
 ii

FOREWORD 

First, I would like to thank my advisor Prof. Eşref Adalı and my co-advisor Assistant 
Prof. Zehra Çataltepe for their support and guidance during my master’s program. They 
introduced new areas of research and helped me to understand the approach to solve the 
research problems. Next, I would like to thank my guidance committee members for 
their valuable comments on my thesis. 

Finally, I would like to thank my family for their great patience, support and help.  

 

May 2005             Abdullah Sönmez 

 

 

 

 

 

 

 

 

 

 



 iii

 

 

To my wife and little daughter Zehra… 

 

 

 



 iv

 

CONTENTS            

 Page No 

ÖZET xv 

SUMMARY xvii 

1. INTRODUCTION 1 

2. MUSICAL CONCEPTS 4 
2.1 Musical Terms 4 

2.1.1 Melody 4 
2.1.2 Harmony 5 
2.1.3 Rhythm 5 
2.1.4 Timbre 6 
2.1.5 Texture 7 
2.1.6 Form 7 

2.2 Perception of Music 9 

3. MIDI ARCHITECTURE 11 
3.1 Overview 11 
3.2 MIDI versus Digitalized Audio 11 
3.3 MIDI Basics 12 
3.4 MIDI Messages 15 

3.4.1 Channel Voice Messages 15 
3.4.1.1 Note On / Note Off / Velocity 15 
3.4.1.2 Aftertouch 16 
3.4.1.3 Pitch Bend 16 
3.4.1.4 Program Change 16 

3.5 MIDI Timing Concepts 16 

4. MIDI PREPROCESSING 18 
4.1 MIDI Disassembler 19 
4.2 MIDI Preprocessor (MP) 20 

4.2.1 Virtual Track 22 
4.2.2 Input Parameters 23 
4.2.3 Program Outline 24 
4.2.4 Outputs 25 

4.2.4.1 RTO (Real Time Output) File Format 26 
4.2.4.2 BIN File Format 27 
4.2.4.3 STR File Format 27 
4.2.4.4 LOG File Format 27 



 v

5. ALGORITHMIC CLUSTERING 28 
5.1 Kolmogorov Complexity 28 
5.2 Normalized Compression Distance 29 
5.3 Quartet Method 31 
5.4 k-Nearest Neighbor Classifier 32 

6. CLUSTERING EXPERIMENTS 34 
6.1 Genre Clustering Experiments 35 

6.1.1 Experiment 1 35 
6.1.2 Experiment 2 45 
6.1.3 Experiment 3 46 
6.1.4 Experiment 4 47 

6.1.4.1 Test 1 48 
6.1.4.2 Test 2 48 
6.1.4.3 Test 3 49 
6.1.4.4 Test 4 50 
6.1.4.5 Results 50 

6.2 Composer Clustering Experiments 50 
6.2.1 Experiment 1 51 

7. CLASSIFICATION EXPERIMENTS 52 
7.1 Genre Classification Experiments 52 

7.1.1 Experiment 1 53 
7.1.1.1 Test 1 53 
7.1.1.2 Test 2 54 
7.1.1.3 Test 3 55 
7.1.1.4 Test 4 56 
7.1.1.5 Test 5 57 
7.1.1.6 Test 6 58 
7.1.1.7 Test 7 59 
7.1.1.8 Test 8 60 
7.1.1.9 Test 9 61 
7.1.1.10 Test 10 62 
7.1.1.11 Results 63 

7.1.2 Experiment 2 65 
7.1.2.1 Test 1 65 
7.1.2.2 Test 2 66 
7.1.2.3 Results 67 

7.1.3 Experiment 3 68 
7.1.3.1 Test 1 68 
7.1.3.2 Test 2 70 
7.1.3.3 Results 71 

7.1.4 Experiment 4 71 
7.1.4.1 Test 1 72 
7.1.4.2 Test 2 73 
7.1.4.3 Results 74 

7.2 Composer Classification Experiments 75 



 vi

7.2.1 Experiment 1 75 
7.2.1.1 Test 1 76 
7.2.1.2 Test 2 77 
7.2.1.3 Results 78 

7.2.2 Experiment 2 79 
7.2.2.1 Test 1 79 
7.2.2.2 Test 2 81 
7.2.2.3 Results 82 

8. CONCLUSION 83 

9. REFERENCES 84 

BIOGRAPHY 87 

 

 

 



 vii

ABBREVITIATIONS 

EOI:  End of Instance. 
S.I:  Sampling Interval 
NCD:  Normalized Compression Distance 
MIDI:  Musical Instruments Digital Interface 
MTC:  MIDI Time Concepts 



 viii

TABLE LIST                   
       
Page No 

 
 

Table 4.1: Midi Note Numbers for Different Octaves ................................................... 21 

Table 4.2: Different Possible Combinations of Some Input Parameters and Output..... 23 

Table 4.3: RTO File Format Description ....................................................................... 26 

Table 4.4: RTO File Note Column Format Description ................................................ 26 

Table 7.1: Results of 1-NN for Test 1(S.I.:1 ms.).......................................................... 53 

Table 7.2: Confusion Matrix (k=1) for Test 1 (S.I.:1 ms.)............................................. 53 

Table 7.3: Results of 3-NN for Test 1 (S.I.:1 ms.)......................................................... 54 

Table 7.4: Confusion Matrix (k=3) for Test 1(S.I.:1 ms.).............................................. 54 

Table 7.5: Results of 1-NN for Test 2(S.I.:5 ms.).......................................................... 54 

Table 7.6: Confusion Matrix (k=1) for Test 2(S.I.:5 ms.).............................................. 54 

Table 7.7: Results of 3-NN for Test 2(S.I.:5 ms.).......................................................... 55 

Table 7.8: Confusion Matrix (k=3) for Test 2(S.I.:5 ms.).............................................. 55 

Table 7.9: Results of 1-NN for Test 3(S.I.:8 ms.).......................................................... 55 

Table 7.10: Confusion Matrix (k=1) for Test 3(S.I.:8 ms.)............................................ 55 

Table 7.11: Results of 3-NN for Test 3(S.I.:8 ms.)........................................................ 56 

Table 7.12: Confusion Matrix (k=3) for Test 3(S.I.:8 ms.)............................................ 56 

Table 7.13: Results of 1-NN for Test 4(S.I.:10 ms.)...................................................... 56 

Table 7.14: Confusion Matrix (k=1) for Test 4(S.I.:10 ms.).......................................... 56 

Table 7.15: Results of 3-NN for Test 4(S.I.:10 ms.)...................................................... 57 

Table 7.16: Confusion Matrix (k=3) for Test 4(S.I.:10 ms.).......................................... 57 

Table 7.17: Results of 1-NN for Test 5(S.I.:12 ms.)...................................................... 57 

Table 7.18: Confusion Matrix (k=1) for Test 5(S.I.:12 ms.).......................................... 57 

Table 7.19: Results of 3-NN for Test 5(S.I.:12 ms.)...................................................... 58 

Table 7.20: Confusion Matrix (k=3) for Test 5(S.I.:12 ms.).......................................... 58 



 ix

Table 7.21: Results of 1-NN for Test 6(S.I.:15 ms.)...................................................... 58 

Table 7.22: Confusion Matrix (k=1) for Test 6(S.I.:15 ms.).......................................... 58 

Table 7.23: Results of 3-NN for Test 6(S.I.:15 ms.)...................................................... 59 

Table 7.24: Confusion Matrix (k=3) for Test 6(S.I.:15 ms.).......................................... 59 

Table 7.25: Results of 1-NN for Test 7(S.I.:20 ms.)...................................................... 59 

Table 7.26: Confusion Matrix (k=1) for Test 7(S.I.:20 ms.).......................................... 59 

Table 7.27: Results of 3-NN for Test 7(S.I.:20 ms.)...................................................... 60 

Table 7.28: Confusion Matrix (k=3) for Test 7(S.I.:20 ms.).......................................... 60 

Table 7.29: Results of 1-NN for Test 8(S.I.:25 ms.)...................................................... 60 

Table 7.30: Confusion Matrix (k=1) for Test 8(S.I.:25 ms.).......................................... 60 

Table 7.31: Results of 3-NN for Test 8(S.I.:25 ms.)...................................................... 61 

Table 7.32: Confusion Matrix (k=3) for Test 8(S.I.:25 ms.).......................................... 61 

Table 7.33: Results of 1-NN for Test 9(S.I.:50 ms.)...................................................... 61 

Table 7.34: Confusion Matrix (k=1) for Test 9(S.I.:50 ms.).......................................... 61 

Table 7.35: Results of 3-NN for Test 9(S.I.:50 ms.)...................................................... 62 

Table 7.36: Confusion Matrix (k=3) for Test 9(S.I.:50 ms.).......................................... 62 

Table 7.37: Results of 1-NN for Test 10(S.I.:100 ms.).................................................. 62 

Table 7.38: Confusion Matrix (k=1) for Test 10(S.I.:100 ms.)...................................... 62 

Table 7.39: Results of 3-NN for Test 10(S.I.:100 ms.).................................................. 63 

Table 7.40: Confusion Matrix (k=3) for Test 10(S.I.:100 ms.)...................................... 63 

Table 7.41: Results of 1-NN for Test 1(S.I.:12 ms.)...................................................... 65 

Table 7.42: Confusion Matrix (k=1) for Test 1 (S.I.:12 ms.)......................................... 65 

Table 7.43: Results of 3-NN for Test 1 (S.I.:12 ms.)..................................................... 66 

Table 7.44: Confusion Matrix (k=3) for Test 1(S.I.:12 ms.).......................................... 66 

Table 7.45: Results of 1-NN for Test 2(S.I.:20 ms.)...................................................... 66 

Table 7.46: Confusion Matrix (k=1) for Test 2 (S.I.:20 ms.)......................................... 67 

Table 7.47: Results of 3-NN for Test 2 (S.I.:20 ms.)..................................................... 67 

Table 7.48: Confusion Matrix (k=3) for Test 2(S.I.:20 ms.).......................................... 67 

Table 7.49: Accuracy Results for 5 different genres...................................................... 67 

Table 7.50: Results of 1-NN for Test 1(S.I.:20 ms.)...................................................... 69 

Table 7.51: Confusion Matrix (k=1) for Test 1 (S.I.:20 ms.)......................................... 69 



 x

Table 7.52: Results of 3-NN for Test 1 (S.I.:20 ms.)..................................................... 69 

Table 7.53: Confusion Matrix (k=3) for Test 1(S.I.:20 ms.).......................................... 69 

Table 7.54: Results of 1-NN for Test 2(S.I.:100 ms.).................................................... 70 

Table 7.55: Confusion Matrix (k=1) for Test 2 (S.I.:100 ms.)....................................... 70 

Table 7.56: Results of 3-NN for Test 2 (S.I.:100 ms.)................................................... 70 

Table 7.57: Confusion Matrix (k=3) for Test 2(S.I.:100 ms.)........................................ 70 

Table 7.58: Accuracy Results for 3 different genres...................................................... 71 

Table 7.59: Results of 1-NN for Test 1(S.I.:5 ms.)........................................................ 72 

Table 7.60: Confusion Matrix (k=1) for Test 1 (S.I.:5 ms.)........................................... 72 

Table 7.61: Results of 3-NN for Test 1 (S.I.:5 ms.)....................................................... 73 

Table 7.62: Confusion Matrix (k=3) for Test 1(S.I.:5 ms.)............................................ 73 

Table 7.63: Results of 1-NN for Test 2(S.I.:8 ms.)........................................................ 73 

Table 7.64: Confusion Matrix (k=1) for Test 2 (S.I.8 ms.)............................................ 73 

Table 7.65: Results of 3-NN for Test 2 (S.I.:8 ms.)....................................................... 74 

Table 7.66: Confusion Matrix (k=3) for Test 2(S.I.:8 ms.)............................................ 74 

Table 7.67: Accuracy Results for 3 different genres...................................................... 74 

Table 7.68: Results of 1-NN for Test 1(S.I.:5 ms.)........................................................ 76 

Table 7.69: Confusion Matrix (k=1) for Test 1 (S.I.:5 ms.)........................................... 76 

Table 7.70: Results of 3-NN for Test 1 (S.I.:5 ms.)....................................................... 77 

Table 7.71: Confusion Matrix (k=3) for Test 1(S.I.:5 ms.)............................................ 77 

Table 7.72: Results of 1-NN for Test 2(S.I.:50 ms.)...................................................... 77 

Table 7.73: Confusion Matrix (k=1) for Test 2 (S.I.:50 ms.)......................................... 77 

Table 7.74: Results of 3-NN for Test 2 (S.I.:50 ms.)..................................................... 78 

Table 7.75: Confusion Matrix (k=3) for Test 2(S.I.:50 ms.).......................................... 78 

Table 7.76: Accuracy Results for 3 different composers ............................................... 78 

Table 7.77: Results of 1-NN for Test 1(S.I.:1 ms.)........................................................ 80 

Table 7.78: Confusion Matrix (k=1) for Test 1 (S.I.:1 ms.)........................................... 80 

Table 7.79: Results of 3-NN for Test 1 (S.I.:1 ms.)....................................................... 80 

Table 7.80: Confusion Matrix (k=3) for Test 1(S.I.:1 ms.)............................................ 80 

 
 



 xi

FIGURE LIST                 

Page No 

Figure 2.1 : The Limits of Hearing .................................................................................. 9 

Figure 2.2 : Musical Complexity ................................................................................... 10 

Figure 3.1 : A Simple MIDI System.............................................................................. 13 

Figure 3.2 : A PC-Based MIDI System ......................................................................... 14 

Figure 3.3 : MTC-Tempo Relation ................................................................................ 17 

Figure 4.1 : Process Outline........................................................................................... 18 

Figure 4.2 : Screen Shot of Midi Disassembler Program .............................................. 19 

Figure 4.3 : Parameter Stage for Midi Preprocessor Application .................................. 23 

Figure 6.1 : Clustering Set Size-Processing Time Relation........................................... 34 

Figure 6.2 : S(T)-Clustering Set Size Relation .............................................................. 36 

Figure 6.3 : Clustering Results for Jazz, Heavy Metal, Classic 

                     using mode B(2x3 pieces).......................................................................... 36 

Figure 6.4 : Clustering Results for Jazz, Heavy Metal, Classic  

                     using Diff. (2x3 pieces).............................................................................. 37 

Figure 6.5 : Clustering Results for Jazz, Heavy Metal, Classic  

                     using mode B(3x3 pieces).......................................................................... 37 

Figure 6.6 : Clustering Results for Jazz, Heavy Metal, Classic  

                     using Diff. (3x3 pieces).............................................................................. 38 

Figure 6.7 : Clustering Results for Jazz, Heavy Metal, Classic  

                     using mode B. (4x3 pieces)........................................................................ 38 

Figure 6.8 : Clustering Results for Jazz, Heavy Metal, Classic  

                     using Diff. (4x3 pieces).............................................................................. 39 

Figure 6.9 : Clustering Results for Jazz, Heavy Metal, Classic  

                     using mode B. (5x3 pieces)........................................................................ 39 



 xii

Figure 6.10 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using Diff. (5x3 pieces)............................................................................ 40 

Figure 6.11 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using mode B. (6x3 pieces)...................................................................... 41 

Figure 6.12 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using Diff. (6x3 pieces)............................................................................ 42 

Figure 6.13 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using mode B. (7x3 pieces)...................................................................... 42 

Figure 6.14 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using Diff. (7x3 pieces)............................................................................ 43 

Figure 6.15 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using mode B. (8x3 pieces)...................................................................... 43 

Figure 6.16 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using Diff. (8x3 pieces)............................................................................ 44 

Figure 6.17 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using mode B. (9x3 pieces)...................................................................... 44 

Figure 6.18 : Clustering Results for Jazz, Heavy Metal, Classic  

                       using Diff. (9x3 pieces)............................................................................ 45 

Figure 6.19 : Clustering Results for Rock and Classic pieces ....................................... 46 

Figure 6.20 : Clustering Results for Rock and Classic and Dance pieces ..................... 47 

Figure 6.21 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(1 ms.).. 48 

Figure 6.22 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(25 ms.) 49 

Figure 6.23 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(1 ms.).. 49 

Figure 6.24 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(25 ms.) 50 

Figure 7.1 : Sampling Time Interval-Accuracy Relation............................................... 63 

Figure 7.2 : Training Set Size-Accuracy Relation ......................................................... 64 

Figure 7.3 : Sampling Interval-Accuracy for Different Genres ..................................... 64 

Figure 7.4 : Accuracy Results for 5 different genres(100 pieces) ................................. 68 

Figure 7.5 : Accuracy Results for 3 different genres(60 pieces) ................................... 71 

Figure 7.6 : Accuracy Results for 3 different genres(60 pieces)(No differential) ......... 75 

Figure 7.7 : Accuracy Results for 3 different composers(60 pieces)............................. 79 



 xiii

Figure 7.8 : Accuracy Results for 3 different composers(60 pieces)(No differential) .. 82 

 



 xiv

SYMBOL LIST 

K(x) : Kolmogorov Complexity  

k-NN : k-Nearest Neighbor 

NCD   : Normalized Compression Distance 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 xv

MÜZİK TARZINI VE BESTECİSİNİ KOLMOGOROV UZAKLIK 
TANIMLARININ KULLANIMI İLE BULMA 

 

ÖZET 

Vitanyi ve çalışma arkadaşları müzik parçalarını, bestecilerine ve tarzlarına göre 
demetlemek için Kolmogorov mesafesinin kullanılabileceği hipotezini ortaya atmışlardı. 
Hipotez DNA dizilerinden Internet sayfa tasarımlarına kadar katar tarzında ifade 
edilebilen her türlü veri ile Kolmogorov mesafesini kullanmanın mümkün olduğunu da 
bildiriyordu. 

Vitanyi ve çalışma arkadaşları analiz ettikleri müzik parçaları için MIDI 
[www.classicalmidiresource.com] formatındaki dosyaları seçmişlerdir. MIDI, bir çok 
müzik elektronik müzik aletinin birbiriyle etkileşimini düzenleyen ve yaygın olarak 
kullanılan bir standarttır.  MIDI dosyaları, sayısal ses dosyalarının aksine kaydedilmiş 
müzik kayıtlarını içermez. Bunun yerine müziğin nasıl çalınması gerektiğini belirten 
komut dizilerini içerir. Bir MIDI dosyasında  eş zamanlı olarak tek bir nota çalan 
enstrümanlar (Ör: Flüt) bulunabileceği gibi birden fazla nota çalabilen enstrümanlar (Ör: 
Piyano) da bulunabilir. Ayrıca aynı anda birden fazla eser ve kanal da aktif 
olabilmektedir. 

Her bir MIDI dosyası ön işlemeden geçirildi ve katar şeklinde gösterilim elde edildi.Her 
bir notanın 0 ile 127 arasında bir sayı değerine karşılık düşürülmesi sebebiyle biz bu 
gösterilimi matematiksel gösterilim olarak ifade edeceğiz. Vitanyi ve çalışma arkadaşları 
müzik parçalarının matematiksel gösterilişleri arasında NCD (İndirgenmiş Sıkıştırma 
Mesafesi) hesaplamışlardır. NCD parçalar arasındaki Kolmogorov Mesafesi’nin bir 
yaklaşımı olarak nitelendirilebilir. Kolmogorov mesafesi ise her bir parçanın 
matematiksel gösterilişinin Kolmogorov  Karmaşıklığı’na doğrudan bağımlıdır. 
Kolmogorov Karmaşıklığı, katarın içerdiği bilgi miktarını o katarı elde edebilecek en 
kısa uzunluktaki program parçasının boyutuna bakarak ölçmektedir. NCD kullanılarak, 
verilmiş olan müzik parçaları kümesinde mesafe matrisi hesaplanabilir. Vitanyi  ve 
çalışma arkadaşları NCD kullanılarak müzik parçalarının tarz ve bestecilerinin 
demetlenebileceğini Quartet metodunu kullanarak göstermeye çalışmışlardır. 
Demetleme algoritması O(n4) mertebesinde zaman karmaşıklığı olması sebebiyle çok 
büyük veri kümelerinde çok fazla zaman almaktadır. Bu sebeple Vitanyi ve arkadaşları 
sadece küçük veri kümeleri ile yaptıkları deneyleri bildirmişlerdir. Aynı zamanda veri 
kümesindeki eleman sayısı arttıkça demetleme başarımının düştüğünü de bildirmişlerdir. 
Bu tezde öncelikle müzik parçalarının matematiksel gösterilişlerinin farklı MIDI ön 
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işleme metotları kullanıldığında başarımı incelenmiştir. NCD kullanılarak elde edilmiş 
mesafe matrisi k-NN (k-En yakın komşu) algoritması  ile test edilerek ilgili metotların 
başarımı ölçülmüştür. 

Farklı MIDI ön işleme teknikleri 4 farklı parametre üzerinde incelenmiştir: i) MIDI 
dosyasının analizinde kullanılan zaman aralığı(1, 5, 10, …, ms). ii) Parçanın çok 
sesli(Her zaman aralığında birden fazla nota) yada tek sesli(Her zaman aralığında sadece 
tek nota) olarak gösterilimi. iii) Tek sesli gösterilim için bir önceki zaman aralığında 
geçerli nota ile arasındaki farkın mı yoksa notanın kendi değerinin mi kullanıldığı. iv) 
Nota değerlerinden çıkartılacak iki farklı matematiksel modun hangisinin kullanıldığı. 

MIDI dosyalarında “Note on” ve “Note off” komutları bulunmaktadır. Seçilen 
örnekleme zaman dilimlerinin her birinde hangi notaların etkin olarak ses verdiği 
hesaplanmaktadır. Her bir notaya 0 ile 127 arasında bir sayı ataması yapılmaktadır. 
Matematiksel mod (mod nota A) tüm parçada geçen notalar değerlendirilerek 
bulunmaktadır. Çok sesliden tek sesliye geçiş işlemi yapılmadığında nota değerinden 
mod çıkartılmakta ve bu değer bir dosyaya yazılmaktadır. Tek sesli gösterilim 
seçildiğinde aynı anda etkin olan notalardan en yüksek oktavlı olan nota seçilmektedir. 
Bundan sonra her bir zaman aralığında etkin olan notaların tamamı değerlendirilerek 
matematiksel mod(mod nota B) hesaplanmaktadır. Eğer notalar arasındaki fark seçimini 
kullanmamayı seçmişsek her bir zaman aralığı için geçerli notadan mod nota değeri 
çıkartılmakta ve sonuç değeri dosyaya yazılmaktadır, aksi halde ise art arda gelen geçerli 
notaların farkı dosyaya yazılmaktadır. 

Kullandığımız değişik modelleme tekniklerinin ve NCD’nin doğruluğunun ölçülmesi 
amacıyla besteci ve tarz sınıflandırılması üzerine deneyler yaptık. Vitanyi ve 
arkadaşlarından farklı olarak kullanılan müzik parçalarının isimleri parçayı tanımlayacak 
şekilde bıraktık. Eğitici küme ve Complearn algoritması ile hesaplanan mesafe matrisi 
kullanımıyla k-En yakın komşu sınıflandırıcıları ile test kümesi üzerinde ( k=1 ve k=3) 
sınıflandırma yaptık. 

Besteci sınıflandırması için kullandığımız veri kümesi Bach, Chopin ve Debussy’den 
20’şer parça  içermektedir. Müzik tarzı için kullandığımız veri kümelerinden biri 20 
Klasik, 20 Türk, 20 İran parçası, diğeri klasik, caz ve ağır metal parçaları içermektedir. 

Deneylerimiz sonucunda NCD ve k-En Yakın Komşu algoritmasının hem besteci hem 
de tarz sınıflandırma konularında gayet iyi sonuçlar verdiğini gördük. %90’lara varan 
başarımın sağlanması yapılan çalışmanın tahmin seviyesinden ne kadar uzakta olduğunu 
göstermektedir. Bu çalışma sonucunda örnekleme periyodunun sınıflandırma 
başarımında önemli etkisi olduğu gösterilmiş oldu. Birbiri ardına gelen notalar 
arasındaki farkların kullanılması sonucu sınıflandırmanın başarımının arttığı görüldü. 
Çalışma sonucunda vardığımız bir başka sonuç ise NCD’nin eğitim kümesindeki eleman 
sayısı arttıkça daha iyi başarım sağlamasıydı. Bu çalışma müziksel veritabanlarında 
binlerce müzik parçasının bulunduğu göz önünde bulundurulduğunda, NCD’nin gerçek 
Müzik Bilgi Sistemleri’nde  kullanılabileceğini göstermiştir. 
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MUSIC GENRE AND COMPOSER IDENTIFICATION BY USING 
KOLMOGOROV DISTANCE MEASURE  

 

SUMMARY 

Recently Vitanyi and his colleagues have suggested using an approximation to 
Kolmogorov distance as a means to compute clusters of music. The approach is quite 
flexible and can be used on any kind of data that can be represented in string form, from 
DNA sequences to web pages. 

Vitanyi and his colleagues use MIDI [www.classicalmidiresource.com] files as the 
starting point of the music pieces they analyze. MIDI (Musical Instrument Digital 
Interface) allows various electronic musical instruments to interact with each other in a 
standard way. Unlike digital audio files, MIDI files do not contain actual recorded 
music. Instead, the music sequence is recorded as a series of numbers which explain 
how the music is to be played back. In a midi file each instrument can play a single (for 
example flute) or multiple (for example piano) notes at the same instance. There are also 
multiple tracks and channels that are active at the same time. 

Each MIDI file is preprocessed and represented as a string. Since each note is 
represented using a number from 0 to 127, we call this representation the mathematical 
representation of the music piece. Vitanyi and colleagues, calculate the NCD 
(Normalized Compression Distance) between the mathematical representations of music 
pieces. NCD is based on an approximation of the Kolmogorov Distance between the 
pieces. The Kolmogorov Distance depends on the Kolmogorov Complexity of each 
representation. The Kolmogorov Complexity measures the amount of information in a 
string by the size of the smallest program generating that string. Given a set of music 
pieces, the distance matrix between them can be computed using the NCD. Vitanyi and 
colleagues use Quartet Method of clustering to show that NCD gives meaningful results 
for genre and composer clustering of music pieces. The clustering algorithm has O(n4) 
time complexity and takes a very long time for large data sets, they report results for 
small data sets only. They also report that the clustering performance decreases as more 
data is included in the data set. In this thesis we first investigate different MIDI 
preprocessing techniques to form the mathematical representations of music pieces. 
Then, we use a classification algorithm (k-nearest-neighbor), using NCD as the distance 
metric, to assess the performance of NCD and the particular preprocessing technique. 
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We investigate different preprocessing techniques based on four different aspects: i) The 
length of time interval (1, 5, 10, …, ms) using which we analyze the MIDI file. ii) 
Whether we represent the music piece as a polyphonic (multiple notes at each time 
interval) or monophonic (single note at each time interval) piece. iii) For monophonic 
representation whether we take the difference between notes at each time interval or we 
use the actual value of the notes at each time interval. iv) Two different kinds of 
mathematical modal note to subtract from the note values. 

The MIDI file contains note on and off events. We decide on the sampling time interval 
length and determine which notes fall into each time interval. We convert each note into 
a number from 0 to 127. We compute the mathematical mode (modal note A) of all the 
notes we find in all time intervals. When we do not do monophonic conversion, we 
subtract the modal note from all the note values and write them into a file to obtain the 
mathematical representation. When we use monophonic representation, we map the 
notes at each time interval into a single note. We choose the note with the maximum 
pitch. We then compute the mathematical mode (modal note B) of the notes for each 
time interval. If we have chosen not to take the difference between notes, we output the 
numbers which are calculated by subtracting the modal note (A or B) from the notes at 
each time interval. Otherwise, we take the difference between notes at each time interval 
and output these numbers as the mathematical representation. 

In order to estimate the accuracy of a particular preprocessing method and NCD, we use 
the genre or composer test classification accuracy. Unlike Vitanyi and colleagues, we 
use the data with labels that tell us the genre or composer of each music piece. Based on 
training data and the distances computed by the complearn algorithm, we obtain a k-
Nearest-Neighbor classifier. We compare performance of k=1 and k=3 Nearest-
Neighbor classifiers on a test set. 

The data set we use for composer classification consists of 20 pieces each from Bach, 
Debussy and Chopin. One data set we use for genre classification consists of 20 
classical, 20 Turkish and 20 Iranian and the other data set consists of classical, jazz and 
heavy metal pieces. 

In our experiments we find out that the NCD and k-Nearest-Neighbor work well for 
composer and genre classification. We get accuracy rates of up to 90%, which is too far 
from guessing. We find out that the sampling time interval length makes a difference on 
the classification performance. We also find out that taking the difference between 
consecutive monophonic notes improves classification. Another conclusion we reach is 
that the NCD measure works better as more training data is available. Since usually 
there are a lot of (thousands) songs in typical musical databases, this is promising for the 
use of NCD on real musical information retrieval. 
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1. INTRODUCTION 

There are many music formats available today. Two of them are more popular than 

others. One of them is MP3 (http://all-streaming-media.com) which is the compressed 

form of the music wave occupying one tenth of the original music file. The other one 

MIDI (Musical Instrument Digital Interface) is an agreed standard for communication 

between electronic musical equipment such as synthesizers, samplers and other devices 

such as computers. The core function of the standard is to allow information (describing 

musical performance, which notes were played, how loud they should be, plus 

articulations such as "bending" of notes or vibrato etc.) transmission from one machine 

to another. The recording of such information for later replay is called sequencing. The 

standard also includes many functions which are specific to this core activity, for 

example the standardization of files for sequences (Standard Midi File) and digital audio 

recordings. 

Recently, the incredible growth of Internet and increase in the number of portable mp3 
players and great technological developments in the mobile phone industry made huge 
amount of digitized music available both in the public domain and on commercial 
websites. The websites having musical content try to organize their material and 
somehow classify their files according to musical genres and subgenres, putting similar 
pieces together. One of the main purposes of such organization is to enable users to 
navigate to pieces of music they already know and like. These websites also try to give 
them advice and recommendations (“If you like this, you might also like. . . ”). 
Currently, such organization is mostly done manually by humans and there are studies 
like ours to make the process automated. (McKay, Fujinaga, 2004 ) 

In this thesis we classify music pieces according to genres and composers. We use MIDI 
files, each of which is preprocessed and represented as a string. Since each note is 
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represented using a number from 0 to 127, we call this representation the mathematical 
representation of the music piece.  

We used four different MIDI preprocessing techniques to form the mathematical 
representations of music pieces. i) The length of time interval (1, 5, 10, …, ms) using 
which we analyze the MIDI file. ii) Whether we represent the music piece as a 
polyphonic (multiple notes at each time interval) or monophonic (single note at each 
time interval) piece. iii) For monophonic representation whether we take the difference 
between notes at each time interval or we use the actual value of the notes at each time 
interval. iv) Two different kinds of mathematical modal note to subtract from the note 
values. 

We calculate the NCD (Normalized Compression Distance) (Vitanyi, 2004) between the 
mathematical representations of music pieces. NCD is based on an approximation of the 
Kolmogorov Distance between the pieces. The Kolmogorov Distance depends on the 
Kolmogorov Complexity of each representation. The Kolmogorov Complexity measures 
the amount of information in a string by the size of the smallest program generating that 
string. (Vitanyi, 2004) Given a set of music pieces, the distance matrix between them 
can be computed using the NCD. While as Vitanyi and colleagues use Quartet Method 
of clustering, we use k-NN(k Nearest Neighbour Algortihm) to show that NCD gives 
meaningful results for genre and composer clustering of music pieces. The clustering 
algorithm has O(n4) time complexity and takes a very long time for large data sets. As a 
result they report results for small data sets only. However k-NN takes very short time 
compared to it which makes it possible for us to test larger data sets. 

We have done clustering and classification experiments by using different preprocessing 
techniques that we suggest. The data set that we use for genre classification includes 
Jazz, Classics and Heavy Metal    

The composer and genre classification is highly dependent on the mathematical model 
of the piece. The most accurate mathematical model could be determined by analyzing 
the well known pieces.   

Since similarity is the key element of composer and genre determination, it can also be 
used to give an idea to experts in music copyright infringement litigations. Plagiarism of 
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the melody or any part of the original piece should be detected by using automated 
composer classification. 

There are many pieces which people like very much but their composers are unknown or 
ambigious.(Binns Georgina, 2002) In such case automated composer classification could 
be used to find out composers of those pieces. (Vitanyi, 2004) 
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2. MUSICAL CONCEPTS 

2.1 Musical Terms 

There musical terms such as melody, harmony, rythym, timbere, tesxture, form describe 
a music piece. In this section we will definitions of relevant musical terms that are 
related to our work.These definitions are mostly gathered from 
(http://www.gprep.org/~music). 

2.1.1 Melody 

Melody is any string of consecutive notes (i.e., played or sung one at a time) and it can 
be recognized if played by itself. In many pieces of music, the highest voice or 
instrumental line is usually carrying the melody.  

Melody is the most important element of a song. If it is drastically altered, then it will be 
probably impossible to recognize the song from the other parts.  Some Jazz performers 
take the chord progression of a song, then add a different melody, and then produce a 
new song.  

One of the characteristics that distinguish individual melodies from each other is the set 
of intervals that separate each two notes. In other words, an interval is the number of 
piano keys between two notes. Intervals can be a unison (the same note repeated), very 
small, or very large. These melodic lines can go up, down, stay the same, or be a 
combination of all of these. The overall shape of the melody can be choppy or smooth. 
Often this pattern or shape alone will get across much of the emotional content of a 
piece of music as it mimics the inflections and structures of speech.  

A melody will often consist of a number of short phrases put together, much in the same 
way that sentences are. If the composition is sung, the musical phrases will almost 
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always have a close correspondence with the grammatical phrases in the text. The 
number of phrases in a larger compositional structure will almost always be related to 
the powers of two (2, 4, 8, 16, etc.)  

In recent popular music, the role of the melody has changed, and become a little less 
important in the whole musical piece while rhythm has grown in importance. 
Nonetheless melody is the key element which distinguishes the piece from others. 

2.1.2 Harmony 

Harmony is the effect created when two or more notes are sounded simultaneously. 
Someone singing a set of musical notes along with the melody that doesn't use the same 
pitches as the melody is commonly said to be "singing harmony". Or, the idea that 
harmony is every note in a composition that isn't melody. While these two definitions 
aren't exactly wrong, they really aren't as precise as definitions that deal with notes 
sounded together.  

Two or more notes sounded simultaneously fit together well, but this isn't always the 
case. When they do fit well, this is called consonance and is described as a consonant 
harmony. Two or more notes that clash when sounded together are called dissonance 
and are referred to as a dissonant harmony. Dissonance is not necessarily bad--
dissonance is found in virtually all types of modern music and can have a powerful 
emotional impact when used effectively.  

A particular note or set of notes is often the "home base" of a composition. Musically, 
this is called the "tonal center" or "tonic". This can be used as an important element of 
form, creating a subliminal sense of drama in a composition that starts with a certain 
harmony (called 'key' in this case), surges away from it, and returns to that home key.  

Producing a new song by altering the harmony will be agreed as a new composition.  

2.1.3 Rhythm 

Rhythm is the time element in music. Musical sound can be said to fall into two basic 
domains; pitch and duration. Rhythm deals with the domain of duration which 
determines how long pitches last. A very crude, but almost workable system of musical 
notation can be made by dealing only with the pitch and duration aspects.  
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The musical notes in a composition have certain lengths relative to each other. These 
lengths are almost always related to powers of two. These relative durations are 
represented by musical symbols called notes.  

A recurring series of irregular durational lengths, or note values, is called a rhythm.  

A melody has a rhythm which is listened to and can be recognized that not all of the 
notes are of the same length. Change the rhythm somewhat and even if the pitches are 
kept in the correct order, it will become an unrecognizable melody. A harmony usually 
has a rhythm incorporated into it.  

Contrasting with the definition of a rhythm (but still falling within the general category 
of rhythm) is beat. Beat is the steady pulse which is felt, if not necessarily heard in a 
musical composition. It gives a sense of regular timing and a feeling of forward motion. 
Music that requires or inspires physical movement almost always will have a powerful 
and prominent beat. Two examples of this are marching music and disco or other dance 
music.  

To keep a clear understanding of what beat is, it must remembered that each beat is 
separated by an equal amount of time.  

Meter is the term used to describe organization of regular beats by accenting 
(emphasizing) every third, every fourth, etc. beat. The melody and harmony will usually 
be closely tied to the most important beat in each measure. Almost always, the first beat 
in each measure is the most important and the rest of the elements acknowledge that. An 
orchestral conductor's pattern is tied to the first beat of each measure. A feeling of meter 
helps to tie many of these elements together for a much unified musical effect.  

The most common meter in a song is usually two or four (which sounds like 2 x 2). Four 
or eight measures are usually used to build a phrase; four phrases usually build a large 
section, etc., etc.  

2.1.4 Timbre 

'Timbre' is a common synonym for tone color which should be defined as “the 
characteristics of an instrument's sound, or a combination of instrumental sounds”". 
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Imagine that two different instruments are playing the same musical line, the same notes, 
the same dynamics, etc. Even if they were played exactly the same way, a listener would 
notice that one was played by a trombone and the other was played by a saxophone. That 
difference between the instrumental sounds is called the 'tone color'. A trombone has a 
different tone color from a saxophone.  

If a single note is played on any instrument, the instrument would really be sounding 
more than one tone or air vibration. Due to the properties of vibrating matter, no acoustic 
(and very few electronic) sounds consist of just one simple vibration. Instead, they 
produce a series of mathematically related vibrations. Make even small changes in some 
of the components of this musical sound and it will be possible to say that the quality of 
the sound has changed.  

The term 'tone color' is used in a variety of ways, perhaps confusingly, but each one 
deals with the quality of sound. We say that different instruments or even different 
instrumental combinations have differing tone colors.  

2.1.5 Texture 

Texture should be defined as "how the musical lines are woven". Often when music is 
composed, the composer will think in terms of a series of melodies, or lines. How he 
chooses the relationship between these lines is what will be referred to as the "texture".  

Part of the style of a composer is his distinct treatment of the many musical lines used to 
make up a composition. While changing the element of texture will not alter a 
composition nearly as much as an alteration of the previous elements, it will have a 
strong overall effect in the general sound.  

A texture can and often will change within a piece of music. Two common adjectives 
used to describe certain textures are homophonic and polyphonic.  

2.1.6 Form 

Form is defined as "the mixture of familiar material with new or unexpected material in 
a composition."  

A realtime operation is more or less one that has a fixed set of interactions with the user 
that must be executed in a fixed order. Often, the running of such a program is 
synchronized to a specific length of time.  
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Music is very much a realtime operation. A painting or photo can be grasped in an 
instant. A book may be read in one day or over a period of months. Music is unlike these 
two examples in that a five minute composition generally takes exactly five minutes to 
unfold. If you get lost in a piece of music, it's usually impractical to go back and listen to 
a section over again.  

To keep the listener's attention during the concert, composers get away from it, return to 
it, perhaps transform it, and continue going through a series of cycles of changes. A 
strong sense of drama can be established by creating a sense of expectation in the 
listener--and then fulfilling it.  

The letters of the alphabet are commonly used in the analysis of simple formal 
structures. When the first important section is heard, it is labeled as section "A". The 
next new section will be labeled "B". If the next music is the same as the first, it is 
labeled as section "A". So far, the song has a form of A-B-A. Assume that the song has a 
fourth section that isn’t heard before—it is labeled with the next letter, "C". Assume that 
section B returns, followed by the music of the first section. The analysis of the form of 
the song is A-B-A-C-B-A. Another composition that is assembled a little differently 
might have a form of A-B-C-A-B, etc.  

The Golden Mean often comes up in a discussion of form. Listeners and composers for 
centuries have found that the summary section of a composition, called the 
recapitulation, should be about the last thirty-eight percent of a composition's length. 
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2.2 Perception of Music  

 

Source: “The Science of Sound”, Fig 5.1, Rossing, Moore & Wheeler, 3rd ed. 

Figure 2.1 : The Limits of Hearing 

 

People can hear sounds having frequency range from 20-20,000 Hz.  
In fact; most people’s hearing covers a smaller range. A quiet sound is harder to hear 
than a loud sound of the same frequency. Therefore a description of hearing range must 
specify the sound intensity as well as its frequency. People are most sensitive to sounds 
in the range 2000-5000 Hz since the ear canal acts as a resonator in this frequency range. 
Speech relies on a relatively small range of frequencies and intensities. (see Figure 2.1). 
Music places greater demands on our hearing. (http://positron.ps.uci.edu) 

When a polyphonic melody is listened, the highest note pitch, which has the higher 
frequency among others is perceived most by human in the set of simultaneously playing 
notes. (Uitdenbogerd, 1999). 

 

Frequency 
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Figure 2.2 : Musical Complexity 

The level of perceived music complexity is raised when unusual harmonies and timbres, 
irregular tempi and rhythms, unexpected tone sequences and variations in volume are 
come across along the piece. (Finnäs, 1989) 

The complexity of the music increases if there is a major change in melody, timbre and 
structure (form) of music. However the changes in harmony, rhythm and acoustics have 
a less effect on complexity of music. If you listen the same piece at double or half speed; 
you still discover it is the same piece.  

Understanding of a music piece by a listener is not a static, but changes over time and 
much dependent to musical memory of the person listening to. Perception of musical 
structure is deeply interwoven with memory for music and music understanding at the 
highest levels, yet it is not clear what features are used to convey structure in the 
acoustic signal or what representations are used to maintain it mentally. (Scheirer, 1998). 

Not only expectation and surprise, variation, and information rate in the listening piece, 
but also the listener’s experience, cultural background and link to low level and level 
musical features have a great influence on perceived complexity.                       
( http://dactyl.som.ohio-state.edu) 
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3. MIDI ARCHITECTURE 

3.1 Overview 

The Musical Instrument Digital Interface (MIDI) protocol has been widely accepted and 
utilized by musicians and composers since its conception in 1983. MIDI data is a very 
efficient method of representing musical performance information, and this makes MIDI 
an attractive protocol not only for composers or performers, but also for computer 
applications which produce sound, such as multimedia presentations or computer games. 
However, the lack of standardization of synthesizer capabilities hindered applications 
developers and presented new MIDI users with a rather steep learning curve to 
overcome.  

Fortunately, with the publication of the General MIDI System specification, wide 
acceptance of the most common PC/MIDI interfaces, support for MIDI in operating 
systems, and the evolution of low-cost music synthesizers, the MIDI protocol is now 
seeing widespread use in a growing number of applications.  

Most of the data in this section are gathered from “http://music.northwestern.edu”. 

3.2 MIDI versus Digitalized Audio 

Originally developed to allow musicians to connect synthesizers together, the MIDI 
protocol is now finding widespread use as a delivery medium to replace or supplement 
digitized audio in games and multimedia applications. There are several advantages to 
generating sound with a MIDI synthesizer rather than using sampled audio from disk or 
CD-ROM. The first advantage is storage space. Data files used to store digitally sampled 
audio in PCM format (such as .WAV files) tend to be quite large. This is especially true 
for lengthy musical pieces captured in stereo using high sampling rates.  
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MIDI data files, on the other hand, are extremely small when compared with sampled 
audio files. For instance, files containing high quality stereo sampled audio require about 
10 Mbytes of data per minute of sound, while a typical MIDI sequence might consume 
less than 10 Kbytes of data per minute of sound. This is because the MIDI file does not 
contain the sampled audio data; it contains only the instructions needed by a synthesizer 
to play the sounds. These instructions are in the form of MIDI messages, which instruct 
the synthesizer which sounds to use, which notes to play, and how loud to play each 
note. The actual sounds are then generated by the synthesizer.  

For computers, the smaller file size also means that less of the PCs bandwidth is utilized 
in spooling this data out to the peripheral which is generating sound. Other advantages 
of utilizing MIDI to generate sounds include the ability to easily edit the music, and the 
ability to change the playback speed and the pitch or key of the sounds independently. 
This last point is particularly important in synthesis applications such as karaoke 
equipment, where the musical key and tempo of a song may be selected by the user.  

3.3 MIDI Basics 

The Musical Instrument Digital Interface (MIDI) protocol provides a standardized and 
efficient means of conveying musical performance information as electronic data. MIDI 
information is transmitted in "MIDI messages", which can be thought of as instructions 
which tell a music synthesizer how to play a piece of music. The synthesizer receiving 
the MIDI data must generate the actual sounds. The MIDI 1.0 Detailed Specification 
provides a complete description of the MIDI protocol.  

The MIDI data stream is a unidirectional asynchronous bit stream at 31.25 Kbits/sec. 
with 10 bits transmitted per byte (a start bit, 8 data bits, and one stop bit). The MIDI 
interface on a MIDI instrument will generally include three different MIDI connectors, 
labeled IN, OUT, and THRU. The MIDI data stream is usually originated by a MIDI 
controller, such as a musical instrument keyboard, or by a MIDI sequencer. A MIDI 
controller is a device which is played as an instrument, and it translates the performance 
into a MIDI data stream in real time (as it is played). A MIDI sequencer is a device 
which allows MIDI data sequences to be captured, stored, edited, combined, and 
replayed. The MIDI data output from a MIDI controller or sequencer is transmitted via 
the devices' MIDI OUT connector.  
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The recipient of this MIDI data stream is commonly a MIDI sound generator or sound 
module, which will receive MIDI messages at its MIDI IN connector, and respond to 
these messages by playing sounds. Figure 3.1 shows a simple MIDI system, consisting 
of a MIDI keyboard controller and a MIDI sound module. Note that many MIDI 
keyboard instruments include both the keyboard controller and the MIDI sound module 
functions within the same unit. In these units, there is an internal link between the 
keyboard and the sound module which may be enabled or disabled by setting the "local 
control" function of the instrument to ON or OFF respectively.  

The single physical MIDI Channel is divided into 16 logical channels by the inclusion of 
a 4 bit Channel number within many of the MIDI messages. A musical instrument 
keyboard can generally be set to transmit on any one of the sixteen MIDI channels. A 
MIDI sound source, or sound module, can be set to receive on specific MIDI Channel(s). 
In the system depicted in Figure 3.1, the sound module would have to be set to receive 
the Channel which the keyboard controller is transmitting on in order to play sounds.  

 

 

Figure 3.1 : A Simple MIDI System  

Information received on the MIDI IN connector of a MIDI device is transmitted back 
out (repeated) at the devices' MIDI THRU connector. Several MIDI sound modules can 
be daisy-chained by connecting the THRU output of one device to the IN connector of 
the next device downstream in the chain. There are also more complex MIDI systems 
using this daisy chain connection.  

Figure 3.2 depicts a PC-based MIDI system. In this system, the PC is equipped with an 
internal MIDI interface card which sends MIDI data to an external multitimbral MIDI 
synthesizer module. Application software, such as Multimedia presentation packages, 
educational software, or games, sends MIDI data to the MIDI interface card in parallel 
form over the PC bus. The MIDI interface converts this information into serial MIDI 
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data which is sent to the sound module. Since this is a multitimbral module, it can play 
many different musical parts, such as piano, bass and drums, at the same time. 
Sophisticated MIDI sequencer software packages are also available for the PC. With this 
software running on the PC, a user could connect a MIDI keyboard controller to the 
MIDI IN port of the MIDI interface card. 

There are a number of different configurations of PC-based MIDI systems possible. For 
instance, the MIDI interface and the MIDI sound module might be combined on the PC 
add-in card. In fact, the Multimedia PC (MPC) Specification requires that all MPC 
systems include a music synthesizer, and the synthesizer is normally included on the 
audio adapter card (the "sound card") along with the MIDI interface function. Until 
recently, most PC sound cards included FM synthesizers with limited capabilities and 
marginal sound quality. With these systems, an external wavetable synthesizer module 
might be added to get better sound quality. Recently, more advanced sound cards have 
been appearing which include high quality wavetable music synthesizers on-board, or as 
a daughter-card options. With the increasing use of the MIDI protocol in PC 
applications, this trend is sure to continue. 

 

 

Figure 3.2 : A PC-Based MIDI System 
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3.4 MIDI Messages 

A MIDI message is made up of an eight-bit status byte which is generally followed by 
one or two data bytes. There are a number of different types of MIDI messages. At the 
highest level, MIDI messages are classified as being either Channel Messages or System 
Messages. Channel messages are those which apply to a specific Channel, and the 
Channel number is included in the status byte for these messages. System messages are 
not Channel specific, and no Channel number is indicated in their status bytes. 

Channel Messages may be further classified as being either Channel Voice Messages, or 
Mode Messages. Channel Voice Messages carry musical performance data, and these 
messages comprise most of the traffic in a typical MIDI data stream. Channel Mode 
messages affect the way a receiving instrument will respond to the Channel Voice 
messages. 

3.4.1 Channel Voice Messages 

Channel Voice Messages are used to send musical performance information. The 

messages in this category are the Note On, Note Off, Polyphonic Key Pressure, Channel 

Pressure, Pitch Bend Change, Program Change, and the Control Change messages. 

3.4.1.1 Note On / Note Off / Velocity 

In MIDI systems, the activation of a particular note and the release of the same note are 
considered as two separate events. When a key is pressed on a MIDI keyboard 
instrument or MIDI keyboard controller, the keyboard sends a Note On message on the 
MIDI OUT port. The keyboard may be set to transmit on any one of the sixteen logical 
MIDI channels, and the status byte for the Note On message will indicate the selected 
Channel number. The Note On status byte is followed by two data bytes, which specify 
key number (indicating which key was pressed) and velocity (how hard the key was 
pressed). 

The key number is used in the receiving synthesizer to select which note should be 
played, and the velocity is normally used to control the amplitude of the note. When the 
key is released, the keyboard instrument or controller will send a Note Off message. The 
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Note Off message also includes data bytes for the key number and for the velocity with 
which the key was released. The Note Off velocity information is normally ignored. 

3.4.1.2 Aftertouch 

Some MIDI keyboard instruments have the ability to sense the amount of pressure which 
is being applied to the keys while they are depressed. This pressure information, 
commonly called "aftertouch", may be used to control some aspects of the sound 
produced by the synthesizer (vibrato, for example). If the keyboard has a pressure sensor 
for each key, then the resulting "polyphonic aftertouch" information would be sent in the 
form of Polyphonic Key Pressure messages. These messages include separate data bytes 
for key number and pressure amount. It is currently more common for keyboard 
instruments to sense only a single pressure level for the entire keyboard. This "Channel 
aftertouch" information is sent using the Channel Pressure message, which needs only 
one data byte to specify the pressure value. 

 

3.4.1.3 Pitch Bend 

The Pitch Bend Change message is normally sent from a keyboard instrument in 
response to changes in position of the pitch bend wheel. The pitch bend information is 
used to modify the pitch of sounds being played on a given Channel. The Pitch Bend 
message includes two data bytes to specify the pitch bend value. Two bytes are required 
to allow fine enough resolution to make pitch changes resulting from movement of the 
pitch bend wheel seem to occur in a continuous manner rather than in steps. 

3.4.1.4 Program Change 

The Program Change message is used to specify the type of instrument which should be 
used to play sounds on a given Channel. This message needs only one data byte which 
specifies the new program number. 

3.5 MIDI Timing Concepts 

MIDI Time Code and SMPTE Time Code are representations of absolute time in that 
they follow hours, minutes and seconds just like real time. Absolute time is always the 



17 

same and you cannot speed it up or slow it down. Relative time is a reference to a 
musical piece that has an inner tempo. A composition may take three minutes to perform 
at a tempo of 80 bpm (beats per minute), but would take only a minute and a half if the 
tempo was increased to 160 bpm. An advanced MIDI sequencer is able to work with 
both absolute time and relative time and make adjustments when there are changes in the 
relative time of a composition.  

 

Figure 3.3 : MTC-Tempo Relation  

In the chart above the upper line represents absolute time and includes an example of 17 
seconds of time. Both MIDI Time Code and SMPTE Time Code may be used to 
represent absolute time which is fixed and may not be moved. Following the absolute 
time line are examples of repeated quarter notes at 3 different tempos (relative time). 
Notice that 2 measures have passed at 4 seconds with a tempo of 120 bps, but it would 
take 8 seconds for the same two measures at a tempo of 60 bpm and 16 seconds for the 
same two measures at a tempo of 30 bpm. 

The timing of MIDI is represented for any event in terms of measure, clocks, and beats. 
The number of beats in a measure depends on the last time signature value in the midi 
file. There may be one or more time signatures in the midi file. It is also possible for a 
midi file not to have any time signatures. In such a case the default value which is four 
beats per measure should be assumed.  
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4. MIDI PREPROCESSING 

In this section we’ll describe the process we follow in order to find the distance between 
music pieces. First we process the MIDI files with MIDI Disassembler 
(http://www.borg.com/~jglatt/progs/software.htm) which converts MIDI files into 
readable text files that can be viewed and edited with any text editor.  Then the 
disassembled text files are preprocessed by our MIDI preprocessor and binary files 
containing the mathematical representation of the music pieces are formed as an output. 
After that the binary files are given to the Complearn Toolkit 
(http://www.complearn.org/) and distance matrix is obtained as an output of Complearn 
Toolkit, which gives the distances between the music pieces. 

 

 

 

 

 

  

 

 

 

 

 

Figure 4.1 : Process Outline 
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4.1 MIDI Disassembler 

     

Figure 4.2 : Screen Shot of Midi Disassembler Program 

The "MIDI File Disassembler/Assembler" is a Win32 (i.e., Windows 95 or Windows 
NT) software program written by Jeff Glatt and freely available from 
“http://www.borg.com/~jglatt/progs/software.htm” allows creating a text file (i.e., 
human readable letters and words representing the MIDI data) based upon a MIDI 
(sequencer) file. The text file can then be viewed and edited in any text editor (such as 
Notepad). In other words, this program "disassembles" the MIDI file into human 
readable "source code".  In this way, it is possible the contents of the MIDI file visually 
to be seen; what notes are being played, when the notes are being played, what other 
"events" are in the file, etc. The display of this information is very musician friendly, 
allowing one to easily change/augment/delete the contents simply by editing the text. 
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The process of creating a text file from a MIDI file is referred as disassembling the 
MIDI file.  

The utility also allows to convert that text file back into a MIDI file (create a new MIDI 
file based upon the text file), perhaps after someone has edited it and changed some 
parameters. In other words, this program also "assembles" the "source code" into a MIDI 
file. The process of creating a MIDI file from a text file is referred as assembling the 
MIDI file. 

So, the MIDI File Disassembler /Assembler is sort of two utilities in one. It's a utility 
that "converts" a MIDI file into a text file (Disassembler), and a utility to do the opposite 
(Assembler). 

We briefly describe the functionality of the Disassembler in the following paragraphs. 
The user can choose to have the Disassembler filter out any particular type of MIDI 
events or non-MIDI events (i.e., Meta events as they're called in the MIDI specification) 
when creating the text file. To remove all of the “Aftertouch” messages from a MIDI 
file, which can is easily done simply by clicking one "button" in the utility's window. 
Alternately, to remove all lyric events, text events, and system exclusive messages from 
the text listing, can again easily done by the utility. 

Unfortunately filtering property of the MIDI File Disassembler only works from GUI 
and if it is run from the command mode,as we do,, it is not possible to apply these filters 
during disassembling of  the MIDI file. 

By means of globally scaling the note velocity (i.e., note volume) of a track, it is 
possible to increase or decrease the volume of each event in the track. In order to change 
the musical key of the MIDI file the user can transpose a track’s notes up or down in 
half steps. 

The user can filter out midi events that are on particular channels. For example, it is 
possible to remove from track 1 all MIDI events that are on channels 1 and 2. 

4.2 MIDI Preprocessor (MP) 

Our MIDI Preprocessor (MP) works on the output of the MIDI Disassembler program 
whose features are explained in section 4.1.  
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MP is written by us using “C” programming language. Bloodshed Dev C++ IDE 4.9.9.2 
is used as a development environment which is freely available under GNU Public 
License. Although the code is written in “C” programming language, since it is too 
dependent to the program “Midi Disassembler” which is a Win32 application, it should 
only be run on windows based systems. It is also possible to run the application on some 
emulators running on different platforms. For example, the code is run without any 
problems on Win XP SP2 and Win XP running virtual PC on Mac OS X. 

In order to understand how different preprocessing techniques affect the distance matrix, 
we change some parameters, reform the mathematical representation and recalculate the 
distance matrix. 

The first input to MP is the interval length.(1-1000 ms.) We determine which notes are 
on at each time interval. We convert each note to an integer between 0 and 127. (see 
Table 4.1) 

Table 4.1: Midi Note Numbers for Different Octaves 

Note Numbers Octave  
C C# D D# E F F# G G# A A# B 

0 0 1 2 3 4 5 6 7 8 9 10 11 
1 12 13 14 15 16 17 18 19 20 21 22 23 
2 24 25 26 27 28 29 30 31 32 33 34 35 
3 36 37 38 39 40 41 42 43 44 45 46 47 
4 48 49 50 51 52 53 54 55 56 57 58 59 
5 60 61 62 63 64 65 66 67 68 69 70 71 
6 72 73 74 75 76 77 78 79 80 81 82 83 
7 84 85 86 87 88 89 90 91 92 93 94 95 
8 96 97 98 99 100 101 102 103 104 105 106 107 
9 108 109 110 111 112 113 114 115 116 117 118 119 
10 120 121 122 123 124 125 126 127     

 

After the integer conversion, we determine the mathematical mode (the note which 
sounds most often) of all notes played at all time intervals and call this mode A. We 
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compute and use mode B in order to be able to compare our work to that of Vitanyi’s. 
(Vitanyi, Cilibrasi, 2004) 

The second input is whether the piece will be represented in polyphonic or monophonic 
format. 

In polyphonic representation, all simultaneously playing notes are determined at each 
time interval, then normalized by subtracting the calculated mode of the notes and then 
concatenated to form a string. A special binary number is assigned to indicate the time 
interval is over. The same number is used to represent if no notes are on in that interval. 
That is, if five notes are playing simultaneously at a particular interval, then six binary 
values are written to the binary file with the time interval end indicator. In monophonic 
representation, we determine the note we hear as the highest pitch (Uitdenbogerd, 
1999) of all the notes that are played at that time interval. In monophonic representation 
since each time interval only one note is written to the binary file, there is no need to 
indicate that the time interval is over.   

For monophonic representation, the user has two more options: 

The user can choose to compute and use a new mode, mode B, which is the mode of all 
monophonic notes in the piece. Mode A or mode B can be subtracted form each note 
value so that the piece is normalized. The user can also choose to use the difference 
between monophonic notes in consecutive time intervals and not use the mode A or 
mode B. 

4.2.1 Virtual Track 

Midi files generally may have more track and different tracks may include 
simultaneously playing notes at the same time on different or on the same channel. Our 
main idea is to be able to determine the simultaneously playing notes at any instance of 
the piece. No matter how the note events are distributed to tracks, we order the note 
events according to the time stamp that they have so we call the new formed track as 
“virtual track”.   

In the virtual track we determine the mile stone time stamps when a change occurs in the 
simultaneously playing notes. (In terms of midi events each note on and note off event is 
a mile stone to be considered.) 
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4.2.2 Input Parameters 

The MIDI Preprocessor (MP) application gets one or more midi files as a parameter. The 
files can be dragged and dropped the program icon. 

 

Figure 4.3 : Parameter Stage for Midi Preprocessor Application 

Table 4.2: Different Possible Combinations of Some Input Parameters and Output  

Polyphonic Monophonic Differential Mode Type Multi Byte What is written ? 

Enabled Enabled X No 
First pitch is as is + Next 

one is relative to previous. 

Enabled Disabled Mode A No 
(maxPitchValue in time 

interval)- (Mode A) 

Enabled Disabled Mode B No 
(maxPitchValue in time 

interval)- (Mode B) 

Disabled Disabled Mode A Yes 

For all pitch values that are 

on in the time interval 

(P1, P2,..,PN) (P1-Mode 

A)U(P2-Mode A)..U(PN-

Mode A) U EOI 

Disabled Disabled Mode B Yes 

For all pitch values that are 

on in the time interval 

(P1, P2,..,PN) (P1-Mode 

B)U(P2-Mode B)..U(PN-

Mode B) U EOI 
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The following application asks for the other parameters: 

1- Sampling interval (default: 5 ms. (Range: 1-1000): 

Enter the sampling interval value that you want the preprocessor to sample all the midi 
files which are given as a parameter. The range is between 1 and 1000 milliseconds. 

2 - Polyphonic Conversion Enabled? (E: Enable, D: Disable, Default (Enabled)): 

If monophonic conversion is enabled then asks for the difference parameter: 

3 – Take the difference between consecutive monophonic notes? (E: Enable, D: Disable, 
Enter: Default): 

If you enable differential conversion then for each sampled instance of time, the 
differential calculated value of the pitch with respect to the previous selected pitch is 
written to the binary and string output files. 

Differential conversion of monophonic is disabled by default. In this case the calculated 
values of all the pitches, which are on in the sampled interval, are written to the binary 
and string output files and a special indicator is appended to the stream to indicate EOI 
(End of Instance). (See Table 4.2) 

4 - Use the Most Frequent Pitch for the whole virtual track? (E: Enable, D: Disable, 
Enter: Default) 

If you enable this option this means you want to use Mode A, which is the note which 
sounds most often in all of the tracks in the file. 

Using most frequent pitch for the whole virtual track is disabled by default so mode B 
which is the note which sounds most often in all of the sampled time intervals is 
selected. 

4.2.3 Program Outline 

The program outline of MP application can be summarized as follows: 
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for each midi file 

begin  

 initialize variables 

execute Midi Disassembler Program and use the MIDI file as input. 

wait until Midi Disassembler program outputs the disassembled file. 

open files for writing(under BIN, STR, LOG and RTO directories) 

open disassembled file for reading 

if file could be opened then  

begin  

 read MThd header of the midi file. 

 scan the file for track determination. 

 scan the file for measure determination. 

scan the file for tempo determination.   

scan the file for mode determination.   

scan the file and determine the notes at each time interval and the monophonic 
note if necessary for sampling and sample. 

delete all the files in “C:\msys\1.0\home\sonmezab\BIN1\data 

copy all the files from C:\midiPre\BIN  

   to “C:\msys\1.0\home\sonmezab\BIN1\data” 

end 

end. 

4.2.4 Outputs 

The preprocessor application creates four files for each midi file which is given as an 
input parameter. These are RTO (Real Time Output) file, BIN file, STR file and LOG 
file.  
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4.2.4.1 RTO (Real Time Output) File Format 

In the RTO file there are 5 columns. The first one is the mile stone time stamp which has 
in terms of measure:beat:clock format as found originally in the midi file. The second 
column is the time stamp calculated in real time in terms of micro seconds from the 
beginning of the piece. The third column is the duration of the interval in terms of micro 
seconds in which the notes are on in the fifth column. The forth column is the number of 
simultaneously playing notes in that interval. (see Table 4.3) 

An example from an RTO file line can be seen below:  

  1: 2:   0      983607    245902 .2 #0.1:G 0(28) #0.1:A 4(54)  

Table 4.3: RTO File Format Description 

Exact Time 

(measure:beat:clock) 

Real Time 

(micro seconds) 

Duration 

(micro seconds) 
Number of Notes Notes 

21: 3:  30 58058824 176471 .2 
#7.7:C 4(100) 

#8.8:F 2(100) 

 

In RTO file, all the information for the simultaneously playing pitches such as original 
track number, channel number, value and   volume included. (see Table 4.4)  

Table 4.4: RTO File Note Column Format Description 

Original Track No Channel No Pitch Volume 

7 7 C 4 100 

8 8 F 2 100 

 

The RTO file of the midi file has the same name as the midi file but RTO suffix is 
appended to the end of file name. RTO files are text files and can be viewed by using a 
text editor. RTO files are created under the path “c:\midiPre\RTO”. 
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4.2.4.2 BIN File Format 

The binary file is the main output of the preprocessor application since it includes the 
mathematical model of the midi file created according to the parameters selected in the 
beginning of the application. 

The BIN file of the midi file has the same name as the midi file but has a suffix of .bin. 
BIN files are binary files and can not be viewed by using a text editor. BIN files are 
created under the path “c:\midiPre\BIN”. 

4.2.4.3 STR File Format 

The STR file includes the same information as binary file. The only difference is that it 
is written in string format instead of binary format so can be viewed by using a text 
editor.  

The STR file of the midi file has the same name as the midi file but STR suffix is 
appended to the end of file name. STR files are text files and can be viewed by using a 
text editor. STR files are created under the path “c:\midiPre\STR”. 

4.2.4.4 LOG File Format 

The LOG file includes some useful information about the tracks, measure changes, and 
tempo changes in the midi file. It also includes parameter values used in forming 
mathematical model of the file. 

The LOG file of the midi file has the same name as the midi file but LOG suffix is 
appended to the end of file name. LOG files are text files and can be viewed by using a 
text editor. LOG files are created under the path “c:\midiPre\ LOG”. 
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5. ALGORITHMIC CLUSTERING 

For completeness of the thesis, Kolmogorov complexity and the algorithms used for 
classification and clustering are repeated. 

5.1 Kolmogorov Complexity 

A mathematical representation for each midi file is created and these should be assumed 
as a string x over a finite binary alphabet. The integer K(x), also known as the 
Kolmogorov complexity of x, gives the length of the shortest compressed binary form 
from which x can be reproduced again. Shortest binary form means that no more 
compression can be achieved with the particular compressor. The compressor is not 
needed to be the best compressor. The important thing is to use the same compressor for 
every input data. Technically, the definition of Kolmogorov complexity is as follows. 
First, fix syntax for expressing all and only computations (computable functions). This 
can be in the form of an enumeration of all Turing machines, but also an enumeration of 
all syntactically correct programs in some universal programming language like Java, 
Lisp, or C. Then define the Kolmogorov complexity of a finite binary string as the 
length of the shortest Turing machine, Java program, etc. in the chosen syntax. This 
choice attaches a definite positive integer as the Kolmogorov complexity to each finite 
string. Though defined in terms of a particular machine model, the Kolmogorov 
complexity is machine-independent up to an additive constant and the same model found 
in machine should be applied to others. Kolmogorov Complexity of an object is not 
computable, instead is calculated when a group of objects are considered. 

 So K(x) gives the length of the ultimate compressed version, say x*, of x. This can be 
considered as the amount of information, number of bits, contained in the string. 
Similarly, K (xjy) is the minimal number of bits (which may be thought of as 
constituting a computer program) required to reconstruct x from y.  
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5.2 Normalized Compression Distance 

The approach is based on a very general similarity distance, classifying the objects in 
clusters of objects that are close together according to this distance. A metric is a 
distance function D (.; .) that assigns a non-negative distance D(a;b) to any two objects a 
and b, in such a way that 

1. D(a;b) = 0 only where a = b 

2. D(a;b) = D(b;a) (symmetry) 

3. D(a;b) · D(a; c)+D(c;b) (triangle inequality) 

Euclidean metric is a an example of similar metric, that we use for everyday distance 
e(a;b) between two objects a;b expressed in terms of meters. Clearly, this distance 
satisfies the properties e(a;a) = 0, e(a;b) = e(b;a), and e(a;b) · e(a; c)+e(c;b) 

NCD is especially used when similarity metrics is the main interest. For example, if the 
objects are classical music pieces then the function D (a;b) = 0 if a and b are by the same 
composer and D(a;b) = 1 otherwise, is a similarity metric.  

According to a new proposal; the normalized information distance is a metric, and it is 
universal in the sense that this single metric uncovers all similarities simultaneously that 
the metrics in the class uncover separately. This should be understood in the sense that if 
two pieces of music are similar (that is, close) according to the particular feature 
described by a particular metric, then they are also similar (that is, close) in the sense of 
the normalized information distance metric. Oblivious to the problem area concerned, 
The method, using the distances according to the similarity metric, automatically 
classifies the objects concerned like music pieces, text corpora, or genomic 
data.(Vitanyi) 

Each pair of such strings x and y is assigned a distance 
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There is a interpretation to d(x; y): If, say, K(y) ≥ K(x) then we can rewrite 

 

where I(x : y) is the information in y about x satisfying the symmetry property I(x : y) = 
I(y : x) up to a logarithmic additive error(Li, 2003). That is, the distance d(x; y) between 
x and y is the number of bits of information that is not shared between the two strings 
per bit of information that could be maximally shared between the two strings. It is clear 
that d(x; y) is symmetric and a metric. Moreover, it is universal in the sense that every 
metric expressing some similarity that can be computed from the objects concerned is 
comprised (in the sense of minorized) by d(x; y). It is these distances that will be used, 
albeit in the form of a rough approximation: for K(x), standard compression software 
like `gzip', `bzip2', or `compress' may be used. To compute the conditional version, 
K(xjy):  

 

so to compute the conditional complexity K(x|y) just take the difference of the 
unconditional complexities K(xy) and K(y). This allows to approximate d(x, y) for every 
pair x, y. Actual practice falls short of the ideal theory in at least three respects:  

(i) The claimed universality of the similarity distance d(x, y) holds only for 
indefinitely long sequences x, y. Once strings x, y of definite length are 
considered , the similarity distance is only universal with respect to “simple” 
computable normalized information distances, where “simple” means that they 
are computable by programs of length, say, logarithmic or polylogarithmic in n. 
This reflects the fact that, technically speaking, the universality is achieved by 
summing the weighted contribution of all similarity distances in the class 
considered with respect to the objects considered. Only similarity distances of 
which the complexity is small (which means that the weight is large) with respect 
to the size of the data concerned kick in.  

(ii) The Kolmogorov complexity is not computable, and it is in principle impossible 
to compute how far off our approximation is from the target value in any useful 
sense.  
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(iii) To approximate the information distance in a practical sense we use the standard 
compression program bzip2. While better compression of string will always 
approximate the Kolmogorov complexity better, this is, regrettably, not true for 
the (normalized) information distance. Namely, using (2) we consider the 
difference of two compressed quantities. Different compressors may compress 
the two quantities differently, causing an increase in the difference even when 
both quantities are compressed better (but not both as well). In the normalized 
information distance we also have to deal with ratio that causes the same 
problem. Thus, better compression program may not necessarily mean that we 
also approximate the (normalized) information distance better. This was borne 
out by the results of our experiments using different compressors. Despite these 
caveats it turns out that the practice inspired by the rigorous ideal theory 
performs quite well. This is an example that an ad hoc approximation guided by 
good theory is preferable above ad hoc approaches without underlying 
theoretical foundation.  

5.3 Quartet Method 

The approach mentioned in section 5.2 allows us to compute the distance between any 
pair of objects (any two pieces of music). We also used Vitanyi and his colleagues’ 
suggestions to cluster the objects, so that objects that are similar according to our metric 
are placed close together. This is done by computing composer and genre tree based on 
these distances. Such tree will group objects in sub trees: the clusters. To find the tree 
there are many methods. One of the most popular is the quartet method. The idea is as 
follows: consider every group of four elements from set of elements (in this case, 
musical pieces); there are such groups. From each group u, v, w, construct tree of arity 3, 
which implies that the tree consists of two sub trees of two leaves each. Let’s call such 
tree quartet. There are three possibilities denoted (i) uv|wx, (ii) uw|vx, and (iii) ux|vw, 
where vertical bar divides the two pairs of leaf nodes into two disjoint sub trees.  

The cost of quartet is defined as the sum of the distances between each pair of 
neighbors; that is, Cuv|wx= d (u, v) + d (w, x). For any given tree and any group of four 
leaf labels u, v, w, x, it is to say consistent with uv|wx if and only if the path from to does 
not cross the path from to x. Note that exactly one of the three possible quartets for any 
set of labels must be consistent for any given tree. Think of large tree having many 
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smaller quartet trees embedded within its structure. The total cost of large tree is defined 
to be the sum of the costs of all consistent quartets. First, generate list of all possible 
quartets for all groups of labels under consideration. For each group of three possible 
quartets for given set of four labels, calculate best (minimal) cost, and worst (maximal) 
cost. Summing all best quartets yields the best (minimal) cost. Conversely, summing all 
worst quartets yields the worst (maximal) cost. The minimal and maximal values need 
not be attained by actual trees; however the score of any tree will lie between these two 
values. In order to be able to compare tree scores in more uniform way, rescale the score 
linearly such that the worst score maps to 0, and the best score maps to 1, and term this 
the normalized tree benefit score S(). The goal of the quartet method is to find full tree 
with maximum value of S(), which is to say, the lowest total cost.  

Note that if tree is ever found such that S(T)=1, then it is time to stop because the idea, 
that this tree is optimal, is certain, as no tree could have lower cost. For real-world data, 
S(T) reaches maximum somewhat less than 1, presumably reflecting inconsistency in the 
distance matrix data fed as input to the algorithm, or indicating search space too large to 
solve exactly. On many typical problems of up to 40 objects this tree-search gives tree 
with S(T) ≥ 0.9 within half an hour. For large numbers of objects, tree scoring itself can 
be slow (as this takes order n

4 
computation steps), and the space of trees is also large, so 

the algorithm may slow down substantially. For larger experiments, it is possible to use 
C++/Ruby implementation with MPI (Message Passing Interface, common standard 
used on massively parallel computers) on cluster of workstations in parallel to find trees 
more rapidly.       

5.4 k-Nearest Neighbor Classifier 

The nearest neighbor is one of the simplest and oldest pattern classifiers (Cover and 
Hart, 1967). Its operation can be described in a few sentences. You are given a 
collection of data (quite often referred to as training data) of known classification that 
you store. Then, based on the knowledge stored (training data) the nearest neighbor is 
expected to provide predictions for the unknown classification of new data (called test 
data). For instance, if a datum from the test set is presented to the nearest neighbor 
classifier it’s nearest (in terms of some distance measure) from the stored training data is 
first found. Then its classification is declared to be the classification of its nearest 
neighbor in the training data. This pattern classifier is referred to as 1-NN (one-nearest-
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neighbor) pattern classifier. There is an extension to the 1-NN pattern classifier that is 
called k-NN pattern classifier. In the case of the k-NN pattern classifier, first find the k 
( 1>k ) nearest neighbors of the test datum from the data in the training set. Then declare 
that the class of the test datum is the same as the class that most of this k nearest 
neighbors within the training data is mapped to. As k increases, the k-NN classifier 
becomes more regularized. Kolmogorov Distance  between two strings x and y is a 
distance measure , we use this as the distance in the k-Nearest Neihbour classifier. 

k.Nearest Neighbour classifier is a very simple classifie, it has zero training time, 
because we do not need to train a model. However;  to find out the class of a new data 
point we need to compute the distance between the new data point and all the stored 
points.  

We plan to use alternative classifiers with more training time and less evaluation/testing 
time in the future. We should note that since we do not have the closed functional form 
of the distance measure, we could not use a method that requires derivatives, for 
example an artificial neural network and back propagation algorithm. 
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6. CLUSTERING EXPERIMENTS 

Quartet method (Vitanyi, 2004) is a good example of unsupervised learning. We used 
Quartet method to measure the performance of our mathematical modeling of the pieces 
to identify genre and composer. Since the method knows nothing special about the data, 
to which is given, it takes too much time to get the result. As an example to show, we 
could not produce the cluster graph for a size of 60 data set even after 10 hours of 
processing time on a P4 1.8 GHz laptop running only system tasks and the clustering 
program. Quartet method has an algorithmic complexity of n4 which is enough to explain 
why we did not try it for a set having more than 20 elements. To figure out this 
algorithmic complexity of clustering we implemented 16 kinds of experiments. These 
experiments revealed that the processing time increases exponentially as the set size 
increases.(see Figure 6.1)  
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Figure 6.1 : Clustering Set Size-Processing Time Relation 
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6.1 Genre Clustering Experiments 

To find out how our methods performs on different data sets having different pieces 
from different composers we did three experiments by using clustering.  

The first one not only measures the preprocessing accuracy but also processing time 
versus clustering set size. 

The second one included two composers from different genres from Bach and from 
Aerosmith. 

In the third experiment we added also pieces from Sash which is a good example of 
dance music to the first experiment’s. 

In the forth experiment we selected 3 pieces from Cengiz Kurtoğlu who sings arabesque  
music, 3 pieces from Fatih Kısaparmak who sings Turkish Folk Music and 2 pieces from 
Muazzez Abacı who sings Turkish Art Music. In the first 5 of the tests the technique 
using mode B and differences of every note with respect to mode B is used and for the 
last five taking the difference between consecutive monophonic notes technique is used 
in this experiment.. In each technique we used different sampling time intervals which 
are 1 millisecond, 5 milliseconds, 10 milliseconds, 15 milliseconds, 25 milliseconds. 

6.1.1 Experiment 1 

In this experiment clustering sets with different sizes 6, 9, 12, 15, 18, 21, 24 pieces from 
different genres are experimented. Each set is composed equal number of Jazz, Heavy 
Metal and Classical pieces. For each set, the clustering experiment is done by using two 
different preprocessing techniques. One of them is using mode with polyphonic to 
monophonic conversion and the other one is using the difference between consecutive 
notes.  The sampling interval is fixed to 5 ms. For each experiment S(T) score is 
recorded and given below the cluster graphs and in figure 6.2. 

The figure 6.2 shows that S(T) decreases as the number of elements in the clustering set 
increases. 
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S(T) - Clustering Set Size Relation
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Figure 6.2 : S(T)-Clustering Set Size Relation  

 

 

Figure 6.3 : Clustering Results for Jazz, Heavy Metal, Classic using mode B(2x3 pieces) 

(S(T)= 0,980678) 
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Figure 6.4 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (2x3 pieces) 

(S(T)= 1) 

 

 

Figure 6.5 : Clustering Results for Jazz, Heavy Metal, Classic using mode B(3x3 pieces) 

(S(T)= 0,964541) 
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Figure 6.6 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (3x3 pieces) 

(S(T)= 0,987902) 

 

Figure 6.7 : Clustering Results for Jazz, Heavy Metal, Classic using mode B. (4x3 pieces) 

(S(T)= 0,938726) 
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Figure 6.8 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (4x3 pieces) 

(S(T)= 0,953611) 
 

 

Figure 6.9 : Clustering Results for Jazz, Heavy Metal, Classic using mode B. (5x3 pieces) 

(S(T)= 0,950352) 
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Figure 6.10 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (5x3 pieces) 

(S(T)= 0,974958) 
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Figure 6.11 : Clustering Results for Jazz, Heavy Metal, Classic using mode B. (6x3 pieces) 

(S(T)= 0,926665) 
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Figure 6.12 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (6x3 pieces) 

(S(T)= 0,960389) 

 

Figure 6.13 : Clustering Results for Jazz, Heavy Metal, Classic using mode B. (7x3 pieces) 

(S(T)= 0,913156) 
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Figure 6.14 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (7x3 pieces) 

(S(T)= 0,968064) 

 

Figure 6.15 : Clustering Results for Jazz, Heavy Metal, Classic using mode B. (8x3 pieces) 

(S(T)= 0,909157) 
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Figure 6.16 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (8x3 pieces) 

(S(T)= 0,938092) 
 

 

Figure 6.17 : Clustering Results for Jazz, Heavy Metal, Classic using mode B. (9x3 pieces) 

(S(T)= 0,900758) 
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Figure 6.18 : Clustering Results for Jazz, Heavy Metal, Classic using Diff. (9x3 pieces) 

(S(T)= 0,918999) 

 

6.1.2 Experiment 2 

 

This experiment is done by using mode B and differences of every note with respect to 
mode B (see Section 4.2.2) technique with a sampling interval of 1 millisecond. In this 
experiment Rock pieces from Aerosmith and Classic pieces from Bach are used. The 
clustering performance is very good. 
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 Figure 6.19 : Clustering Results for Rock and Classic pieces 

6.1.3 Experiment 3 

This experiment is done by using mode B and differences of every note with respect to 
mode B (see Section 4.2.2) technique with a sampling interval of 1 millisecond. In this 
experiment Rock pieces from Aerosmith and Classic pieces from Bach and dance music 
from Sash are used. The clustering performance is very good. 
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Figure 6.20 : Clustering Results for Rock and Classic and Dance pieces 

 

6.1.4 Experiment 4 

In this experiment 3 pieces from Cengiz Kurtoğlu who sings arabesque music, 3 pieces 
from Fatih Kısaparmak who sings Turkish Folk Music and 2 pieces from Muazzez 
Abacı who sings Turkish Art Music are considered. In the first 5 of the tests the 
technique using mode B and differences of every note with respect to mode B is used 
and for the last five taking the difference between consecutive monophonic notes 
technique is used. 
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 In each technique we used different sampling time intervals which are 1 millisecond, 5 
milliseconds, 10 milliseconds, 15 milliseconds, 25 milliseconds. For brevity, we only 
report the results for 1ms and 25 ms sampling intervals. 

6.1.4.1 Test 1 

In the test we did pre-processing at 1 ms. and used the technique using mode B and 
differences of every note with respect to mode B . 

 

Figure 6.21 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(1 ms.) 

 

6.1.4.2 Test 2 

In the test we did pre-processing at 25 ms. and used the technique using mode B and 
differences of every note with respect to mode B . 
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Figure 6.22 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(25 ms.) 

6.1.4.3 Test 3 

In the test we did pre-processing at 1 ms. and used the technique taking the difference 
between consecutive monophonic notes. 

 

Figure 6.23 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(1 ms.) 
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6.1.4.4 Test 4 

In the test we did pre-processing at 25 ms. and used the technique taking the difference 
between consecutive monophonic notes. The clustering performance is not very good for 
this data set. 

 

Figure 6.24 : Clustering Results for Turkish Art, Folk and Arabesque  pieces(25 ms.) 

6.1.4.5 Results 

When clustering the Turkish classical, country and arabesque pieces overall we did not 
achieve very good performance. We did not see a difference between different 
preprocessing methods. 

6.2 Composer Clustering Experiments 

In this section there is one experiment. The difference between consecutive monophonic 
notes technique is used.    
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6.2.1 Experiment 1 

This experiment is done by using mode B and differences of every note with respect to 
mode B (see Section 4.2.2) technique with a sampling interval of 1 millisecond. In this 
experiment 4 pieces from Bach, 4 pieces from Chopin and 4 pieces from Debussy are 
considered. The composers are clustered correctly, except one confusion on one of the 
Chopin pieces. 

 

 

Figure 6.25 : Clustering Results for different Classic composers. 
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7. CLASSIFICATION EXPERIMENTS 

k-Nearest Neighbor is a good example of supervised learning. In our implementation of 
k-NN algorithm we used Kolmogorov Distance Measure instead of traditional Euclidean 
Distance Measure. We used two versions of k-NN, with k=1 and k=3. For each genre 
and composer classification experiment, we report in the following sections, we have a 
maximum 20 elements for each genre and composer. For a given training set size, we 
first randomly choose equal number of elements from each genre and composer. K-NN 
uses these to form the training set. Then we choose one element from each genre or 
composer to form the test set. We repeat this process 200 times to report the test errors. 

7.1 Genre Classification Experiments 

In this section there are four experiments. For the first three of them taking the 
difference between consecutive monophonic notes technique is used and for the forth 
one using mode B and differences of every note with respect to mode B (see Section 
4.2.2) technique is used. This is to determine the relationship between effects of 
different mathematical models.    

For each experiment we arranged 10 different types of test cases having different 
sampling time intervals which are 1 millisecond, 5 milliseconds, 8 milliseconds, 10 
milliseconds, 12 milliseconds, 15 milliseconds, 20 milliseconds, 25 milliseconds, 50 
milliseconds and 100 milliseconds to determine the relationship between sampling time 
interval and accuracy.    

Since it takes too much space to give all the results for each experiment only for the first 
experiment all results are given. For the remaining experiments only the best ones are 
listed and at the end of each experiment to give an idea a graph is given.  
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7.1.1 Experiment 1 

In this experiment we have included 20 classical music pieces, 20 jazz pieces and 20 
heavy metal pieces as a total of 60 pieces. Classical pieces are composed of 7 Bach 
pieces, 7 Debussy pieces and 6 Chopin pieces. Jazz pieces  and Heavy Metal pieces are 
from mixed composers.  

In this experiment also we explore the relation between sampling time interval and 
accuracy. In this contest we arranged 10 different types of experiments having different 
sampling time intervals which are 1 millisecond, 5 milliseconds, 8 milliseconds, 10 
milliseconds, 12 milliseconds, 15 milliseconds, 20 milliseconds, 25 milliseconds, 50 
milliseconds and 100 milliseconds.   

7.1.1.1 Test 1 

Table 7.1: Results of 1-NN for Test 1(S.I.:1 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0,605 0,0189 
24 1 0,6583 0,0154 
36 1 0,7083 0,017 
48 1 0,7667 0,0162 
57 1 0,8317 0,0149 

In the test using 1 nearest neighbor classifier and pre-processing at 1 ms. and taking the 
difference between consecutive monophonic notes, we achieved 83% of accuracy in 
differentiating different genres with a training data set of 57.  

    Table 7.2: Confusion Matrix (k=1) for Test 1 (S.I.:1 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,225 0,77 0,005 Ac
tu

al
 

Heavy Metal 0,16 0,115 0,725 
 

While Classics are not confused with the Jazz and Heavy Metal, Jazz and Heavy Metal 
seems to be confused with classics. Heavy metal is also confused with Jazz. 
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Table 7.3: Results of 3-NN for Test 1 (S.I.:1 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0,4983 0,0185 
24 3 0,5517 0,0187 
36 3 0,6083 0,0178 
48 3 0,6617 0,0163 
57 3 0,6783 0,0179 

Using 3 nearest neighbor classifier and pre-processing at 1 ms and taking the difference 
between consecutive monophonic notes we achieved 67% of accuracy in differentiating 
different genres with a training data set of 57.  

Table 7.4: Confusion Matrix (k=3) for Test 1(S.I.:1 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,53 0,47 0 Ac
tu

al
 

Heavy Metal 0,405 0,03 0,565 

7.1.1.2 Test 2 

Table 7.5: Results of 1-NN for Test 2(S.I.:5 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0,6483 0,0186 
24 1 0,7367 0,017 
36 1 0,7517 0,0174 
48 1 0,7983 0,0164 
57 1 0,7783 0,0171 

In the test using 1 nearest neighbor classifier and pre-processing at 5 ms. and taking the 
difference between consecutive monophonic notes, we achieved 77% of accuracy in 
differentiating different genres with a training data set of 57.  

             Table 7.6: Confusion Matrix (k=1) for Test 2(S.I.:5 ms.) 

 Classic Jazz Heavy Metal 
Classic 0,935 0,065 0 

Jazz 0,265 0,73 0,005 Ac
tu

al
 

Heavy Metal 0,155 0,175 0,67 
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Table 7.7: Results of 3-NN for Test 2(S.I.:5 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.5850 0.0174 
24 3 0.7000 0.0177 
36 3 0.7583 0.0167 
48 3 0.8100 0.0150 
57 3 0.8083 0.0141 

In the test, using 3 nearest neighbor classifier and pre-processing at 5 ms and taking the 
difference between consecutive monophonic notes we achieved 80% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.8: Confusion Matrix (k=3) for Test 2(S.I.:5 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,22 0,78 0 Ac
tu

al
 

Heavy Metal 0,35 0,005 0,645 
 

7.1.1.3 Test 3 

Table 7.9: Results of 1-NN for Test 3(S.I.:8 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6850 0.0183 
24 1 0.7483 0.0156 
36 1 0.7517 0.0160 
48 1 0.7733 0.0167 
57 1 0.7750 0.0160 

In the test using 1 nearest neighbor classifier and pre-processing at 8 ms. and taking the 
difference between consecutive monophonic notes, we achieved 77% of accuracy in 
differentiating different genres with a training data set of 57.  

  Table 7.10: Confusion Matrix (k=1) for Test 3(S.I.:8 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,255 0,745 0 A
ct

ua
l 

Heavy Metal 0,345 0,075 0,58 
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Table 7.11: Results of 3-NN for Test 3(S.I.:8 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.6033 0.0177 
24 3 0.7183 0.0171 
36 3 0.7483 0.0161 
48 3 0.7800 0.0156 
57 3 0.7933 0.0147 

In the test, using 3 nearest neighbor classifier and pre-processing at 8 ms and taking the 
difference between consecutive monophonic notes we achieved 79% of accuracy in 
differentiating different genres with a training data set of 57.  

 

Table 7.12: Confusion Matrix (k=3) for Test 3(S.I.:8 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,165 0,835 0 Ac
tu

al
 

Heavy Metal 0,395 0,06 0,545 

7.1.1.4 Test 4 

Table 7.13: Results of 1-NN for Test 4(S.I.:10 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6617 0.0191 
24 1 0.7350 0.0169 
36 1 0.7633 0.0163 
48 1 0.7850 0.0165 
57 1 0.8050 0.0152 

In the test using 1 nearest neighbor classifier and pre-processing at 10 ms. and taking the 
difference between consecutive monophonic notes, we achieved 80% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.14: Confusion Matrix (k=1) for Test 4(S.I.:10 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,185 0,775 0,04 Ac
tu

al
 

Heavy Metal 0,285 0,075 0,64 
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Table 7.15: Results of 3-NN for Test 4(S.I.:10 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.6117 0.0170 
24 3 0.6967 0.0177 
36 3 0.7517 0.0162 
48 3 0.8067 0.0154 
57 3 0.8133 0.0147 

In the test, using 3 nearest neighbor classifier and pre-processing at 10 ms and taking the 
difference between consecutive monophonic notes we achieved 81% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.16: Confusion Matrix (k=3) for Test 4(S.I.:10 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,2 0,8 0 Ac
tu

al
 

Heavy Metal 0,295 0,065 0,64 

7.1.1.5 Test 5 

Table 7.17: Results of 1-NN for Test 5(S.I.:12 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6833 0.0189 
24 1 0.7700 0.0166 
36 1 0.7650 0.0170 
48 1 0.7733 0.0167 
57 1 0.7850 0.0155 

In the test using 1 nearest neighbor classifier and pre-processing at 12 ms. and taking the 
difference between consecutive monophonic notes, we achieved 78% of accuracy in 
differentiating different genres with a training data set of 57.  

        Table 7.18: Confusion Matrix (k=1) for Test 5(S.I.:12 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,235 0,725 0,04 Ac
tu

al
 

Heavy Metal 0,25 0,12 0,63 
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Table 7.19: Results of 3-NN for Test 5(S.I.:12 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.6233 0.0169 
24 3 0.7250 0.0179 
36 3 0.7967 0.0156 
48 3 0.8533 0.0139 
57 3 0.8783 0.0121 

In the test, using 3 nearest neighbor classifier and pre-processing at 12 ms and taking the 
difference between consecutive monophonic notes we achieved 87% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.20: Confusion Matrix (k=3) for Test 5(S.I.:12 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,1 0,89 0,01 Ac
tu

al
 

Heavy Metal 0,165 0,09 0,745 

7.1.1.6 Test 6 

Table 7.21: Results of 1-NN for Test 6(S.I.:15 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6633 0.0192 
24 1 0.7767 0.0171 
36 1 0.7517 0.0165 
48 1 0.7967 0.0163 
57 1 0.7850 0.0157 

In the test using 1 nearest neighbor classifier and pre-processing at 15 ms. and taking the 
difference between consecutive monophonic notes, we achieved 78% of accuracy in 
differentiating different genres with a training data set of 57.  

 Table 7.22: Confusion Matrix (k=1) for Test 6(S.I.:15 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,36 0,64 0,04 Ac
tu

al
 

Heavy Metal 0,165 0,12 0,715 
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Table 7.23: Results of 3-NN for Test 6(S.I.:15 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.6183 0.0177 
24 3 0.6917 0.0167 
36 3 0.7567 0.0168 
48 3 0.7950 0.0153 
57 3 0.8017 0.0153 

In the test, using 3 nearest neighbor classifier and pre-processing at 15 ms and taking the 
difference between consecutive monophonic notes we achieved 80% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.24: Confusion Matrix (k=3) for Test 6(S.I.:15 ms.) 
 Classic Jazz Heavy Metal 
Classic 0,96 0,04 0 
Jazz 0,25 0,75 0 

A
ct

ua
l 

Heavy Metal 0,24 0,065 0,695 

7.1.1.7 Test 7 

Table 7.25: Results of 1-NN for Test 7(S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6817 0.0177 
24 1 0.7517 0.0172 
36 1 0.7517 0.0164 
48 1 0.7850 0.0164 
57 1 0.7967 0.0158 

 

In the test using 1 nearest neighbor classifier and pre-processing at 20 ms. and taking the 
difference between consecutive monophonic notes, we achieved 79% of accuracy in 
differentiating different genres with a training data set of 57.  

   Table 7.26: Confusion Matrix (k=1) for Test 7(S.I.:20 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,25 0,675 0,075 Ac
tu

al
 

Heavy Metal 0,17 0,115 0,715 
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Table 7.27: Results of 3-NN for Test 7(S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.6033 0.0185 
24 3 0.7017 0.0169 
36 3 0.7383 0.0169 
48 3 0.7600 0.0155 
57 3 0.7483 0.0168 

In the test, using 3 nearest neighbor classifier and pre-processing at 20 ms and taking the 
difference between consecutive monophonic notes we achieved 74% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.28: Confusion Matrix (k=3) for Test 7(S.I.:20 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,385 0,605 0,01 Ac
tu

al
 

Heavy Metal 0,3 0,06 0,64 

7.1.1.8 Test 8 

Table 7.29: Results of 1-NN for Test 8(S.I.:25 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6583 0.0191 
24 1 0.7667 0.0159 
36 1 0.7533 0.0167 
48 1 0.7933 0.0158 
57 1 0.7967 0.0153 

In the test using 1 nearest neighbor classifier and pre-processing at 25 ms. and taking the 
difference between consecutive monophonic notes, we achieved 79% of accuracy in 
differentiating different genres with a training data set of 57.  

             Table 7.30: Confusion Matrix (k=1) for Test 8(S.I.:25 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,31 0,625 0,065 Ac
tu

al
 

Heavy Metal 0,16 0,075 0,765 
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Table 7.31: Results of 3-NN for Test 8(S.I.:25 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.5850 0.0179 
24 3 0.6967 0.0171 
36 3 0.7367 0.0165 
48 3 0.7650 0.0153 
57 3 0.7600 0.0164 

In the test, using 3 nearest neighbor classifier and pre-processing at 25 ms and taking the 
difference between consecutive monophonic notes we achieved 76% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.32: Confusion Matrix (k=3) for Test 8(S.I.:25 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,275 0,67 0,055 Ac
tu

al
 

Heavy Metal 0,33 0,06 0,61 

7.1.1.9 Test 9 

Table 7.33: Results of 1-NN for Test 9(S.I.:50 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6733 0.0187 
24 1 0.7683 0.0167 
36 1 0.7600 0.0180 
48 1 0.7717 0.0171 
57 1 0.7883 0.0157 

 

In the test using 1 nearest neighbor classifier and pre-processing at 50 ms. and taking the 
difference between consecutive monophonic notes, we achieved 78% of accuracy in 
differentiating different genres with a training data set of 57.  

    Table 7.34: Confusion Matrix (k=1) for Test 9(S.I.:50 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,265 0,695 0,04 Ac
tu

al
 

Heavy Metal 0,26 0,07 0,67 
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Table 7.35: Results of 3-NN for Test 9(S.I.:50 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.6217 0.0199 
24 3 0.7417 0.0168 
36 3 0.8067 0.0156 
48 3 0.8200 0.0143 
57 3 0.8200 0.0143 

In the test, using 3 nearest neighbor classifier and pre-processing at 50 ms and taking the 
difference between consecutive monophonic notes we achieved 82% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.36: Confusion Matrix (k=3) for Test 9(S.I.:50 ms.) 
 Classic Jazz Heavy Metal 
Classic 1 0 0 
Jazz 0,37 0,63 0 

A
ct

ua
l 

Heavy Metal 0,11 0,06 0,83 

7.1.1.10 Test 10 

Table 7.37: Results of 1-NN for Test 10(S.I.:100 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6300 0.0181 
24 1 0.7067 0.0179 
36 1 0.7150 0.0188 
48 1 0.7350 0.0179 
57 1 0.7400 0.0172 

In the test using 1 nearest neighbor classifier and pre-processing at 100 ms. and taking 
the difference between consecutive monophonic notes, we achieved 74% of accuracy in 
differentiating different genres with a training data set of 57.  

             Table 7.38: Confusion Matrix (k=1) for Test 10(S.I.:100 ms.) 

 Classic Jazz Heavy Metal 
Classic 0,88 0,045 0,075 

Jazz 0,285 0,675 0,04 Ac
tu

al
 

Heavy Metal 0,265 0,07 0,665 
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Table 7.39: Results of 3-NN for Test 10(S.I.:100 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.6017 0.0187 
24 3 0.6533 0.0183 
36 3 0.7133 0.0178 
48 3 0.7400 0.0169 
57 3 0.7417 0.0174 

In the test, using 3 nearest neighbor classifier and pre-processing at 100 ms and taking 
the difference between consecutive monophonic notes we achieved 74% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.40: Confusion Matrix (k=3) for Test 10(S.I.:100 ms.) 

 Classic Jazz Heavy Metal 
Classic 0,955 0,045 0 

Jazz 0,37 0,63 0 Ac
tu

al
 

Heavy Metal 0,36 0 0,64 

7.1.1.11 Results 

Sampling Interval-Accuracy Relation
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   Figure 7.1 : Sampling Time Interval-Accuracy Relation 

In the experiments we performed in this section we examined the classification 
performance of how k=1 and k=3 nearest neighbor classifiers for different sampling 
intervals and training set sizes. We conclude that as the training set size increases the 
test accuracy increases (see figure 7.2). As shown in  figure 7.1. for different sampling 
intervals, different overall accuracy (average of classic, jazz and heavy metal) rates are 
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          Figure 7.2 : Training Set Size-Accuracy Relation 

obtained. The overall accuracy rate does not show a definite optimal k (of k-nn) or 
sampling interval length. However, when we examine the accuracy for each genre as the 
sampling interval changes (see figure 7.3), we that the classical pieces are classified 
accurately for most sampling intervals, while the heavy metal and jazz pieces are 
classified best around 15ms sampling interval. When the sampling interval increases too 
much, for example 100ms, the accuracy rate drops for all genres. 

 

Figure 7.3 : Sampling Interval-Accuracy for Different Genres  
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7.1.2 Experiment 2 

In this experiment we have included 20 classical music pieces, 20 jazz pieces, 20 heavy 
metal, 20 country pieces and 20 Turkish pieces as a total of 100 pieces. Classical pieces 
are composed of 7 Bach pieces, 7 Debussy pieces and 6 Chopin pieces. Jazz pieces from 
particular sources are mixed, like as heavy metal pieces. Turkish pieces and Country 
pieces are also formed various composers’ pieces.  

In this experiment also we also explore the relation between sampling time interval and 
accuracy. Instead of explaining all of the experiments one by one, the best ones will be 
listed and to give an idea the graph will be given. 

7.1.2.1 Test 1 

We have selected the best result for k=3 which we get when the sampling time is 
interval is equal to 12 milliseconds. 

Table 7.41: Results of 1-NN for Test 1(S.I.:12 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
20 1 0.4940 0.0125 
40 1 0.5520 0.0132 
60 1 0.5840 0.0136 
80 1 0.6000 0.0137 
95 1 0.6070 0.0129 

In the test using 1 nearest neighbor classifier and pre-processing at 12 ms. and taking the 
difference between consecutive monophonic notes, we achieved 60% of accuracy in 
differentiating different genres with a training data set of 95.  

             Table 7.42: Confusion Matrix (k=1) for Test 1 (S.I.:12 ms.) 

 Classic Country Jazz Heavy Metal Turkish
Classic 1 0 0 0 0 
Country 0,15 0,465 0,335 0,025 0,025 

Jazz 0,175 0,085 0,685 0,055 0 
Heavy Metal 0,2 0,045 0,095 0,66 0 

A
ct

ua
l 

Turkish 0,425 0,205 0,145 0 0,225 
 

As in the previous experiment classics differ from other genres. Country seems to have 
similarities more with Jazz and less with Country. Jazz seems to be confused with 
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Classics and Country. We get the worst results in Turkish pieces. We think that it is 
because of the large scale of pieces from different kinds of Turkish music. 

 

Table 7.43: Results of 3-NN for Test 1 (S.I.:12 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
20 3 0.4210 0.0123 
40 3 0.4920 0.0125 
60 3 0.5760 0.0118 
80 3 0.5780 0.0112 
95 3 0.6260 0.0114 

Using 3 nearest neighbor classifier and pre-processing at 12 ms and taking the difference 
between consecutive monophonic notes we achieved 62% of accuracy in differentiating 
different genres with a training data set of 95.  

Table 7.44: Confusion Matrix (k=3) for Test 1(S.I.:12 ms.) 

 Classic Country Jazz Heavy Metal Turkish
Classic 1 0 0 0 0 
Country 0,23 0,495 0,23 0,045 0 

Jazz 0,175 0,045 0,78 0 0 
Heavy Metal 0,115 0 0,08 0,805 0 

A
ct

ua
l 

Turkish 0,675 0,05 0,225 0 0,05 

7.1.2.2 Test 2 

We have selected the best result for k=1 which we get when the sampling time is 
interval is equal to 20 milliseconds. 

Table 7.45: Results of 1-NN for Test 2(S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
20 1 0.4950 0.0128 
40 1 0.5670 0.0131 
60 1 0.5900 0.0133 
80 1 0.6600 0.0130 
95 1 0.6830 0.0111 

In the test using 1 nearest neighbor classifier and pre-processing at 12 ms. and taking the 
difference between consecutive monophonic notes, we achieved 68% of accuracy in 
differentiating different genres with a training data set of 95.  
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Table 7.46: Confusion Matrix (k=1) for Test 2 (S.I.:20 ms.) 

 Classic Country Jazz Heavy Metal Turkish
Classic 1 0 0 0 0 
Country 0,145 0,705 0,075 0,05 0,025 

Jazz 0,195 0,005 0,77 0,03 0 
Heavy Metal 0,105 0,05 0,09 0,755 0 

A
ct

ua
l 

Turkish 0,525 0,17 0,12 0 0,185 
 

Table 7.47: Results of 3-NN for Test 2 (S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
20 3 0.4280 0.0128 
40 3 0.5320 0.0125 
60 3 0.5630 0.0124 
80 3 0.5780 0.0116 
95 3 0.5870 0.0128 

Using 3 nearest neighbor classifier and pre-processing at 20 ms and taking the difference 
between consecutive monophonic notes we achieved 58% of accuracy in differentiating 
different genres with a training data set of 95.  

Table 7.48: Confusion Matrix (k=3) for Test 2(S.I.:20 ms.) 

 Classic Country Jazz Heavy Metal Turkish
Classic 1 0 0 0 0 
Country 0,29 0,61 0,045 0,015 0,04 

Jazz 0,385 0,045 0,57 0 0 
Heavy Metal 0,28 0 0,015 0,705 0 

Ac
tu

al
 

Turkish 0,545 0,255 0,15 0 0,05 

7.1.2.3 Results 

Table 7.49: Accuracy Results for 5 different genres 
Sampling 
Interval 

Accuracy
(K=1) 

Accuracy
(K=3) 

1 0,542 0,429 
5 0,631 0,549 
8 0,603 0,565 

10 0,661 0,589 
12 0,607 0,626 
15 0,647 0,59 
20 0,683 0,587 
25 0,643 0,575 
50 0,623 0,573 
100 0,642 0,574 
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The accuracy results for a classification of 5 pieces with a training set of 95 pieces are 
seen in the table above.(see Table 7.49) .The average accuracy is about 63%. 

 

 

 

 

 

Figure 7.4 : Accuracy Results for 5 different genres(100 pieces) 

Turkish music is classified incorrectly, most of the time as classical music and 
sometimes as country or jazz. We think that this could be either due to the large variety 
of Turkish music pieces we selected or the fact that Turkish music uses a different scale 
(of 22 notes) as opposed to 12 notes in the western music. If Turkish music was not 
accounted for, we would obtain a genre classification accuracy of over 72% among 
classic, country, jazz and heavy metal genres (using a training set size of 86, k=3 nearest 
neighbor, 20 ms sampling interval and method of difference between consecutive 
monophonic notes). 

7.1.3 Experiment 3 

In this experiment we have included 20 country pieces, 20 Turkish pieces and 20 Iranian 
pieces as a total of 60 pieces. Iranian, Turkish and Country pieces are formed of various 
composers’ pieces.  

In this experiment also we also explore the relation between sampling time interval and 
accuracy. Instead of explaining all of the experiments one by one, the best ones will be 
listed and to give an idea the graph will be given. 

7.1.3.1 Test 1 

We have selected the best result for k=1 which we get when the sampling time is 
interval is equal to 20 milliseconds. 
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Table 7.50: Results of 1-NN for Test 1(S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0,54 0,017 
24 1 0,5917 0,0176 
36 1 0,6233 0,0189 
48 1 0,6483 0,0169 
57 1 0,6817 0,0176 

In the test using 1 nearest neighbor classifier and pre-processing at 20 ms. and taking the 
difference between consecutive monophonic notes, we achieved 68% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.51: Confusion Matrix (k=1) for Test 1 (S.I.:20 ms.) 

 Country Iranian Turkish 
Country 0,795 0,08 0,125 
Iranian 0,23 0,77 0 Ac

tu
al

 

Turkish 0,39 0,13 0,48 
 

Iranian pieces totally differ from Turkish pieces, but seem to be confused with Country 
music. Turkish pieces seem to have more similarities with Country music than Iranian 
music.  

Table 7.52: Results of 3-NN for Test 1 (S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0,52 0,0161 
24 3 0,54 0,0163 
36 3 0,575 0,0169 
48 3 0,5933 0,0144 
57 3 0,5767 0,0167 

Using 3 nearest neighbor classifier and pre-processing at 20 ms and taking the difference 
between consecutive monophonic notes we achieved 57% of accuracy in differentiating 
different genres with a training data set of 57.  

Table 7.53: Confusion Matrix (k=3) for Test 1(S.I.:20 ms.) 

 Country Iranian Turkish 
Country 0,865 0,07 0,065 
Iranian 0,315 0,685 0 Ac

tu
al

 

Turkish 0,73 0,09 0,18 
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7.1.3.2 Test 2 

We have selected the best result for k=3 which we get when the sampling time is 
interval is equal to 100 milliseconds. 

Table 7.54: Results of 1-NN for Test 2(S.I.:100 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0,5233 0,0191 
24 1 0,59 0,0178 
36 1 0,6217 0,0156 
48 1 0,6433 0,0173 
57 1 0,6467 0,0179 

In the test using 1 nearest neighbor classifier and pre-processing at 100 ms. and taking 
the difference between consecutive monophonic notes, we achieved 64% of accuracy in 
differentiating different genres with a training data set of 57.  

             Table 7.55: Confusion Matrix (k=1) for Test 2 (S.I.:100 ms.) 

 Country Iranian Turkish 
Country 0,765 0,125 0,11 
Iranian 0,17 0,795 0,035 Ac

tu
al

 

Turkish 0,55 0,07 0,38 
 

Table 7.56: Results of 3-NN for Test 2 (S.I.:100 ms.) 
Number of Elements
in Training Data Set k 

Mean  
(Accuracy) 

Error Bar 
(Accuracy) 

12 3 0,5617 0,0145 
24 3 0,5733 0,0164 
36 3 0,5667 0,014 
48 3 0,5867 0,0144 
57 3 0,605 0,0144 

Using 3 nearest neighbor classifier and pre-processing at 100 ms and taking the 
difference between consecutive monophonic notes we achieved 60% of accuracy in 
differentiating different genres with a training data set of 57.  

Table 7.57: Confusion Matrix (k=3) for Test 2(S.I.:100 ms.) 

 Country Iranian Turkish 
Country 0,92 0,075 0,005 
Iranian 0,26 0,74 0 A

ct
ua

l 

Turkish 0,73 0,115 0,155 
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7.1.3.3 Results 

Table 7.58: Accuracy Results for 3 different genres 
Sampling 
Interval 

Accuracy
(K=1) 

Accuracy
(K=3) 

1 0,4817 0,5267 
5 0,55 0,4983 
8 0,5533 0,4867 

10 0,5433 0,4767 
12 0,55 0,5367 
15 0,5267 0,5 
20 0,6817 0,5767 
25 0,6283 0,515 
50 0,655 0,53 
100 0,6467 0,605 

The accuracy results for a classification of 3 pieces with a training set of 57 pieces are 
seen in the table above.(see Table 7.58) .The average accuracy is about 58%. 
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Figure 7.5 : Accuracy Results for 3 different genres(60 pieces) 

Again Turkish music has the worst genre classification accuracy. In this case we think 
the misclassification is most probably due to the variety of Turkish pieces we have 
selected. 

7.1.4 Experiment 4 

In this experiment we have included 20 classical music pieces, 20 jazz pieces and 20 
heavy metal pieces as a total of 60 pieces. Classical pieces are composed of 7 Bach 
pieces, 7 Debussy pieces and 6 Chopin pieces. Jazz pieces from particular sources are 
mixed, like as heavy metal pieces.  
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In this experiment also we explore the relation between sampling time interval and 
accuracy. In this contest we arranged 10 different types of experiments having different 
sampling time intervals which are 1 millisecond, 5 milliseconds, 8 milliseconds, 10 
milliseconds, 12 milliseconds, 15 milliseconds, 20 milliseconds, 25 milliseconds, 50 
milliseconds and 100 milliseconds.   

This experiment differs from the previous one in terms of use different mathematical 
model. Instead taking the difference between consecutive monophonic notes in modeling 
we used mode B and differences of every note with respect to mode B. (see Section 
4.2.2). 

Instead of explaining all of the experiments one by one, the best ones will be listed and 
to give an idea the graph will be given. 

7.1.4.1 Test 1 

We have selected the best result for k=1 which we get when the sampling time is 
interval is equal to 5 milliseconds. 

Table 7.59: Results of 1-NN for Test 1(S.I.:5 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.6067 0.0192 
24 1 0.6733 0.0174 
36 1 0.7383 0.0175 
48 1 0.775 0.0164 
57 1 0.8083 0.0156 

In the test using 1 nearest neighbor classifier and pre-processing at 5 ms. and using 
mode B and differences of every note with respect to mode B(see Section 4.2.2), we 
achieved 80% of accuracy in differentiating different genres with a training data set of 
57.  

Table 7.60: Confusion Matrix (k=1) for Test 1 (S.I.:5 ms.) 
 Classic Jazz Heavy Metal 

Classic 0,86 0,14 0 
Jazz 0,185 0,815 0 Ac

tu
al

 

Heavy Metal 0,17 0,08 0,75 
 

Bach and Chopin is differentiated from Debussy more than in differential model. 
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Table 7.61: Results of 3-NN for Test 1 (S.I.:5 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.5383 0.0165 
24 3 0.6033 0.0184 
36 3 0.6783 0.0174 
48 3 0.6867 0.0171 
57 3 0.705 0.0176 

Using 3 nearest neighbor classifier and pre-processing at 5 ms and using mode B and 
differences of every note with respect to mode B(see Section 4.2.2),  we achieved 70% 
of accuracy in differentiating different genres with a training data set of 57.  

Table 7.62: Confusion Matrix (k=3) for Test 1(S.I.:5 ms.) 

 Classic Jazz Heavy Metal 
Classic 0,955 0,045 0 

Jazz 0,465 0,535 0 Ac
tu

al
 

Heavy Metal 0,375 0 0,625 

7.1.4.2 Test 2 

We have selected the best result for k=3 which we get when the sampling time is 
interval is equal to 8 milliseconds. 

Table 7.63: Results of 1-NN for Test 2(S.I.:8 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.605 0.0195 
24 1 0.6733 0.0195 
36 1 0.7183 0.0171 
48 1 0.755 0.0176 
57 1 0.7733 0.0162 

In the test using 1 nearest neighbor classifier and pre-processing at 8 ms. and using 
mode B and differences of every note with respect to mode B (see Section 4.2.2), we 
achieved 77% of accuracy in differentiating different genres with a training data set of 
57.  

Table 7.64: Confusion Matrix (k=1) for Test 2 (S.I.8 ms.) 

 Classic Jazz Heavy Metal 
Classic 0,855 0,145 0 

Jazz 0,255 0,74 0,005 A
ct

ua
l 

Heavy Metal 0,155 0,12 0,725 
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Table 7.65: Results of 3-NN for Test 2 (S.I.:8 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.5567 0.016 
24 3 0.6267 0.0175 
36 3 0.6783 0.0169 
48 3 0.745 0.0155 
57 3 0.7883 0.0153 

Using 3 nearest neighbor classifier and pre-processing at 8 ms. and using mode B and 
differences of every note with respect to mode B (see Section 4.2.2), we achieved 78% 
of accuracy in differentiating different genres with a training data set of 57.  

Table 7.66: Confusion Matrix (k=3) for Test 2(S.I.:8 ms.) 

 Classic Jazz Heavy Metal 
Classic 1 0 0 

Jazz 0,4 0,6 0 Ac
tu

al
 

Heavy Metal 0,235 0 0,765 

7.1.4.3 Results 

Table 7.67: Accuracy Results for 3 different genres 
Sampling 
Interval 

Accuracy
(K=1) 

Accuracy
(K=3) 

1 0.7633 0.6783 
5 0.8083 0.705 
8 0.7733 0.7883 

10 0.7217 0.755 
12 0.8 0.775 
15 0.705 0.6817 
20 0.7217 0.6817 
25 0.7133 0.7033 
50 0.59 0.6817 
100 0.5767 0.4317 

The accuracy results for a classification of 3 pieces with a training set of 57 pieces when 
no differential method is used in preprocessing are seen in the table above.(see Table 
7.67) .The average accuracy is about 71%. 
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Figure 7.6 : Accuracy Results for 3 different genres(60 pieces)(No differential) 

When classifying genre among classic, jazz and heavy metal, as the sampling interval 
increases above 15 ms performance gets worse (see figure 7.4.). 

7.2 Composer Classification Experiments 

In this section there are two experiments. For the first one taking the difference between 
consecutive monophonic notes technique is used and for the second one using mode B 
and differences of every note with respect to mode B (see Section 4.2.2) technique is 
used. This is to determine the relationship between effects of different mathematical 
models.    

For each experiment we arranged 10 different types of test cases having different 
sampling time intervals which are 1 millisecond, 5 milliseconds, 8 milliseconds, 10 
milliseconds, 12 milliseconds, 15 milliseconds, 20 milliseconds, 25 milliseconds, 50 
milliseconds and 100 milliseconds to determine the relationship between sampling time 
interval and accuracy.    

Since it takes too much space to give all the results for each experiment only the best 
ones are listed and at the end of each experiment to give an idea a graph is given.  

7.2.1 Experiment 1 

In this experiment we have included 20 pieces from Bach, 20 pieces from Chopin and 20 
pieces from Debussy as a total of 60 classical pieces.  
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In this experiment we explore the relation between sampling time interval and accuracy. 
In this contest we arranged 10 different types of experiments having different sampling 
time intervals which are 1 millisecond, 5 milliseconds, 8 milliseconds, 10 milliseconds, 
12 milliseconds, 15 milliseconds, 20 milliseconds, 25 milliseconds, 50 milliseconds and 
100 milliseconds.   

Instead of explaining all of the experiments one by one, the best ones will be listed and 
to give an idea the graph will be given. 

7.2.1.1 Test 1 

We have selected the best result for k=3 which we get when the sampling time is 
interval is equal to 5 milliseconds. 

Table 7.68: Results of 1-NN for Test 1(S.I.:5 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0,675 0,0179 
24 1 0,76 0,0166 
36 1 0,75 0,0172 
48 1 0,7917 0,0168 
57 1 0,8083 0,0173 

In the test using 1 nearest neighbor classifier and pre-processing at 5 ms. and taking the 
difference between consecutive monophonic notes, we achieved 80% of accuracy in 
differentiating different composers with a training data set of 57.  

Table 7.69: Confusion Matrix (k=1) for Test 1 (S.I.:5 ms.) 

 Bach Chopin Debussy 
Bach 0,83 0,135 0,035 

Chopin 0,045 0,73 0,225 Ac
tu

al
 

Debussy 0 0,135 0,865 
 

While Bach and Debussy are less confused with the others, Chopin’s works seem to 
have more similarities to other two composers’. 
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Table 7.70: Results of 3-NN for Test 1 (S.I.:5 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0,6733 0,0162 
24 3 0,7233 0,016 
36 3 0,7883 0,0152 
48 3 0,815 0,0147 
57 3 0,885 0,012 

Using 3 nearest neighbor classifier and pre-processing at 5 ms and taking the difference 
between consecutive monophonic notes we achieved 88% of accuracy in differentiating 
different composers with a training data set of 57.  

Table 7.71: Confusion Matrix (k=3) for Test 1(S.I.:5 ms.) 

 Bach Chopin Debussy 
Bach 0,96 0,04 0 

Chopin 0,055 0,8 0,145 Ac
tu

al
 

Debussy 0 0,105 0,895 

7.2.1.2 Test 2 

We have selected the best result for k=1 which we get when the sampling time is 
interval is equal to 50 milliseconds. 

Table 7.72: Results of 1-NN for Test 2(S.I.:50 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0,715 0,0156 
24 1 0,7617 0,015 
36 1 0,8 0,0155 
48 1 0,83 0,0157 
57 1 0,8783 0,0121 

In the test using 1 nearest neighbor classifier and pre-processing at 50 ms. and taking the 
difference between consecutive monophonic notes, we achieved 87% of accuracy in 
differentiating different composers with a training data set of 57.  

Table 7.73: Confusion Matrix (k=1) for Test 2 (S.I.:50 ms.) 

 Bach Chopin Debussy 
Bach 0,965 0 0,035 

Chopin 0 0,745 0,255 Ac
tu

al
 

Debussy 0 0,075 0,925 
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Table 7.74: Results of 3-NN for Test 2 (S.I.:50 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0,6783 0,015 
24 3 0,7533 0,015 
36 3 0,7783 0,0152 
48 3 0,7933 0,0139 
57 3 0,82 0,0147 

Using 3 nearest neighbor classifier and pre-processing at 50 ms and taking the difference 
between consecutive monophonic notes we achieved 82% of accuracy in differentiating 
different composers with a training data set of 57.  

Table 7.75: Confusion Matrix (k=3) for Test 2(S.I.:50 ms.) 
 Bach Chopin Debussy 

Bach 0,855 0,1 0,045 
Chopin 0,05 0,605 0,345 

A
ct

ua
l 

Debussy  0 0 1 

7.2.1.3 Results 

Table 7.76: Accuracy Results for 3 different composers 
Sampling 
Interval 

Accuracy
(K=1) 

Accuracy
(K=3) 

1 0,7867 0,6917 
5 0,8083 0,885 
8 0,835 0,86 

10 0,855 0,82 
12 0,805 0,8 
15 0,8267 0,7267 
20 0,8467 0,75 
25 0,8317 0,765 
50 0,8783 0,82 
100 0,7633 0,7533 

The accuracy results for a classification of 3 pieces with a training set of 57 pieces are 
seen in the table above.(see Table 7.76) .The average accuracy is about 82%. 
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Figure 7.7 : Accuracy Results for 3 different composers(60 pieces) 

7.2.2 Experiment 2 

In this experiment we have also included 20 pieces from Bach, 20 pieces from Chopin 
and 20 pieces from Debussy as a total of 60 classical pieces.  

In this experiment we explore the relation between sampling time interval and accuracy 
as well as non-differential mathematical modeling of the piece. In this contest we 
arranged 10 different types of experiments having different sampling time intervals 
which are 1 millisecond, 5 milliseconds, 8 milliseconds, 10 milliseconds, 12 
milliseconds, 15 milliseconds, 20 milliseconds, 25 milliseconds, 50 milliseconds and 
100 milliseconds. 

This experiment differs from the previous one in terms of use different mathematical 
model. Instead taking the difference between consecutive monophonic notes in modeling 
we used mode B and differences of every note with respect to mode B. (see Section 
4.2.2). 

Instead of explaining all of the experiments one by one, the best ones will be listed and 
to give an idea the graph will be given. 

7.2.2.1 Test 1 

We have selected the best result for k=1 which we get when the sampling time is 
interval is equal to 1 millisecond. 

 



80 

Table 7.77: Results of 1-NN for Test 1(S.I.:1 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.5 0.0185 
24 1 0.5283 0.0201 
36 1 0.6117 0.0196 
48 1 0.6267 0.0197 
57 1 0.7267 0.0178 

In the test using 1 nearest neighbor classifier and pre-processing at 1 ms. and using 
mode B and differences of every note with respect to mode B(see Section 4.2.2), we 
achieved 72% of accuracy in differentiating different composers with a training data set 
of 57.  

Table 7.78: Confusion Matrix (k=1) for Test 1 (S.I.:1 ms.) 
 Bach Chopin Debussy 

Bach 0,78 0,06 0,16 
Chopin 0 0,695 0,305 Ac

tu
al

 

Debussy 0 0,295 0,705 
 

While Bach is less confused with the others, Chopin’s works seem to have more 
similarities Debussy. Bach is not differentiated as it was, in the differential model. 

Table 7.79: Results of 3-NN for Test 1 (S.I.:1 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.5383 0.0187 
24 3 0.5633 0.0181 
36 3 0.6 0.0186 
48 3 0.6233 0.018 
57 3 0.665 0.0194 

Using 3 nearest neighbor classifier and pre-processing at 1 ms and using mode B and 
differences of every note with respect to mode B(see Section 4.2.2),  we achieved 66% 
of accuracy in differentiating different composers with a training data set of 57.  

Table 7.80: Confusion Matrix (k=3) for Test 1(S.I.:1 ms.) 

 Bach Chopin Debussy 
Bach 0,745 0,095 0,16 

Chopin 0 0,495 0,505 Ac
tu

al
 

Debussy 0,05 0,195 0,755 
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7.2.2.2 Test 2 

We have selected the best result for k=3 which we get when the sampling time is 
interval is equal to 20 milliseconds. 

Table 7.81: Results of 1-NN for Test 2(S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 1 0.5083 0.0211 
24 1 0.5417 0.0194 
36 1 0.5683 0.0196 
48 1 0.5433 0.0188 
57 1 0.5817 0.0186 

In the test using 1 nearest neighbor classifier and pre-processing at 20 ms. and using 
mode B and differences of every note with respect to mode B (see Section 4.2.2), we 
achieved 58% of accuracy in differentiating different composers with a training data set 
of 57.  

Table 7.82: Confusion Matrix (k=1) for Test 2 (S.I.20 ms.) 
 Bach Chopin Debussy 

Bach 0,76 0,115 0,125 
Chopin 0,06 0,535 0,405 

Ac
tu

al
 

Debussy  0 0,55 0,45 
 
 

Table 7.83: Results of 3-NN for Test 2 (S.I.:20 ms.) 
Number of Elements
in Training Data Set k Mean 

(Accuracy) 
Error Bar 

(Accuracy) 
12 3 0.5117 0.0192 
24 3 0.615 0.0201 
36 3 0.5967 0.0191 
48 3 0.68 0.0184 
57 3 0.7083 0.0184 

Using 3 nearest neighbor classifier and pre-processing at 20 ms. and using mode B and 
differences of every note with respect to mode B (see Section 4.2.2), we achieved 70% 
of accuracy in differentiating different composers with a training data set of 57.  

Table 7.84: Confusion Matrix (k=3) for Test 2(S.I.:20 ms.) 

 Bach Chopin Debussy 
Bach 0,79 0,135 0,075 

Chopin 0,105 0,605 0,29 Ac
tu

al
 

Debussy 0,05 0,22 0,73 
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7.2.2.3 Results 

Table 7.85: Accuracy Results for 3 different composers 
Sampling 
Interval 

Accuracy
(K=1) 

Accuracy
(K=3) 

1 0.7267 0.665 
5 0.6367 0.635 
8 0.6567 0.565 

10 0.685 0.6733 
12 0.6067 0.6233 
15 0.6367 0.65 
20 0.5817 0.7083 
25 0.625 0.6017 
50 0.5767 0.6717 
100 0.61 0.59 

The accuracy results for a classification of 3 pieces with a training set of 57 pieces when 
no differential method is used in preprocessing are seen in the table above.(see Table 
7.85) .The average accuracy is about 63%. 
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Figure 7.8 : Accuracy Results for 3 different composers(60 pieces)(No differential) 
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8. CONCLUSION 

This thesis has investigated how the Normalized Compression Distance (NCD) metric 
performs for different input data preprocessing methods. Both classifications using k-
nearest neighbour classifier and clustering performance has been used to assess the 
performance of each input data preprocessing method. Like the previous studies we also 
classified the pieces with accuracy of up to 90%, but apart from most of them this is 
done by using no specific domain knowledge. (for example: using volume level to 
differentiate heavy metal pieces.)  

We found out that estimating performance using k-nearest neighbour classifier test 
accuracy is both feasible in terms of time it takes and also meaningful in terms of the 
results. Using clustering to compare performance would take too long time and the S(T) 
scores for clustering does not relate very well to the clustering performance we see when 
we investigate the cluster graphs.  
 

We should also note that different data sets may show different performance for each 
method. It would be very beneficial if there were standard data sets for music genre and 
composer classification comparison. According to our experiments, the following pre-
processing gave best results: converting the polyphonic midi data to monophonic data 
(using the maximum pitch) and taking the difference between consecutive monophonic 
notes. In addition to this, we also investigated the effect of sampling interval and found 
that the sampling interval could affect the test accuracy. Different sampling intervals 
could be best for different genre classification tasks (for example sampling intervals 
above 20ms gives worse results when classifying genre among classic, country, jazz and 
heavy metal), while for composer classification among classical pieces sampling 
intervals upto 100ms still give good results.  

We also found out that the Kolmogorov distance measure works better as more training 
data is available. Considering that usual music information retrieval systems contain a 
lot of records, this is encouraging. 
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