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Abstract: Mainstream music retrieval, classification and other service platforms mainly manage 

music data through custom tags or "feature cold start". Custom labels rely on a large number of 

artificial music features, including music genre, composition background, etc., and have defects such 

as strong artificial subjectivity of data. "Feature cold start" is to pre-label a small number of existing 

music labels, and then recommend correct labels or filter wrong labels based on user behavior. 

Although this scheme solves the subjectivity of data to a certain extent, "cold start" has the problem of 

lack of user information in the initial stage of the system, resulting in the system accuracy has a 

strong dependence on the initial stage model. In order to solve the above problems, this paper starts 

from the music itself and analyzes the music data signals from the perspective of time and frequency 

domain through the wavelet transform theory. The extraction results of music features in this paper 

are divided into two categories. The first category is the digital features of music, including the time 

domain features and frequency domain features of music, and the second category is the content 

features of music. The validation of sample data sets shows that the results obtained by this method 

have good performance. 

Keywords: Music feature extraction, Digital features of music, Content features of music,The wavelet 

analysis. 

__________________________________________________________________________________________ 

 

1. INTRODUCTION 

1.1 Background.  

The rise of short video platforms has created a huge amount of audio data, of which background 

music accounts for a large part. When a user shoots a short video, what kind of background music he 

chooses plays a very important role in the style of the video or the emotion he wants to express. 

Mainstream audio service providers at home and abroad mainly manage audio files through two 

technical means. The first technique is the custom music tag, that is, in addition to the data of the 

audio itself, there are some additional music data tags, such as genre of work, composer identity, 

composer composition background, etc. The advantage of this technique is that the massive audio 

data can be standardized management, and relatively accurate classification information can be 

obtained. But the disadvantage is also very obvious, is the need to define music labels in advance, the 
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workload is large. It also stores other data besides the music data itself, so the data storage is relatively 

redundant. The second technology is "feature cold start", which labels a small part of music data in 

advance as a training data set, uses neural network algorithm to make the model self-learning, and 

adopts recommendation filtering algorithm to get the music label labeling model. The advantages of 

this technical scheme are high degree of automation and intelligence, and relatively high precision. 

However, the disadvantage is that the sensitivity of the obtained music label annotation model 

changes with the change of the pre-label data, and some signal data and melody data of the music 

itself are included. In order to make better use of the inherent data of music and make the machine 

"understand" music, it is necessary to first digitize the characteristics of music, and extract valuable 

characteristic data suitable for the scene in the fields of music retrieval, classification, emotion 

analysis and so on. 

1.2 Frequency domain characteristics 

The number of frequency-domain features in the audio domain is larger than the number of 

time-domain features, and they are usually obtained from the short-time Fourier transform (STFT) or 

from autoregressive analysis. In general, the frequency domain feature describes the physical 

properties of audio content. The frequency domain feature set is mainly composed of autoregressive 

feature, short-time Fourier transform feature, and spectrum shape correlation feature. 

Autoregression-based features are derived from linear predictive analysis of the signal, which 

typically captures the typical spectral advantages of the speech signal (e.g., formant). From STFT 

calculation of signal spectrum can be analyzed based on short-time Fourier change audio feature, 

some other features fall into this category have a plenty of through the analysis of spectrum envelope 

calculation (for example, subband energy than flux, spectrum, spectral slope or MPEG - 7, spectral 

peak spectral envelope, normalized spectral envelope and three-dimensional translational spectra 

characteristics), Some are obtained from STFT images (such as group delay functions and/or 

modified group delay functions) [1]. 

1.3 The time domain characteristics 

Time domain feature measurement is a simple and effective parameterization method for audio input 

variation. The common time domain features are zero crossing rate (ZCR) and linear predictive zero 

crossing rate (LP-ZCR). Zero crossing rate It is defined as the number of times an audio signal 

waveform crosses a zero amplitude level in a one-second interval, which provides a rough estimate of 

the principal frequency component of the signal [2]. Bergstra et al. [3] used the zero crossing rate to 

achieve the classification of human voice and music, and Peltonen et al. [4] used the zero crossing 

rate to recognize songs in a complex sound environment. The linear predictive zero crossing rate is 

defined as the ratio of the zero crossing rate of the original audio to the zero crossing rate of the 

prediction error obtained by the linear predictive filter. It is used to distinguish between signals that 

display varying degrees of correlation (such as voiced and unvoiced). 

1.4 The content characteristics 

Music feature extraction is to reduce the dimension of music signal to several dimensions that we care 

about through mathematical processing of music content data, such as statistical analysis and signal 

analysis. In this paper, music content is reduced to three dimensions: timbre characteristics, auditory 
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characteristics and statistical characteristics of beat. The reason melodic dimension is not used as a 

factor in describing musical characteristics is that melodies are likely to be different in music 

categories with the same sound and similar composition of instruments. Therefore, melody 

dimension does not play a decisive role in the classification of music listening sense and timbre. 

Relevant experiments show that music types can be effectively divided based on content through 

these three dimensions. 

 

2. RECENT WORK 

Since the 1990s, music feature extraction and classification recognition have been widely studied as 

an important part of music formation retrieval. The ten musical genres contained in the GTZAN 

dataset used by George Tzanetakis[5] have become music information. Classification standards have 

been widely recognized in the search field. Since George Tzanetakis'[6] research results laid a lot of 

foundation for us, later scholars in the field of automatic music genre recognition mainly focused on 

two aspects. On the one hand, they have made corresponding improvements in the selection of music 

feature extraction and the dictonality of feature vector. On the other hand, they demonstrate the 

selection of classification algorithms. Music feature extraction is a very important part of music genre 

recognition. If the extracted features do not represent the essential features of music, the music 

classification effect will undoubtedly be very bad. Scaringella et al[7]. divided musical signal 

characteristics into three categories: pitch, timbre and rhythm. At present, the common features of 

music signal mainly include short-term zero-crossover rate, short-term energy, linear prediction 

coefficient, spectrum, flux, inverse coefficient of Mayer frequency, spectral centroid and spectral 

contrast. Because these features exist in both time domain and frequency domain, they can reflect the 

musical perception characteristics of pitch, rhythm, timbre and loudness to a certain extent. The 

process of music feature extraction usually involves the frame processing of the original audio signal, 

the correlation calculation according to the mathematical and statistical significance of the feature, 

and finally the calculation result is used as the training data of the classifier in vector form. Because 

music feature extraction is based on music signal analysis at present audio based music signal 

analysis technology mainly includes time domain analysis method and frequency main analysis 

method. The so-called time domain analysis method is to analyze and count the waveform states of 

the music signal from the time dimension. Frequency domain analysis transforms the music signal in 

the time domain into the frequency domain by Fourier transform, so many useful features in the 

frequency domain can be obtained, such as Meir to universal coefficient, spectral centroid, pitch 

frequency, subband energy, spectral map, etc. Literature [8] cascades meyer-to-pop coefficient and 

pitch frequency, spectral centroid, subband energy and other perceptual features to form a 

high-dimensional feature vector. 

 

3. METHOD AND EXPERIMENT 

The system design is shown in Figure 1. 
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Fig. 1 Music content extraction module 

 

Timbre, as a key factor to describe sound, especially music, also plays an important role in feature 

extraction of music content. Before extracting the characteristics of music timbre, we first introduce 

what is music timbre and what are the reasons for different timbre. When people hear someone 

speaking, their brains work out for a short time who made the sound and whether they recognize it or 

not. In nature, different birds make different calls, and people can identify the type of bird that makes 

the sound by hearing the call of the bird. In a piece of music, the same melody may be played by a 

piano or a guitar. So the fundamental reason why people can distinguish between these different 

instruments is because they are different in color. The formation of timbre is explained from a 

physical point of view, which is composed of the spectrum of sound signal and human synesthesia 

[15]. 

Most of the musical sounds produced by humans are compound sounds, and compound sounds are 

produced when objects vibrate together, such as the ringing of Musical Instruments. The popular 

interpretation of compound sounds is that when the instrument vibrates, not only the whole vocal 

body vibrates, but also its parts (e.g., one half, one third, one quarter...)[9]. They are also vibrating 

separately. The sound produced by the whole vibration of the voicing body is called the pitch, and the 

sound produced by the segmented vibration is called the overtone. Therefore, the compound tone of a 

unique tone is composed of the pitch produced by the vibration of its whole segment and a number of 

overtones. The combination of the different frequency components of these sound signals is 

superimposed to form the spectrum of the compound tone, that is, the spectrum of this tone. Based on 

the above research, timbre analysis of music content is to analyze the composition of music spectrum. 

The timbre characteristics of the music need to tell the system what timbre is in the music and, by 

extension, what instruments are in the music. Therefore, based on this requirement, the analysis of 

music signal only needs to give a general description of the music fragment. This requirement 

therefore conforms to the nature of Fourier analysis. If short-time Fourier analysis is used, music 

signals need to be windowed, which will increase the error caused by the segmentation of music, 

because different music has different musical structure, and the unified windowing operation is not 

universal. At the same time, there is no research and specification on the length of windowed window 
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in the academic circle, so the design of window will be another difficult problem. So the paper uses 

the traditional Fourier analysis method to analyze the composition of music spectrum. Figure 2 is a 

spectrum diagram of a certain piece of music. 

 
Fig. 2 A spectrum diagram of a certain piece of music 

In the figure, Fourier transform is used, and the music data is added to the triangle window to get the 

spectrum in the figure. As can be seen from the figure, music spectrum is densely distributed. 

According to the auditory characteristics of human ears, humans are more sensitive to the low 

frequency part of sound, so the analysis of music spectrum in the low frequency part should have a 

more detailed granularity, namely Meyer cepstrum coefficient. In this paper, the extraction method of 

Meyer cepstrum coefficient based on music signal is improved so that the music signal can be 

described more carefully. 

Based on the wavelet analysis theory described in chapter 2, wavelet analysis can analyze signals at 

different frequency resolutions. Therefore, first of all, the 5-order wavelet packet analysis is carried 

out on a sound channel of the music signal through Formula 1 

 

                                   (1) 

 
Fig. 3 Wavelet packet analysis of order 2 
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Figure 3 shows the wavelet packet analysis of order 2. According to the figure, after a wavelet 

analysis, the original music signal is divided into two wavelet subbands, CA and CD respectively, 

whose CA represents the approximate coefficient of the original Music signal, namely the 

low-frequency component of the original music signal. CD represents the detail coefficient of the 

original music signal, that is, the high frequency components of the original audios signal. In the same 

way, the original music is decomposed into four different wavelet bands by the two-order wavelet 

packet analysis. These four wavelet bands describe the information in different frequency bands of 

the original musical signal. In the experiment, the order of small wave packet analysis was selected 拝 

as 5, because the fineness of frequency division and the computing capability of the machine were 

taken into consideration comprehensively to avoid excessive feature dimension. Theoretically, the 

higher the order, the more detailed the original music data signal can be described in the frequency 

band. As the number of musical wavelet subbands increases, the parameters describing the frequency 

characteristics of wavelet subbands will also increase, which will make the final timbre 

characteristics complicated. Therefore, the 5th-order wavelet packet analysis is used to calculate the 

timbic features of the music. The 5th-order wavelet packet analysis divides the original music signal 

into 32 wavelet subbands. The length of the data in each wavelet subband is as follows: 

 

                                                                  (2) 

 
Where t is the duration of music signal, and its bandwidth range is: 

 

                                      (3) 
Through wavelet packet analysis, the original music signal can be described in different frequency 

subbands, so that the timbre characteristics of the music signal can be described more carefully. After 

32 different frequency subband music data are obtained, Fourier analysis is firstly carried out for the 

data of each frequency subband, and the corresponding spectrum of each frequency subband is 

obtained. After that, the number of Mayer Windows in mayer cepstrum coefficient was determined. 

In order to describe the music audio spectrum in detail as much as possible, the number of Mayer 

Windows in this paper was sand 0. The music spectrum of each frequency subband is integrated by 

window, and 690 Windows are obtained in each frequency subband. The logarithm of the 690 results 

is taken separately. Finally, the z-order Meyercepstrum coefficients of each frequency subband are 

obtained by using the discrete cosine variation in Eq. 1-3. In the experiment, z=25, in addition, the 

first order difference is calculated by meyercepstrum coefficients in each subband. To sum up, for 

each frequency subband, the 50 maintenance numbers (25 vermeer cepstrum coefficient, 25 

dimensional first order difference coefficient) representing the spectral characteristics of this 

frequency subband are obtained. Then, the composition of different frequencies in music content data 

can be described by the spectral characteristic coefficients of these 32 frequency subbands. Different 

frequency components reflect that different frequency subbands have different spectral characteristic 

coefficients. These 32 groups of features are arranged into vectors to form the timbre feature vector of 

this track of music. Then the complete musical timbre feature vector has 3200 dimensions. 
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4. RESULT AND ANALYSIS 

Content-based music feature extraction of Benchark data set in rice literature [10], this data set 

contains 1886 second music fragments of different music types. In the experiment, the method of 

demonstration feature extraction in chapter 3 was used to extract the features of 1886 data. 

"10176@blues @daddy_mp3" is made in the system, and the first five items that are most similar 

based on the timbre characteristics of the music are captured in the picture. The similarity to the 

original music is displayed under the name of each music item. Items 2, 4 and 5 have high auditory 

similarity with the original music, while items 1 and 3 are electronic music with different styles. This 

verifies that there is a certain error rate in distinguishing music only by musical timbre features. The 

reason is that Fourier analysis describes the general picture of music. 

 
Fig. 4 Result 

The first parameter of the name of each music item in the figure above is the harmonic average of its 

similarity with the original music in three dimensions. The first parenthesis parameter is its similarity 

with the original music in timbre, the second parenthesis parameter is its similarity with the original 

music in listening sense, and the third parenthesis parameter is its similarity with the original music in 

metronomic statistical characteristics. Through listening to the 5 music items in this experiment, it 

can be found that all the 5 music pieces are guitar playing as the theme, and the music rhythm is slow, 

and there are similarities in the atmosphere. As the similarity diminishes, vocals appear in entries 3 

and 4, along with slow drum beats. But it didn't affect the music's auditory properties. Therefore, 

through this experiment, it can be proved that the digital features extracted by the music feature 

project are of representative significance to the music content attributes. 
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