% 58.72% 58.26% 50.48%

0.1 58.13% 50.43% 51.00% 57.67% 57.26% 52.38%

0.2 58.13% 50.43% 51.00% 57.67% 57.26% 52.38%

0.3 58.13% 50.43% 51.00% 57.67% 57.26% 52.38%

0.4 58.13% 50.43% 51.90% 57.67% 57.26% 52.38%

bigram 

0.5 58.13% 50.43% 52.81% 57.67% 57.26% 52.38%

0.1 62.63% 68.83% 63.81%  *  *  * 

0.2 73.16% 78.01% 66.71% 57.86% 70.75% 57.06%

0.3 77.43% 77.06% 64.03% 54.59% 72.60% 66.45%

0.4 66.78% 72.51% 56.49% 55.69% 72.72% 70.17%

sequence 

0.5 65.73% 73.46% 61.26% 58.79% 74.83% 59.83%

such as minimum support, unit of feature extraction (whole melody or chorus) were 

considered in our experiment. Table 4.1 through Table 4.4 show the results of chord-sets and 

interval contour as the function of minimum support with respect to the whole melody and 

chorus while A, B, C, D denotes the category of China folk song, Enya, Chopin and Bach 

respectively. Note that in Table 4.1 and Table 4.3, no results are shown for bigram or 

sequence of some minimum support values and the accuracy value is marked “ * ”. In Table 

4.1, no bigram rules of the random sets of China folk songs are generated with the minimum 

support value larger than 0.2. On the other hand, in Table 4.3, the sequence rules of some  
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Table 4.4: Accuracy of STUS classification using interval contour with chorus. 

Interval Contour  -- Chorus Feature 
representation 

Minimum 
support AB AC AD BC BD CD 

0.1 59.82% 50.48% 54.16% 59.37% 54.59% 52.63%

0.2 59.82% 50.48% 54.16% 59.37% 54.59% 52.63%

0.3 59.82% 50.48% 54.16% 59.37% 54.59% 52.63%

0.4 59.82% 50.48% 54.16% 59.37% 54.59% 52.63%

set 

0.5 59.82% 50.48% 54.16% 59.37% 54.59% 52.63%

0.1 61.99% 59.70% 55.74% 61.84% 64.13% 64.91%

0.2 61.99% 58.79% 55.74% 60.67% 67.74% 64.91%

0.3 61.99% 59.70% 54.78% 63.94% 65.31% 64.00%

0.4 61.99% 59.70% 53.87% 60.48% 63.09% 64.00%

bigram 

0.5 61.99% 57.79% 55.98% 56.15% 54.59% 59.40%

0.1 69.77% 70.69% 61.77% 62.71% 73.94% 72.07%

0.2 67.49% 69.83% 54.51% 58.45% 71.43% 65.97%

0.3 63.10% 65.24% 59.72% 63.76% 71.43% 64.05%

0.4 64.21% 60.52% 60.63% 60.60% 70.32% 64.05%

sequence 

0.5 61.99% 54.16% 59.86% 56.15% 57.03% 54.73%

random sets of Enya and Chopin music are too many to generate all rules ( >55000 rules), so 

the following processes of the classification were terminated. 

In Table 4.1, the performance of the chord-set with whole melody achieved 68.5% to 

87% accuracy, which is better than the performance of the interval contour shown in Table 

4.3. Similarly, the performance of chord-set with chorus shown in Table 4.3 achieved 58.8% 

to 78.0% accuracy, which is better than the performance of interval contour with chorus 

shown in Table 4.4. 
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Generally, the results are consistent with our intuition that the sequence representation 

is more discriminating than the set and the bigram representation. The discovered patterns of 

the sequence representation are more discriminating that consists of one item, two consecutive 

items (bigram), and three consecutive items. The bigram representation also performs better 

than the set representation. 

An interesting observation is that the music of Enya and Chopin (B-C) are less 

discriminating between each other than between the China folk song and Bach. This is also 

consistent with our intuition. Moreover, for most pairs of categories, the accuracy of chorus is 

worse than that of whole melody. It may be because that the chorus is only parts of the whole 

melody, the chorus provides less information than whole melody.  

4.4.2 Evaluation of melody style classification algorithms 

The performance of the two-way MTVS classification is measured by the accuracy, 

which is defined as the percentage that the test songs are classified correctly. We take 

five-fold cross-validation to obtain appropriate accuracy of the classification method. In each 

time one of the folds is selected as the test set while the other four folds are collected to derive 

the classifier. The accuracy is therefore measured as the average accuracy over the five tests.  

The candidates of min_sup are 0.2 to 0.4, 0.1 to 0.3 and 0.1 to 0.3 for itemset, bi-gram 

set and sequence respectively. Table 4.5 shows the results of the two-way MTVS 

classification. The categories A, B, C, D denotes Chinese folk, Enya, Chopin and Bach 

respectively. 

From the results of the classification, we can observe that music of Enya and Chopin 
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(B-C) are less discriminating between each other because they are also peaceful. Other pairs 

perform well. This is consistent with our intuition. 

Table 4.5: Results of two-way MTVS classification. 

Cross-validation times A-B A-C A-D B-C B-D C-D 
1st 80.04% 81.64% 75.73% 57.15% 81.35% 81.58%
2nd 82.21% 85% 61.83% 58.80% 76.63% 80.03%
3rd 79.75% 85.61% 74.27% 61.49% 85.87% 82.70%
4th 83.35% 84.22% 71.12% 58.61% 82.31% 84.13%
5th 78.79% 80.11% 65.25% 58.61% 82.45% 80.99%

Average 80.83% 83.32% 69.64% 58.93% 81.72% 81.89%




