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This work aims to develop an automatic singing evaluation system for general pub-

lic. Given a CD/mp3 song recording as the reference basis, the proposed system rates a 
user’s singing performance by comparing it with the vocal in the song recording. This 
modality allows users to not only enjoy listening to and singing with CD/mp3 songs but 
also know how well or bad they sing. However, as a majority of songs contain back-
ground accompaniments during most or all vocal passages, directly comparing a user’s 
singing performance with the signals in a song recording does not make sense. To tackle 
this problem, we propose methods to extract pitch-, volume-, and rhythm-based features 
of the original singer in the accompanied vocals. Our experiment shows that the results 
of automatic singing evaluation are close to the human rating, where the Pearson prod-
uct-moment correlation coefficient between them is 0.8. The results are also comparable 
to those in a previous work using Karaoke music as reference bases, where the latter's 
task is considered to be easier than that of this work. 
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1. INTRODUCTION 
 
Karaoke is a popular entertainment and practice means for amateur singers, where 

people sing along to a pre-recorded accompanying music of a selected song while various 
scenes are displayed on a screen so that it looks like professional artists are performing. 
Thanks to technological innovations on electronic and communication devices, Karaoke 
has become ubiquitous, ranging from Karaoke jukebox, Karaoke bar, TV Karaoke on 
demand, in-car Karaoke, to mobile Karaoke apps. Most of the karaoke systems today 
come with a number of standard features such as song selection search, key changer, lyric 
prompt, pitch graph, performance scoring, and more. Relying on these enticing features to 
learn how to sing better and challenge other people to beat your score, however, may not 
be a satisfying way to interpret and evaluate your singing performances. The major prob-
lem arises from the fact that most existing Karaoke designers do not investigate the re-
quired techniques seriously. A vast majority of Karaoke apparatuses use singing energy 
as a unique cue for performance scoring, while some apparatuses even display a random 
score for fun. As a result, the presenting scores in the existing Karaoke apparatuses is 
usually nothing to do with the singing skill and considered useless to users. Thus, there is 
a high need to develop reliable singing scoring techniques to make this function function-
al. 

This research effort focuses on developing an automatic singing evaluation system 
for general public, but not for professional singers. Although so far there have been sev-
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eral studies [1-13] to this end, most of them are reported in patent documentation, which  
only describe their implementation details and fail to present the theoretical foundation 
and qualitative analysis conducted to validate their methods. Only very few studies are 
reported in scientific literature. The most thorough investigation of this research topic is a 
work reported in [13]. It comprehensively discusses the strategies and acoustic cues for 
singing performance evaluation. The strategy depends heavily on the reference basis (or 
ground truth), which is used to measure the correctness of a singing performance in terms 
of pitch, volume, rhythm, and so on. Roughly speaking, there are five types of reference 
basis: 1) music scores and lyrics, 2) symbolic music, e.g., MIDI files, 3) CD/mp3 music, 
4) Karaoke VCD music, 5) solo vocal track. Each type of reference basis has its own pros 
and cons, as summarized in Table 1. Among the five types, CD/mp3 music is the easiest 
one to acquire for general public, since the others can only be available when a song has 
been released and become popular for a period. Thus, the proposed singing evaluation 
system is built on using CD/mp3 music as a reference basis. This differs from the work in 
[13], which used Karaoke VCD music as the reference basis, and the work in [5], which 
used MIDI files as the reference basis.  
 
 
Table 1. Pros and cons of the five types of reference basis for singing performance eval-

uation. 
Reference Basis Pros Cons 

Music Scores and Lyrics Easy to Use for System Designers Relying on Human Processing 
Symbolic Music, e.g., MIDI 

Files Easy to Use for System Designers Not Always Available 

CD/mp3 Music Easy to Acquire Difficult to Handle 

Karaoke VCD Music Easy to Integrate with Some Karaoke 
Systems Not Popular 

Solo Vocal Track Easy to Use for System Designers Difficult to Acquire 
 
 
In essence, the proposed system rates a user’s singing performance by comparing it 

with the vocal in the CD/mp3 song recording. This modality allows users to not only en-
joy listening to and singing with CD/mp3 songs but also know how well or bad they sing. 
Since the proposed system does not rely on any dedicated audio formats, such as Karaoke 
VCD music, Digital Video Systems (DVS) or the Laser Disc (LD) karaoke systems, in 
which accompaniments are stored in separated tracks, it is particularly suitable for mobile 
apps. More specifically, as long as a user has a regular CD/mp3 song recording, where 
even the accompaniments and vocals are mixed, singing evaluation can be performed 
whenever the user sings to our system. 

However, as a vast majority of songs contain background accompaniments during 
most or all vocal passages, directly comparing a user’s singing performance with the sig-
nals in a song recording does not make sense. To tackle this problem, we propose me-
thods to extract pitch-, volume-, and rhythm-based features of the original singer in the 
accompanied vocals. This task is more difficult than the one investigated in [13], where 
the latter can use the accompaniment-only track to help extract vocal information from 
the accompanied vocal track. Despite the difficulty, our experiment shows that the results 
of the proposed singing evaluation system are comparable to those of the system in [13] 
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and also close to the human rating. Table 2 summarizes the major contribution of this 
work, compared to the work in [13]. 

 
Table 2. Major contribution of this work, compared to a previous work in [13]. 

 The Work in [13] This Work 
Reference Basis 

for Singing  
Performance 
Evaluation 

Karaoke VCD Music, Encompassing 
Two Distinct Channels: 1) the Accom-

paniment only; 2) a Mixture of the Lead 
Vocals and Background Accompaniment

CD/mp3 Music, Consisting of Two 
Similar Accompanied Vocal Channels 

Technical  
Features 

Using the Accompaniment-only Track to 
Help Extract Vocal Information from the 

Accompanied Vocal Track 

Extracting Vocal Information from the 
Accompanied Vocal Track without Us-

ing Any Other Audio Resources 
Application 

Niche Karaoke Apparatuses Mobile Devices 

Other Traits 
First Study of Integrating Pitch, Volume, 

and Rhythm Features for Singing Per-
formance Evaluation 

Proposing a Simple-yet-effective 
Rhythm-based Rating Method 

 
The remainder of this paper is organized as follows. Section 2 presents the metho-

dology of the proposed singing evaluation system. Section 3 discusses our experiment 
results. In Section 4, we present our conclusions and indicate the directions of our future 
work. 
 

2. METHODOLOGY 
 
When a singing piece is evaluated, the proposed system performs volume-based rat-

ing, pitch-based rating, and rhythm-based rating, using the specified song (accompanied 
vocal recording) extracted from CD/mp3 music as a reference basis. Similar to the strat-
egy used in [13], the resulting scores from each component are then combined using a 
weighted sum method:  

∑
=

=
3

1
score  overall

i
ii Sw ,             (1) 

where S1, S2, and S3 are the scores obtained with pitch-based rating, volume-based rating, 
and rhythm-based rating, respectively; w1, w2, and w3 are the adjustable weights that sum 
to 1. However, since the reference bases are the accompanied vocal recordings extracted 
from CD/mp3 music rather than the Karaoke VCD music considered in [13], the ways to 
exploiting the pitch-, volume-, and rhythm-based features in the recordings must be spe-
cifically tailored to handle the interference arising from the background accompaniments.  

 
2.1 Pitch-based Rating 

 
Pitch represents the degree of highness or lowness of a tone. In singing, pitch is re-

lated to the notes performed by a singer. To sing in tune, a prerequisite is to perform a 
sequence of correct notes, each with appropriate duration. By representing musical notes 
as MIDI numbers, we can compute the difference between a sequence of notes sung in an 
evaluated recording with the one sung in the reference recording. 



WEI-HO TSAI, CIN-HAO MA, AND YI-PO HSU 

 

 

As shown in Fig. 1, the pitch-based rating starts by converting the waveform of a 
singing recording into a sequence of MIDI notes o = {o1, o2,…, oT}. Our method is simi-
lar to that in [14], which consists of the following steps. 
1) Dividing the waveform signal into frames using a sliding Hamming window. 
2) Performing Fast Fourier Transform (FFT) with respect to each frame. 
3) Computing the signal's energy with respect to each FFT index (frequency bin) in a 

frame  
4)  Estimating the signal’s energy with respect to each MIDI note number in a frame ac-

cording to the conversion of Hz to MIDI note: 

                  , 5.69
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where ⎣ ⎦  is a floor operator. 
5) Summing the signal’s energy belonging to a note and its harmonic note numbers to 

obtain a strength value, i.e., the strength of the m-th note in the t-th frame is obtained 
by  

                       ,  
0
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where et,m is the signal’s energy belonging to the m-th note in the t-th frame, C is the 
number of harmonics considered, and h is a positive value less than 1 that discounts 
the contribution of higher harmonics. 

6) Determining the sung note in the t-th frame by choosing the note number associated 
with the largest value of the strength accumulated for adjacent ±B frames, i.e., 

,   maxarg ,
1
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                (4) 

where M is the number of the possible notes performed by a singer. 
7) Removing jitters between adjacent frames by replacing each note with the local me-

dian of notes of its neighboring ±B frames. 
 
However, the above method is only suitable for extracting the note sequence of a 

singing recording with no background accompaniment. Since there is always background 
accompaniment in most of the vocal passages in popular music, the note number asso-
ciated with the largest value of the strength may not be produced by the singer, but the 
instrumental accompaniment instead. To solve this problem, we propose a method to 
correct the error estimation of sung notes. 

The basic strategy of our method is to identify abnormal elements in a note sequence 
and forces them back to the normal notes. The abnormality in a note sequence generally 
comes in two types of errors: short-term errors and long-term errors. Short-term errors 
refer to rapid changes (e.g., jitters) between adjacent frames. This type of error can be 
corrected by using median filtering, which replaces each note with the local median of the 
notes of its neighboring frames. Long-term errors, on the other hand, refer to a succession 
of estimated notes that are not produced by a singer. Our experiments found that such 
wrong notes are often several octaves above or below the true sung notes, which mainly 
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arise from the background accompaniment. This might be because the background ac-
companiment often contains notes several octaves above or below those of the singing so 
that the mixture of the lead vocals and the background accompaniment is harmonic. As a 
consequence, long-term errors often result in the range of the estimated notes in a se-
quence being wider than that of the true sung note sequence.  

 
 

}83,...,44,43{∈to

 
Fig. 1. Conversion of a waveform recording into a MIDI note sequence. 

 
 
 
According to our statistics on pop music, the sung notes in a verse or chorus section 

seldom vary by more than 24 semitones. Thus, if it is found that the range of the esti-
mated notes in a sequence is wider than the normal range, we can adjust the suspect notes 
by shifting them several octaves up or down, so that the range of the notes in an adjusted 
sequence conforms to the normal range. Specifically, let o = {o1, o2,…, oT} denote a note 
sequence estimated using Eq. (4). The adjusted note sequence o′ = {o′1, o′2,…, o′T } is ob-
tained by 
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where Z is the normal range of the sung notes in a sequence, e.g., Z = 24, and o is the 
mean note computed by averaging all the notes in o. In Eq. (5), a note ot is deemed a 
wrong note that must be adjusted if it is too far from o , i.e., |ot −o | > Z/2. The adjust-
ment is done by shifting the wrong note ⎣(ot−o + Z/2)/12⎦ or ⎣(ot −o − Z/2)/12⎦ octaves.  

Fig. 2 shows an example of the long term correction. In Fig. 2 (a), the estimated 
sung note sequence is {67,67,67,62,62,62,62,62,79,79,79,79,65,65,65} and its mean is 
64. If we consider the normal range of sung notes is 24semitones (±12 semitones), then 
notes {79,79,79,79} are likely incorrect, because they are 15 semitones above the mean 
(64), which exceed the normal range. Similarly, notes {47,47,47,47} are likely incorrect, 
because they are 17 semitones below the mean (64), which exceed the normal range as 
well. In Fig. 2 (b), notes {79,79,79,79} and {47,47,47,47} are modified by {67,67,67,67} 
and {59,59,59,59}, respectively, using Eq. (5). 

 
 

 
(a) Estimated sung notes 

 
79 79 79 79

47 47 47 47

Mean = 64

67

62 62 62 62 62

65 65 65
6767 67 67 67 67

59 59 59 59

{(Likely Wrong)

(Likely Wrong)

{

12 Semitones

12 Semitones

Correction

Correction

 
(b) Modification of the notes in (a) using Eq. (5) 

Fig. 2. Example of the long term correction. 
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With the note sequences },...,,{ 21 Tooo=O  and },...,,{ 21 Tooo ′′′′=′O  computed 

from the reference recording and an evaluated singing recording, respectively, the 
pitch-based rating can be done by comparing the difference between O and O′. However, 
since the lengths of the two sequences are usually different, computing their Euclidean 
distance directly is infeasible. To deal with this problem, we apply Dynamic Time Warp-
ing (DTW) to find the temporal mapping between O and O′. 

DTW begins by constructing a distance matrix TTttD ′×′= )],([D , where D(t, t′) is 
the distance between note sequences },...,,{ 21 tooo  and },...,,{ 21 tooo ′′′′ , computed using: 

   ,  
),()2,1(
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and 

                              d(t, t′) = | ot − ot′ | ,                       (7) 

where ρ is a small constant that favors the mapping between notes ot and ot′, given the 
distance between note sequences },...,,{ 121 −tooo  and },...,,{ 121 −′′′′ tooo . The boundary 
conditions for the above recursion are defined by 
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After the distance matrix D is constructed, the DTW distance between O and O′ can 
be evaluated by  

             [ ] ,
 otherwise   ,                      

2
2

  if   , /),(min),(DTWDist ),2min(2/
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where we assume that the length of a test singing should be no shorter than a half length 
of the reference singing and no longer than a double length of the reference singing. The 
distance DTWDist(O,O′) is then converted to a pitch-based score between 0 and 100: 

                   )],,(DTWDistexp[100 211 OO ′⋅⋅= kkS            (10) 
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where k1 and k2 are tunable parameters used to control the distribution of S1. 
 
 

2.2 Volume-based Rating 
 

Our basic strategy for volume-based rating is to represent an evaluated singing sig-
nal and the reference singing signal as short-term energy sequences, and then compare the 
difference between the two sequences. However, as the reference singing signal is inter-
mixed with background accompaniment, it is impossible to acquire the reference singing 
signal’s short-term energy sequence directly from the CD music data. To solve this prob-
lem, we use the sung note correction method described in Sec. 2.1 to help estimate the 
reference singing signal’s energy. Specifically, after the reference recording is converted 
from its waveform representation into a note sequence },...,,{ 21 Tooo=O , with the 
short-term and long-term note correction being performed, the short-term energy se-
quence },...,,{ 21 Tggg=G  is obtained using 

Tteg
tott ≤≤= 1 ,, ,                 (11) 

which is the energy of note ot in the t-th frame.  

Given an evaluated singing recording, we compute its short-term energy sequence, 
G′, and apply the DTW to measure distance, DTWDist(G,G′), between G and G′. Then, 
a volume-based score is obtained using 

)],,(DTWDistexp[100 212 GG ′⋅⋅= qqS             (12) 

where q1 and q2 are tunable parameters used to control the distribution of S2. Fig. 3 shows 
an example of short-term energy sequences, respectively, computed from an accompanied 
singing piece and two a capella singing pieces, in which all the three sequences are asso-
ciated with the same song but different singers. We can see that the contours of the 
short-term energy sequences in Fig. 3 (a), (b), and (c) are similar.  
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(a) Accompanied singing piece performed by Singer A. 

 

 
(b) A capella singing piece performed by Singer B. 

 

 
(c) A capella singing piece performed by Singer C. 

Fig. 3. Example of short-term energy sequences from three different singers singing 
the same song. 

 
 
 

2.3 Rhythm-based Rating 

 
Rhythm is related to the onset and duration of successive notes and rest performed 

by a singer. Thus, an intuitive approach to rhythm-based rating is to detect and compare 
the onsets of notes sung in the reference recording and an evaluated singing recording. 
There are a number of note onset detection algorithms [16] available to apply here, with 
SuperFlux [17] being the current state of the art. However, all the existing algorithms are 
designed for the pure vocal or pure instrumental music, and hence they may not work 
well for detecting the note onsets of the vocals accompanied with background music. Fig. 
4 shows some examples of the note detection with SuperFlux. We can see from Fig. 4 
that the detected onsets marked with the vertical lines are significantly different in be-
tween a pure vocal signal and its accompanied version. As the reference recordings in our 
task are accompanied vocals, it is expected that the detected note onsets‡ cannot reliably 
used for rhythm-based rating. 

                                                 
‡ Using dataset DB-1 described in Sec. 3.1, the recall, precision, and F-measure obtained 
with SuperFlux were 57.3%, 38.2%, and 45.8% respectively, based on an error tolerance 
of 100ms. 
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(a) 
 

(c) 

(b) 
 

(d) 
 

Fig. 4. Examples of the note detection with SuperFlux, in which (a) is a solo singing clip, 
and (b) is an accompanied singing clip by manually mixing (a) with the corresponding 

Karaoke accompaniment; (c) is a solo singing clip other than (a), and (d) is an accompa-
nied singing clip by manually mixing (b) with the corresponding Karaoke accompani-

ment. The vertical straight lines represent the detected note onsets. 
 
 

Instead of locating note onsets in a singing recording, we propose a rhythm-based 
rating method by exploiting the information from the note sequence used in the 
pitch-based rating. Fig. 5 shows an example of simulated note sequence for ease of dis-
cussion. In Fig. 5 (a), we can see that the test singing recording is of correct rhythm but 
wrong pitch, compared to the reference singing recording. On the contrary, we can see 
from Fig. 5 (b) that the test singing recording is of correct pitch but wrong rhythm. In Fig. 
5 (c), it is clear that there are errors in both rhythm and pitch of the test singing recording. 
Accordingly, the rhythm-based rating may be done by measuring and subtracting the 
pitch-related errors from the total errors in a test singing recording note sequence. 

Let },...,,{ 21 Tooo=O  and },...,,{ 21 Tooo ′′′′=′O  be the note sequences extracted 
from the reference recording and a test singing recording, respectively. We can observe 
the following four cases. 
(i)   If O and O′ are consistent in both pitch and rhythm, then obviously both the Eucli-

dean distance and DTW distance between O and O′ are zero, i.e., EucDist(O,O′) = 
DTWDist(O,O′) = 0. 

(ii) If O and O′ are consistent in pitch but inconsistent in rhythm, then EucDist(O,O′) > 
DTWDist(O,O′) = 0, because DTW can absorbs the difference of rhythm between 
O and O′. 

(iii) If O and O′ are inconsistent in pitch but consistent in rhythm, then EucDist(O,O′) = 
DTWDist(O,O′) > 0. 

(iv) If O and O′ are inconsistent in both pitch and rhythm, then EucDist(O,O′) > 
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DTWDist(O,O′) > 0 
Thus, the errors in rhythm can be characterized by EucDist(O,O′) − DTWDist(O,O′). 
For rhythm-based rating, we convert the errors into a rhythm-based score between 0 and 
100: 

{ },)],(DTWDist),(EucDist[exp100 213 OOOO ′−′⋅⋅= rrS      (13) 

where r1 and r2 are tunable parameters used to control the distribution of S3. Fig. 6 sum-
maries the overall procedure of the proposed singing-evaluation system. 

 
 

 
(a) 

 
(b) 

 
(c) 

Fig. 5. (a) errors in pitch, (b) errors in rhythm, (c) errors in both pitch and rhythm  
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)],(DTWDistexp[100 21 OO ′⋅⋅ kk

)],(DTWDistexp[100 21 GG ′⋅⋅ qq

)]},(DTWDist                        
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Fig. 6. The overall procedure of the proposed singing-evaluation system. 
 
 
 

3. EXPERIMENTS 
 

3.1 Music Database 
 
Two music datasets were created by ourselves. The first one, denoted by DB-1, 

contains 20 Mandarin song clips extracted from music CDs. For computational efficiency, 
each extracted music track was downsampled from 44.1 kHz to 22.05 kHz and stored as 
PCM wave. Each clip contains a verse or chorus part of song, which ranges in duration 
from 25 to 40 seconds. The second dataset, denoted by DB-2, has been created and used 
in [13]. It contains singing samples recorded by in a quiet room. We employed 25 singers 
to record for solo vocal parts of the 20 Mandarin song clips. Every singer performed 
solely with a Karaoke machine, which sang along with onscreen guidance to popular song 
recordings from which the vocals have been removed. The Karaoke accompaniments 
were output to singer’s headset and were not captured in the recordings. The recordings 
were stored in mono PCM wave with 22.05-kHz sampling rate and 16-bit quantization 
level.  

As described in [13], 10 among the 25 singers in DB-2, marked by Group I, are con-
sidered to have good singing capabilities. The other 10 among the 25 singers are those 
who like to sing Karaoke, but their singing capabilities are far from professional. They 
are marked by Group II. The remaining 5 among the 25 singers, marked by Group III, are 
considered to have poor singing capabilities. They sometimes cannot follow the tune, and 
some of them even never sing Karaoke before. To establish the ground truth for automat-
ic singing evaluation, the singing recordings were rated independently by four musicians 
we employed. The ratings were done in terms of technical accuracy in pitch, volume, 
rhythm, and combination thereof, in which the rating results given by the four musicians 
were averaged to form a reference score for each singing recording.  

We further divided Dataset DB-2 into two subsets. The first subset, denoted by 
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DB-2A, contains 150 recordings performed by 10 singers, in which 2 singers were se-
lected from Group I, the other 6 from Group II, and the remaining 2 from Group III. The 
second subset, denoted by DB-2B, contains the remaining recordings of DB-2 not cov-
ered in DB-2A. We used DB-2B to tune the parameters in Eqs. (1), (10), (12) and (13), 
and used DB-2A to test our system. Table 3 summarizes the datasets used in this paper. 

 

Table 3. The dataset used in this paper. 
Dataset Content Purpose 
DB-1 20 Mandarin song clips extracted from music CDs Reference bases 

DB-2-A Mandarin singing a capella clips performed by 10 ama-
teur singers; each 15 song clips System evaluation  

DB-2-B 
Mandarin singing a capella clips performed by 15 ama-
teur singers; each 20 song clips. The singers and songs 
are different from those in DB-2-A 

System parameter tuning 

 
 
 

3.2 Experiment Results 
 

3.2.1 Experiments on pitch-based rating 

First, we examined the validity of our method for converting waveform recordings 
into MIDI note sequences. All the recordings in DB-1 and DB-2-A were manually anno-
tated with the groundtruth MIDI note sequences. In our system, we set the length of frame, 
FFT size, parameters C, h, and B, in Eqs. (3) and (4) to be 30-ms and 2048, 2, 0.8, and 2, 
respectively. The performance of the conversion was characterized by the frame accura-
cy: 

.
framestotalofNo.

frames convertedcorrectly  of No.(%)Accuracy =        

We obtained accuracies of 85.2% and 97.8% for DB-1 and DB-2-A, respectively. Al-
though there is a greater number of errors occurring when the system deals with the ac-
companied singing recordings, its impact on the pitch-based rating is not fatal in the fol-
lowing experiment. 

We then used the singing recordings in DB-2A to evaluate the performance of the 
proposed pitch-based rating method. Here, we set the parameters ε in Eq. (8) to be 0.5. In 
Eq. (10), the parameters k1 and k2 were determined to be 1.07 and -0.06, respectively, 
using a regression analysis on the human ratings for DB-2B. The results of human rating 
and system rating are listed in Table 4. Here, each singer’s score was obtained by aver-
aging the scores of his/her 15 recordings and then rounding off to an integer. We further 
ranked all the singers’ scores in descending order. It can seen from Table 4 that the rank-
ing results obtained with our system are roughly consistent with those of the human rating, 
though there are score differences between the system rating and human rating. The re-
sults indicate that the singers in different groups can be well distinguished by our system. 
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Table 4. Results of the pitch-based rating for the 10 singers in DB-2A.  

Singer Index 1 2 3 4 5 6 7 8 9 10 
Group I I II II II II II II III III 

Human 
Rating 

Score 93 90 87 70 82 80 79 75 66 69 
Ranking 1 2 3 8 4 5 6 7 10 9 

System 
Rating 

Score 88 85 83 74 81 77 73 78 67 66 
Ranking 1 2 3 7 4 6 8 5 9 10 

 
 

We further simulated the case that a singer performs a song irrelevant to the refer-
ence song clip by computing the distances between each pair of distinct song clips’ note 
sequences and then substituting the distances into Eq. (10) to obtain the scores. Fig. 6 (a) 
shows the distribution of the resulting scores. We can see from Fig. 6 that the resulting 
scores are quite low if singers perform wrong songs, compared to the case in Fig. 6 (a) 
that singers perform correct songs. This result also implies that when the score of a test 
singing sample is less than 40, the singing may sound as if a wrong song is performed. 

 
 

(a) Singers perform wrong songs. 
 

(b) Singers perform correct songs. 
Fig. 6. Distribution of the pitch-based scores when singers perform correct and 

wrong songs. 
 
 
 

3.2.2 Experiments on volume-based rating 

The validity of the volume-based rating were then examined. The parameters q1 and 
q2 in Eq. (12) were determined to be 1.02 and -0.17, respectively, using a regression 
analysis on the human ratings for DB-2B. The results of human rating and system rating 
are listed Table 5. We can see from Table 5 that the ranking results obtained with our 
system are roughly similar to those of the human rating. 
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Table 5. Results of the volume-based rating for the 10 singers in DB-2A. 
Singer Index 1 2 3 4 5 6 7 8 9 10 

Group I I II II II II II II III III 
Human 
Rating 

Score 81 90 83 74 76 79 87 84 65 68 
Ranking 5 1 4 8 7 6 2 3 10 9 

System 
Rating 

Score 85 88 76 73 71 79 81 74 63 64 
Ranking 2 1 5 7 8 4 3 5 10 9 

 
Again, we simulated the case that a singer performs a wrong song clip. For each 

song clip in DB-1, the system used its energy sequence as a reference basis and then rated 
the 14 singing recordings in DB-2A that are irrelevant to the song of the reference basis. 
Fig. 7 shows the distribution of the resulting scores. It is clear from Fig. 7 that the result-
ing scores are quite low if singers perform wrong songs, compared to the case in Fig. 7 (a) 
that singers perform correct songs. Such a low score indicates that the proposed vo-
lume-based rating can well recognize if a singer performs a wrong song. 

 

 

 
(a) Singers perform wrong songs. 

 
(b) Singers perform correct songs. 

Fig. 7. Distribution of the volume-based scores when singers perform correct and 
wrong songs. 

 
 
3.2.3 Experiments on rhythm-based rating 

Next, we examined the validity of the rhythm-based rating. The parameters r1 and r2 
in Eq. (13) were determined to be 1.04 and -0.08, respectively, using a regression 
analysis on the human ratings for DB-2B. Table 6 shows the rating results. We can see 
from Table 6 that the ranking results obtained with our system are roughly consistent with 
the human rating. To gain insight into the discriminability of our system to different le-
vels of errors in rhythm, we randomly chose a singing clip performed by Singer #1 and 
manipulated its note sequence to simulate and measure how the score could drop when 
various levels of errors occur in rhythm, where Singer #1 is considered to be the one with 
the best singing capability among others in our database. Suppose that the original note 
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sequence is (62,62,62,62,71,71,71,71,71,65,65,65). The manipulation is done by intro-
ducing two types of errors in the sequence, one is "ahead of a beat" like 
(62,62,71,71,71,71,71,71,71,65,65,65), and the other is "behind a beat" like 
(62,62,62,62,62,62,71,71,71,65,65,65). Fig. 8 shows some examples of introducing the 
rhythmic errors in a note sequence, where the percentages are calculated by  

%.100
sequence original in the notes ofNumber 

 sequence original in the /deletedubstitutedinserted/s notes ofNumber 
×  

Fig. 9 shows the resulting drop in the score when rhythmic errors are introduced in a 
note sequence artificially. We can see from Fig. 9 that 10% errors roughly result in a drop 
of score by 3, and 50% errors can lead to a drop of score by 50. The results indicate that 
the proposed rhythm-based rating is capable of detecting the tiny rhythmic differences. 
This confirms the validity of the proposed rhythm-based rating. 

 

Table 6. Results of the rhythm-based rating for the 10 singers in DB-2A.  
Singer Index 1 2 3 4 5 6 7 8 9 10 

Group I I II II II II II II III III 
Human 
Rating 

Score 90 87 83 80 87 72 77 81 70 79 
Ranking 1 2 4 6 3 9 8 5 10 7 

System 
Rating 

Score 89 88 82 85 84 77 79 74 71 73 
Ranking 1 2 5 3 4 7 6 8 10 9 
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(a) 10% 

 
(b) 30% 

 
(c) 50% 

 
(d) 70% 

Fig. 8. Examples of introducing the rhythmic errors in a note sequence 
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Fig. 9. Drop in score when rhythmic errors are introduced in a note sequence  

artificially. 

 
3.2.4 Combination of pitch-based, volume-based, and rhythm-based rating 

Lastly, the overall rating system using Eq. (1) was evaluated. Here, the weights w1, 
w2, and w3 were estimated to be 0.44, 0.16, and 0.40, respectively, using the least square 
analysis of the human ratings for DB-2B. Table 6 lists the overall rating results. We can 
see from Table 7 that the scores obtained with the system rating roughly match those of 
the human rating. To evaluate the consistency between the results of the system rating and 
human rating, we computed the Pearson product-moment correlation coefficients [15] 
between human rating and system rating. As shown in Tables 8, we can see that there is a 
high positive correlation between the human rating and our system rating. The results 
obtained with our system are also comparable to those in a previous work [13] using Ka-
raoke music as reference bases, where the latter's task is considered to be easier than that 
of this work. This indicates that our system is capable of exploiting pitch, volume, and 
rhythm-based features from CD/mp3 song recording as reference bases for singing per-
formance evaluation.  

 
 
 

Table 7. Overall Rating based on Eq. (1)  
Singer Index 1 2 3 4 5 6 7 8 9 10 

Group I I II II II II II II III III 
Human 
Rating 

Score 90 89 85 75 83 77 80 79 67 73 
Ranking 1 2 3 8 4 7 5 6 10 9 

System 
Rating 

Score 88 87 81 78 81 77 77 76 68 68 
Ranking 1 2 3 5 4 7 8 6 10 9 
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Table 8. The Pearson product-moment correlation coefficient between the human 
rating and system rating 

 
Rating Method Our System System in [13] 

Pitch-based Rating 0.79 0.80 
Volume-based Rating 0.76 0.77 
Rhythm-based Rating 0.84 0.86 

Overall Rating 0.80 0.82 
 

4. CONCLUSIONS 
 

This study has developed an automatic singing evaluation system for general public. 
Given a CD/mp3 song recording as the reference basis, the proposed system rates a user’s 
singing performance by comparing it with the vocal in the song recording. This modality 
allows users to not only enjoy listening to and singing with CD/mp3 songs but also know 
how well or bad they sing. Recognizing a majority of songs contain background accom-
paniments during most or all vocal passages, we propose methods to extract pitch-, vo-
lume-, and rhythm-based features of the original singer in the accompanied vocals by 
reducing the interferences from background accompaniments. After examining the con-
sistency between the results of automatic singing evaluation with the subjective judg-
ments of musicians, we showed that the proposed system is capable of providing singers 
with a reliable rating.  

In the future, we will consider timbre-based analysis and sung lyrics verification to 
further improve the singing evaluation system. In the timbre-based analysis, we may con-
sider to use vibrato as a cue of singing evaluation. The method developed in [1] could be 
incorporated into our system. With regard to sung lyrics verification, there would be a 
need to investigate the difference between speech and singing so that a speech recognition 
system can be adapted to handle singing performances. In addition, rhythm-based rating 
may be further improved by incorporating note onset detection into our system. However, 
it is a prerequisite to develop reliable algorithms for detecting the onsets of notes sung in 
the accompanied vocal recordings. 

 

REFERENCES 

1. T. Nakano, M. Goto, and Y. Hiraga, “An automatic singing skill evaluation method 
for unknown melodies using pitch interval accuracy and vibrato features,” in Proc. 
Int. Conf. Spoken Language Processing (Interspeech), 2006.   

2. T. Nakano, M. Goto, and Y. Hiraga, “Subjective evaluation of common singing 
skills using the rank ordering method,” in Proc. Int. Conf. Music Perception and 
Cognition, 2006. 

3. T. Nakano, M. Goto, and Y. Hiraga, “MiruSinger: a singing skill visualization in-
terface using real-time feedback and music CD recordings as referential data,” IEEE 
Int. Symp. Multimedia, 2007. 

4. P. Lal, “A comparison of singing evaluation algorithms,” in Proc. Int. Conf. Spoken 
Language Processing (Interspeech), 2006.  



WEI-HO TSAI, CIN-HAO MA, AND YI-PO HSU 

 

 

5. O. Mayor, J. Bonada, and A. Loscos, “Performance analysis and scoring of the 
singing voice,” AES 35th Int. Conf., 2009.  

6. J. G. Hong and U. J. Kim, “Performance evaluator for use in a karaoke apparatus,” 
US Patent No. 5,557,056, 1996. 

7. C. S. Park, “Karaoke system capable of scoring singing of a singer on accompani-
ment thereof,” US Patent No. 5,567,162, 1996. 

8. K. S. Park, “Performance evaluation method for use in a karaoke apparatus,” US 
Patent No. 5,715,179, 1998. 

9. B. Pawate, “Method and system for karaoke scoring,” US Patent No. 5,719,344, 
1998. 

10. T. Tanaka, “Karaoke scoring apparatus analyzing singing voice relative to melody 
data,” United States Patent, 5,889,224, 1999. 

11. H. M. Wang, “Scoring device and method for a karaoke system,” US Patent No. 
6,326,536, 2001. 

12. P. C. Chang, “Method and apparatus for karaoke scoring,” US Patent No. 7,304,229, 
2007.  

13. W. H. Tsai and H. C. Lee, “Automatic evaluation of karaoke singing based on pitch, 
volume, and rhythm features," IEEE Trans. audio, speech, lang. process., vol. 20, 
no. 4, pp. 1233-1243, 2012. 

14. H. M. Yu, W. H. Tsai, and H. M. Wang, “A query-by-singing system for retrieving 
karaoke music,” IEEE Trans. Multimedia, vol. 10, no. 8, pp. 1626–1637, 2008. 

15. R. A. Fisher, “On the ‘probable error’ of a coefficient of correlation deduced from a 
small sample,” Metron, vol. 1, pp. 3–32, 1921. 

16. J. P. Bello, L. Daudet, S. Abdullah, C. Duxbury, M. Davies, and M. Sandler, “A tu-
torial on onset detection in music signals,” IEEE Trans. speech audio process., vol. 
13, no. 5, pp. 1035-1047, 2005. 

17. S. Bock and G. Widmer, “Maximum filter vibrato suppression for onset detection,” 
in Proc. 16th Int. Conf. Digital Audio Effects, 2013. 

 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


