
Musical Instrument Classification System Using Mel-Frequency Cepstral Coefficients 

Audio Signal Processing – Project 3 

Kunwoo Kim – 11/22/2013 

1. Exploration of Signals 

 

Different types of sound per instruments 

First, I listened through various sounds of different instruments and found out that they do not have only one 

tone, but have different types of sounds that each instrument can create by various techniques. For example, a 

Cello has sustained note, vibrato, pizzicato, tremolo, and glissando. The first four MFCC coefficients look like 

Fig.1~4.  

 

Fig.1 – 1st MFCC  of different Cello sounds 



 

 

 

 
Fig.2 – 2nd MFCC  of different Cello sounds 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

Fig.3 – 3rd MFCC  of different Cello sounds 

 

 

 

 

 

 



 

 

 

 

 

Fig.4 – 4th MFCC  of different Cello sounds 

 

 

 

 



 

Fig. 5 – Hierarchy of Sounds 

 From the initial MFCC analysis (shown in Fig.1~4), I found out that there are some significant differences in each 

technique. Thus I attempted to analyze the signals using a hierarchy as shown in Fig 5. Thus, the first two clusters will be 

divided into discontinuous and continuous, and each big cluster will have small clusters. Then, this would effectively 

capture the sound. 

 

 However, after more in-depth analysis, I found that this kind of way of classification can over-complicate things. 

First, there is no way that I can train the system as ‘cello-vibrato’ without knowing the type of input data. Second, 

general MFCC analysis showed that the clusters are generally formed by each instrument (not by their techniques). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



2. MFCC Analysis 

 

Fig. 6 – 1st MFCC and 2nd MFCC of each sound sample 

 Fig. 6 shows the first MFCC vs. the second MFCC vector quantization of one sound sample from each instrument. 

The general difference among each instrument was clearer than I expected. It seems like Piano has a huge region that 

could bias other instruments. But just from Fig. 6, instrument classification seems to work by using MFCC coefficients. 

 

 

 



Fig. 7 – 1st MFCC vs. 3rd MFCC of each sound sample 

 

 

Fig. 8 – 2nd MFCC vs. 3rd MFCC of each sound sample 



 

Fig. 9 – 3rd MFCC vs. 4th MFCC of each sound sample 

 

 More MFCC analysis is done. Fig. 7~9 shows scatter plots of two different MFCCs. These are not as clear as Fig. 6, 

which tells me that the first two MFCC is very important. However I do see some isolation of instruments. For example,  

in Fig. 8, clarinet and flute seem to be isolated clearly. Also in the same figure, piano, which in Fig. 6 was a little bit 

cloudy, seems to be isolated well. 

 

 

 

 

 

 

 

 

 

 

 

 



* Elimination of Outliers 

 

Fig. 10 – Elimination of Outliers 

 To make the results more precise, I eliminated the last four or five end points of each MFCC. Usually the points 

toward the very end seem to be outliers, and these were better to be eliminated then affecting their centroid.  

 

 

 

 

 

 

 

 

 

 

 



3. Vector Quantization 

 

Fig. 11 – Vector Quantization – MFCC 1 vs. MFCC 2 

 Then I used k-means method to quantize each sound sample. First, I quantized all MFCCs of each window of 

each signal to 13 coefficients, then quantized them again to create a single codebook of 13 representative Mel 

Frequency Cepstral Coefficients. So in Fig 11., each point represents a centroid of each signal. As more signals get 

analyzed, more overlap it brings. Thus, it is important to analyze not only first two MFCCs, but also the other MFCCs and 

differential MFCCs. 

 Using such quantization method where I compress the 900 instrument signals into 13 coefficients, I will be 

skipping the dynamic features. So I must account differential MFCCs as well. To obtain a differential MFCC, I first tried 

differentiating all MFCC values. However, because of fast oscillations, it was hard to represent the big picture. Thus, I 

used to main points (left half and the right half) and subtracted them to obtain differential MFCC. 

 

 

 

 

 

 

 

 

 



4. Results 

Using 26 MFCC values, I obtained the following confusion matrix. (My computer’s memory could not handle 8000 

instruments, thus I used only 800 values). 

 

          COMPUTED       

    Cello Clarinet Piano Trumpet Flute Organ Violin Guitar 

  Cello 0 5 0 1 3 0 1 0 

  Clarinet 0 10 0 0 0 0 0 0 

  Piano 1 3 0 0 0 6 0 0 

ACTUAL Trumpet 1 0 0 0 5 0 4 0 

  Flute 5 0 0 1 4 0 0 0 

  Organ 0 2 0 0 0 8 0 0 

  Violin 0 0 0 0 0 0 10 0 

  Guitar 0 0 0 0 0 0 0 10 

Table 1. Confusion Matrix 

 

The results show that vector quantization of MFCC and Differential MFCC result in about  52.5% correction rate. This 

system seems to correctly detect Clarinet, Organ, Violin, and Guitar, and a little bit of Flute, but it does very poorly on 

Cello, Piano, and Trumpet. Cello gets confused with clarinet, and flute gets confused with cello. This is not an expected 

result since cello is a string instrument, while flute and clarinet are woodwinds.  Trumpet gets confused with flute and 

violin. Piano gets confused with Organ mostly. 

 

  Cello Clarinet Piano Trumpet Flute Organ Violin Guitar 

MFCC 1 -21.0637 -20.5605 -26.763 -18.5755 -21.8779 -22.1422 -17.1551 -27.1024 

MFCC 2 1.337616 2.099263 2.067661 0.718504 1.392353 1.66314 -0.55863 4.254568 

MFCC 3 -0.90683 -0.88043 -1.26493 -2.36272 -1.96184 -0.25654 -1.36023 0.367289 

DMFCC 1 2.392722 4.08074 3.523008 1.739127 1.646142 5.940076 0.634322 5.665049 

DMFCC 2 -0.27965 -0.73646 -0.23665 -0.36843 -0.24279 -0.08773 -0.2322 0.31138 

DMFCC 3 -0.20815 -0.77773 -0.08338 -0.21859 -0.19755 -0.45756 0.027959 -1.81426 

Table 2. Part of Code Book – 3 MFCC, 3 DMFCC 

 

These are some parts of the codebook composed of 90 samples. For very good ones (clarinet, organ, violin, guitar), the 

codebook data match well with the test code coefficients. However, for very poor ones (cello, piano, trumpet), the 

codebook does not represent the test codes too well. This can be enhanced if I used more data to train the system, since 

each instrument is composed of different technique signals, the data for test code or those for codebook may be biased 

towards one set of techniques.  

 



5. Additive Gaussian Noise 

          COMPUTED       

    Cello Clarinet Piano Trumpet Flute Organ Violin Guitar 

  Cello 0 0 0 0 0 0 0 10 

  Clarinet 0 0 0 0 0 8 0 2 

  Piano 0 0 0 0 0 0 0 10 

ACTUAL Trumpet 0 0 0 0 0 0 0 10 

  Flute 0 0 0 0 0 4 0 6 

  Organ 0 0 0 0 0 5 0 5 

  Violin 0 0 0 0 0 3 0 7 

  Guitar 0 0 0 0 0 0 0 10 

Table. 3 Confusion Matrix with 10 SNR noise 

I obtained a strange result. If I introduce a little bit of noise, almost all detections fall into Guitar. I suppose dominant 

part of the Vector Quantization coefficients is affected by even a small amount of noise. If we weigh the value that is 

most affected by noise, we can minimize the error induced by it. Looking at the test code data (Table 4), I see that 

 

  1 2 3 4 5 

MFCC1 -34.0204 -38.5718 -34.8686 -36.422 -35.7575 

MFCC2 -1.51375 -2.14321 -1.85818 -1.18826 -1.027 

MFCC3 -0.76844 -0.53003 -0.84753 -0.54512 -0.42446 

Table 4. Sample Test code 

The first coefficient of MFCC is heavily affected by little bit of noise. 


