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ABSTRACT 

In this article a method of computing similarity of two 
Chinese pop songs is presented. It is based on five 
attributes extracted from the audio signal. They include 
music instrument, singing voice style, singer gender, 
tempo, and degree of noisiness. We compare the com-
puted similarity measures with similarity scores obtained 
with subjective listening by over 200 human subjects. 
The results show that rhythm and mood related attributes 
like tempo and degree of noisiness are most correlated to 
human perception of Chinese pop songs. Instrument and 
singing style are relatively less relevant. The results of 
subjective evaluation also indicate that the proposed 
method of similarity computation is fairly correlated with 
human perception.  

1. INTRODUCTION 

With the rapidly increasing popularity of digital music 
and related technologies, thousands of new songs are 
made available over the Internet everyday. The conven-
ience of low-cost digital storage also promotes the in-
crease in personal collection of music files. However, a 
user may find it more difficult to look for a song that he 
or she likes to listen. This calls for music recommenda-
tion systems to sort and find music efficiently.  

A recommendation system aims to identify songs that 
match a user’s taste and recommend these songs to the 
user. There are two types of music recommendation sys-
tems: Content-based and metadata-based recommenda-
tion. A content-based system mainly exploits audio fea-
tures extracted from the music file itself to make recom-
mendation [2], [6]. Metadata-based systems, like the 
Last.fm music network [11], make use of textual meta-
data associated with music documents, such as the artist’s 
name, the song title, or the album name. These systems 
are often combined with collaborative filtering tech-
niques to capture users’ preferences. Lyrics of a song can 
also be used [1]. There are also hybrid systems that com-
bine audio content and metadata for recommendation, 
[3],[4],[10]. 

  

In content-based recommendation system, the recom-
mended songs are those that sound similar to the existing 
songs that the user likes to listen to. Recommendation 
becomes a task of matching in this case. A kind of simi-
larity between a query song and a set of candidate songs 
needs to be computed. The candidates with the highest 
similarity measure will be returned as the results of rec-
ommendation. The computation of an effective similarity 
measure is therefore a crucial step in many recommenda-
tion systems.  

Similarity of two songs can be computed from the con-
tents or textual metadata embedded in the songs. In this 
article, we focus on studying content-based music simi-
larity computed from songs in a specific genre, namely, 
Chinese pop songs. Most recommendation systems pre-
viously proposed were developed in a cross-genre envi-
ronment [2],[10]. The song database contains a large 
number of songs of different genres, and genre classifica-
tion is performed to put songs into the right group. Rec-
ommendation of songs within the same genre also has 
important applications. For example, a pop music pro-
ducer may wish to promote his/her new productions by 
matching the taste of potential listeners. It is necessary to 
understand the aspects that humans consider when they 
decide if two songs are similar in intra-genre case. In ad-
dition, to the best of authors’ knowledge, there does not 
exist any content-based recommendation system for Chi-
nese pop songs. Our investigation results can provide 
valuable information in building such system in the fu-
ture. 

To facilitate the computation of a similarity measure, 
the important attributes of a song must be represented 
numerically. There are many attributes that can be used 
to represent a song, such as melody structure and chord. 
Such features, however, are difficult to extract accurately.  
Therefore, in the proposed method, we use a set of low-
level audio descriptors, i.e., instrument identity, singing 
style, gender of the singer, tempo, and degree of noisi-
ness (DoN) to represent the songs. The usefulness of 
these features is verified via subjective evaluation.  

The paper is organized as follows. Section 2 describes 
the audio attributes that are used to represent Chinese pop 
songs, and the method of computing similarity from these 
attributes. Section 3 explains the process of subjective 
evaluation. Section 4 gives the experimental results, and 
the correlation between the proposed similarity measure 
and the findings of subjective evaluation. Conclusions 
are drawn in section 5.  
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2. MUSIC ATTRIBUTES 

Prior to signal analysis, all audio files are down-sampled 
to 16 KHz. Most digital music are recorded at sampling 
rate above 16 KHz. By unifying to this common fre-
quency, we try to minimize the discrepancies of signal 
quality among the many possible data sources. In the 
case of stereo recording, the two tracks are averaged to 
obtain a monaural wave signal. In short, all signal analy-
sis operations are performed based on monaural wave 
signal at 16 kHz sampling rate. 
 

2.1 Vocal / Non-vocal Segmentation 
 

A typical Chinese pop song is about 3 to 4 minutes in 
duration and is composed of four parts. It starts with an 
instrument intro, followed by vocal verse, and instru-
ment interlude, and finally the chorus. The vocal part is 
sung in the Cantonese dialect or Mandarin. Assuming 
this song structure, we divided each song into the vocal 
part (with human singing voice) and the non-vocal part 
(instruments only) in our analysis. The extraction of in-
strument attribute is done on the non-vocal part, while 
the attributes of singing style and gender are extracted 
from the vocal part.  Tempo and DoN are estimated from 
the whole song. This is illustrated in Figure 1.  

The wave signal is divided into short-time frames of 
100ms long with frame shift of 50ms. Short-time Fourier 
Transform (STFT) of 2048 points is applied to each 
frame and 13 Mel-frequency cepstral coefficients 
(MFCC) are computed. A statistical classifier is built for 
vocal / non-vocal segmentation. About 500 songs are 
manually segmented into vocal and non-vocal parts. 
These songs, along with other songs used in our experi-
ments, are all Chinese pop songs purchased from CD 
stores. These segments are used as the training data for 
the vocal / non-vocal classifier. The minimum segment 
length was set to be 1 second. A vocal class and a non-
vocal class are modeled by two Gaussian mixture models 
(GMM), each with 64 mixtures.  

The segmentation is performed by dividing the audio 
signals into non-overlapping segments of 1 second long, 
i.e., 20 frames, and classifying these segments as either 
vocal or non-vocal. For each segment, the log-likelihood 
with respect to the vocal class is computed as 

� �� ��
�

�
20

1
,,log

n
vocalvocalvocalnvocal ProbL �μw�  (1) 

where n� is the MFCC feature vector of the nth frame in 
the segment, and vocalvocalvocal �μw ,,  are respectively the 
mixture weights, means, and covariance matrices of the 
vocal GMM.  The log-likelihood with respect to the non-  

 
Figure 1.  Segments of songs 
 
vocal class, denoted by Lnon-vocal, is computed in the same 
way. The segment is classified to the class with the 
higher log-likelihood. This method of statistical classifi-
cation is also used in the extraction of instrument, sing-
ing style, and gender attributes. The classification accu-
racy of the vocal / non-vocal classifier is 90%. The test 
data used in our experiments are not included in the 
training set and this applies to all other classification ac-
curacy reported in this article.  Readers may also notice 
that the numbers of mixtures used vary for different clas-
sifiers described in latter sections. These numbers are 
determined empirically to achieve the best trade-off be-
tween computation time and accuracy. 
 

2.2 Extraction of Music Attributes  
 
Five attributes are used to describe a Chinese pop song:  
instrument, singing style, gender of singer, tempo, and 
degree of noisiness.  Instrument, singing style, and gen-
der are computed based on MFCC features and the statis-
tical classification technique. 

2.2.1 Instrument 
 
For simplicity, we assume that only a single instrument is 
present or dominant at a particular time instant. Eight in-
struments commonly used in Chinese pop songs are mod-
eled: reedy, electronic-guitar, piano, strings, synthesizer, 
guitar, flute, and percussion. Each instrument is repre-
sented by a GMM of 256 mixtures. The training data in-
cludes the 500 manually annotated songs and part of the 
RWC database [7]. Following an approach similar to vo-
cal/non-vocal segmentation, each non-vocal segment in a 
song is assigned to an instrument class. Then the instru-
ment attribute is represented by a vector with eight ele-
ments, i.e., 

 � �821 ,...,, IIIinst �F  (2) 

where Ii is the percentage of segments in the song that are 
assigned to the ith instrument class. In our experiments, 
the classification accuracy was 72%. 
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2.2.2 Singing Style 
 
It is not trivial to describe the singing style in a Chinese 
pop song. In our study, singing style is defined with ref-
erence to a few famous singers of Chinese pop songs. For 
a given song, we try to measure the degree of similarity 
between the singing voice in the song and the voice of 
each reference singer. Among the 500 training songs, we 
choose 6 male and 6 female singers with distinct voices 
and styles. Each singer has about 30 training songs. A 
separate class is established for children’s voice. As a re-
sult, we have a total of 13 singing style classes. Each 
class is represented by a GMM of 64 mixtures. The sing-
ing style attribute, Fsing, is defined as  

� �1321sing ,...,, SSS�F  (3) 

where Si is the percentage of segments in the song that 
are assigned to the ith class. In our experiments, the clas-
sification accuracy of singing style is 82%. 

2.2.3 Gender 
 
An explicit gender classifier is built. A male voice and a 
female voice model are trained to be 128–mixture GMM.  
The gender attribute, Fgend, is defined as: 

� �femalemalegend GG ,�F  (4) 

where Gmale and Gfemale are the percentage of male and 
female voice segments in the song, respectively. The 
song-level gender classifier has an accuracy of 97%.  

2.2.4 Tempo 
 
The tempo detection method proposed in [9] is used to 
generate the tempo information we need. The tempo of a 
given song is estimated by the Fourier analysis of the 
beat onset pattern. Complex domain spectral difference is 
used as the detection function for the beat onset. To find 
the spectral difference, we first estimate the instantaneous 
spectral change �(m) at the mth short-time frame, which is 
defined as 

� � � � � �� 	�
k

mm kYkYm ˆ
  (5) 

where Ym(k) is the spectral value (DFT coefficient) at 
frame m and frequency bin k, and � �kYm

ˆ  is the corre-
sponding value predicted from the immediately preceding 
frame, i.e. 

� � � � � �k�j
mm

mekYkY ˆ
1

ˆ
	� . (6) 

The expected phase � �k�m
ˆ  is predicted from phase in 

previous two frames as follows: 

� � � � � � � �� �kkkk� mmmm 211
ˆ

			 	�� ���  (7) 

where �m-1(k) and �m-2(k) are the observed phases for 

frame m-1 and m-2 respectively. Frame size of 100ms 
and frame shift of 10ms are used. The frame shift is much 
shorter than the 50ms shift as used in the extraction of 
other attributes because of the need to detect fast tempo. 
To obtain a beat onset pattern with clear and well-defined 
peaks, �(m) is subtracted by the moving average thresh-
old � �m
  with window size W = 10, i.e. 

� � � ��
�

	�

�
2

2

1
Wm

Wmi

i
W

m 

 . (8) 

Half-wave rectification is then performed on the differ-
ence to obtain � �m
̂ , the beat onset value of frame m, i.e. 

� � � � � �� �mmHWRm 


 	�ˆ  (9) 

where HWR(x) = (x + |x|)/2.  
To handle tempo variations over the entire duration of 

a song, we divide a song into segments of 12s long, with 
time shift of 4s. Each of these segments contains 1200 
frames. Fourier analysis is performed on beat onset pat-
tern of each segment, and the frequency axis is mapped 
into tempo values. The analysis result is represented by a 
tempogram, which is a two-dimensional time-tempo rep-
resentation of the strength of tempo values in local seg-
ments. An example of tempogram is shown in Figure 2. 
The tempo value is limited to the range of 30 beat per 
minute (bpm) to 300 bpm, which covers most of the pop 
music. The tempo value with the strongest impulse is 
picked as the local tempo value for each segment. The 
local tempo values of all segments in the song form a dis-
tribution, from which the tempo attribute is derived as  

� �321 ,, TTTtempo �F  (10) 

where T1, T2, and T3 corresponds to the 25%, 50%, and 
75% percentile tempo values.  
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Figure 2.  An illustration of the tempogram 

2.2.5 Degree of Noisiness 
 
The mood of a song is an important factor to be consid-
ered when computing similarity of songs. The energy of a 
song is in some way related to the mood of the song. Ac-
cording to Thayer’s emotion model [8], songs with low 
intensity are usually associated with calm, relax, or de-
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pressed emotions, while songs with high intensity, are 
associated with exciting or angry emotion. This is illus-
trated in Figure 3. In addition, songs with thick texture, 
i.e., many instruments and voices playing simultaneously, 
are generally associated with more intense and excited 
feeling. On the other hand, songs with thin texture, i.e., a 
few instruments or voices, are commonly found in calm 
and relax music. Audio signals in thick-texture music are 
likely to have flatter spectra, compared to those in the 
thin-texture music. Thus we propose to use both the sig-
nal intensity and spectral flatness features to compute a 
“degree of noisiness” (DoN) attribute, which is related to 
the mood of the song.  
 

 
Figure 3.  Thayer’s model of mood [8] 

 
Three values are defined as the DoN label: 0. 0.5, and 

1, which correspond to “low”, “medium”, and “high” re-
spectively. A low DoN means that the song is perceived 
as quiet and calm, while a high DoN means loud and 
noisy. We found that in many pop songs, the DoN level 
varies noticeably between the first and the second half of 
the song. Therefore, two DoN labels are used to describe 
a song, one for the first half of the song and one for the 
second half.  

Prior to the DoN analysis, the audio signal is normal-
ized by its maximum amplitude. Since the beginning and 
ending of the songs usually contains silence, the first 
10% and the last 10% of the signal in each song are dis-
carded. The remaining signal is then divided into two 
halves as described above. For each frame of 100 ms 
long, the signal intensity is computed by  

� � � �

�

�
�
�

�
� �

	

�

1

0

2
10

1log10
T

t
m tX

T
mP  (11) 

where P(m) is the power of mth frame, Xm is the signal of 
mth frame in time domain, and T is equal to 1600 for 
16KHz sampling and 100ms frame size. From the frame-
level signal intensity values, we compute the mean and 
standard deviation of the whole segment (half of the 
song), which are denoted by Mpower and SDpower, respec-
tively. Similarly, we compute the mean and standard de-
viation of the spectral flatness over each segment, which 
are denoted by MSF and SDSF, respectively. The spectral 
flatness, SF(m), is defined by 

� �
� �

� ��
�

�
�

� K

k
m

K
m

K

k

kF
K

kF
mSF

1

1

1
 (12) 

where |Fm(k)| is the magnitude spectrum of Xm computed 
by 2048-point DFT, K is equal to 1023. The DC term 
(k=0) is ignored in the computation.  

Each DoN class is represented by a single-mixture 
Gaussian model, which models the four-element feature 
vector {Mpower, SDpower, MSF, and SDSF}.  The DoN attrib-
ute vector of a song is defined as: 

� �21 , NNDoN �F  (13) 

where N1 and N2 corresponds to the label in the first and 
second half of the song, respectively.  
 

2.3 Computation of Similarity Score 

Let A and B denote two songs. The overall similarity be-
tween A and B is the weighted sum of the similarities 
computed for the five audio attributes. The similarity 
value of each attribute has the range of 0 (most dissimi-
lar) to 1 (identical). The superscript in the attribute vec-
tors and elements denotes the song from which the at-
tribute is computed. For instrument and singing style at-
tributes, the similarities sinst(A,B) and ssing(A,B) are com-
puted by cosine similarity, i.e.  

� �
B

inst
A

inst

B
inst

A
inst

inst BAs
FF
FF �

�,  (14) 

and 

� �
BA

BA

sing BAs
singsing

singsing,
FF

FF �
� . (15) 

 

For gender, the similarity, sgend(A,B), is defined as: 

� � � �
� �B

male
A
male

B
male

A
male

gend GG
GGBAs
,max
,min, �  (16) 

Tempo similarity, stempo(A,B) , is computed in a similar 
way as the gender, except that we take the average over 
the three components in the tempo attribute vector, i.e.,  

� � � �
� ��

�

�
3

1 ,max
,min

3
1,

i
B

i
A

i

B
i

A
i

tempo TT
TTBAs  (17) 

For the discrete class labels in the DoN attribute vectors, 
a normalized form of Euclidean distance is used for 
sDoN(A,B), which is defined as, 

� �
2

1,
B
DoN

A
DoN

DoN BAs
FF 	

	�  (18) 
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The overall similarity score is the weighted sum of the 
similarities by all attributes, 

� � � ��
�

�
attributemusicx

xx BAswBAs
 

,,  (19) 

where wx denotes the weight for attribute x. The weights 
are determined empirically based on the observations 
from subjective evaluation. 

3. SUBJECTIVE EVALUATION 

Subjective evaluation is carried out to obtain a set of ref-
erence similarity scores that can be considered as the 
ground truth. These similarity scores will be used for two 
purposes: (a) to analyze which attributes are more impor-
tant to human listeners when comparing two songs, and 
(b) to determine the optimal weights in the proposed ob-
jective similarity computation.  

A total of 215 subjects participated in the listening 
tests. 43 Chinese pop songs, each with duration of about 
4 minutes, were selected as the test materials. These 
songs were not included in the training set of 500 songs. 
They are chosen in a way that within this limited number 
of test songs, the varieties of instruments, singers, tempo, 
and mood are maximized. For the test song Q, 10 candi-
date songs were manually selected from the remaining 
songs in the test set so that we have various degrees of 
differences in the attributes between the candidates and 
the query songs. Five subjects were asked to listen to Q 
and the 10 candidate songs, denoted as Ci, i={1,2,…,10}. 
The subject was asked to rate the similarity between Q 
and Ci, on the scoring scale as shown in Figure 4.  

A test session was divided into two parts, in the first 
part, a subject was asked to first listen to song Q, and 5 of 
the candidate songs. The subject was allowed to repeti-
tively listen to Q if he/she liked to. There was a short 
break after the first part. Then the second part starts by 
listening to Q again, and then the remaining 5 candidates. 
The orders of playing the candidate songs are different 
from one listener to another. 

4. EXPERIMENTAL RESULTS 

We first investigated on the importance of each music 
attribute in the proposed similarity measure. This is done 
by assigning the weight of one attribute to be 1 and the 
others to be zero. For the query song Q in the set of sub-
jective test songs, we compute the objective similarity 
score of Q and each of the 10 candidates using (19) and 
obtain a similarity vector SQ = {s(Q,C1), s(Q,C2), … , 
s(Q,C10)}. From the results of subjective evaluation, we 
compute the average subjective similarity scores from all 
subjects that were tested with this set of songs. The re-
sulted scores form the subjective similarity vector de-
noted as EQ={e(Q,C1), e(Q,C2), … , e(Q,C10)}. The 
Spearman’s rank correlation between SQ and EQ, denoted  

 
Figure 4.  Scoring scale 

by �Q, is computed for each query song. Subsequently, 
the overall average of correlation is computed over the 43 
songs. The results are shown in Table 1. It is observed 
that the importance of the attributes in human listening is 
highly uneven. Instrument and gender are the least rele-
vant attributes. The correlation values are close to zero, 
indicating that subjective scores are almost uncorrelated 
to the objective similarity. Singing style and tempo are 
more important, with a small but positive correlation. 
DoN is the most important attribute with the highest cor-
relation between objective similarity and subjective 
scores.  

 
Attribute Average Correlation 

Instrument 0.07 
Singing style 0.20 
Gender 0.06 
Tempo 0.24 
Degree of Noisiness 0.49 

 
Table 1. Correlation of each attribute to subjective scores 

 
Next we try to determine a set of optimal weights for 
similarity computation in (19) by maximizing the 
correlation to subjective listening. Exhaustive search is 
performed. The attribute weights are varied from 0 to 10 
with an increment step size of 1. It was found that the op-
timal set of weights are 1, 2, 0, 3, and 4 for instrument, 
singing style, gender, tempo, and DoN, respectively. The 
average correlation achieved with this set of weights is 
equal to 0.544. Although it is not a very high correlation, 
the result shows that these audio attributes are still useful 
in modeling subjective similarity judgment of Chinese 
pop songs. The weights are in agreement with our obser-
vations on the study of single attribute. 

Figure 5 shows the distribution of the correlation val-
ues for all test songs when the optimal weights are ap-
plied. Among the 43 songs, 5 songs have negative values 
of correlation, and 27 have correlations higher than 0.6. 
This indicates that the proposed objective similarity 
measure can fairly model the subjective similarity for 
most of the songs. 

As part of the subjective test, each human subject was 
asked to fill in a survey questionnaire. The subject had to 
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rank from 1 (most important) to 5 (least important) the 
following attributes when he/she considers the similarity 
of a pair of songs: rhythm, accompaniment instrument, 
singing style, lyrics, and languages. The average ranks of 
these attributes are tabulated in Table 2. The results 
match with what we found from the study of correlation 
between objective and subjective scores. Tempo and 
DoN, which somehow affect the perception of the rhythm, 
are the most important factors. Instrument and singing 
style are more or less the same in importance. Lyrics and 
languages (Cantonese or Mandarin) are the least impor-
tant factors. At the current stage, we only use attributes 
like tempo and DoN to model the rhythm. More complex 
attributes such as melody and chord information should 
give us a better model for the rhythm and obtain an ob-
jective similarity metric that better correlates with subjec-
tive scores. One interesting note is that some subject sug-
gests that attributes like atmosphere of the song, style of 
songs in different generations, and harmony of the songs 
may also be important. However these attributes are more 
abstract and difficult to extract from low-level audio fea-
tures. Metadata such as publication year, genre, etc. may 
be used in future system to better describe these attributes. 

 

 
Figure 5.  Histogram of correlations of 43 songs 
 

Attributes Average rank 
Rhythm 1.3 
Instrument 2.7 
Singing Style 2.9 
Lyrics 4.1 
Language 4.4 

 
Table 2. Average rank of attributes from survey 

5. CONCLUSIONS 

In this article we proposed five audio signal attributes 
that can be used to generate an attribute vector for a song 
in the Chinese pop song genre. The attribute vectors can 
then be used to compute similarity between songs, which 
is a fundamental process in content-based music recom-
mendation system. We found that among these attributes, 
tempo and degree of noisiness play the most important 
role in approximating the subjective scores, followed by 
singing style and instrument. The results also indicate 
that rhythmic and mood information is crucial in objec-
tive similarity computation.  
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