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Abstract - This paper presents a threshold adaptation based voice query transcription scheme for music information 

retrieval. The proposed scheme analyzes monophonic voice signal and generates its transcription for diverse music 

retrieval applications. For accurate transcription, we propose several advanced features including (i) Energetic Feature 

eXtractor (EFX) for onset, peak, and transient area detection; (ii) Modified Windowed Average Energy (MWAE) for 

defining multiple small but coherent windows with local threshold values as offset detector; and finally (iii) Circular 

Average Magnitude Difference Function (CAMDF) for accurate acquisition of fundamental frequency (F0) of each frame. 

In order to evaluate the performance of our proposed scheme, we implemented a prototype music transcription system 

called AMT2 (Automatic Music Transcriber version 2) and carried out various experiments. In the experiment, we used 

QBSH corpus [1], adapted in MIREX 2006 contest data set. Experimental result shows that our proposed scheme can 

improve the transcription performance.
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1. Introduction

With the explosive growth of digital music and audio 

contents, efficient retrieval of such data is getting more and 

more attention, especially in large scale multimedia database 

applications.

For querying, query-by-humming (QBH) [2] is known as 

one of the most intuitive methods even for non-professional 

users. Typically, QBH systems take a user’s acoustic input 

(a short clip of singing, whistling or humming) through a 

microphone, extract necessary features from the input, and 

then retrieve matched or similar ones based on the 

comparison of such features with songs in the database. 

This is especially useful when the user does not know 

detailed information about the music such as its title or 

singer but just remembers short segments of the music.

On the other hand, the result quality of QBH is strictly 

dependent on the accuracy of music transcription such as 

duration or pitch of each note. Music transcription can be 

defined as a task of transforming an acoustic musical signal 

into a symbolic representation based on the musical events 

such as notes, pitches and durations. Thus, an efficient 

transcription algorithm is one of the most critical 

components in QBH systems.

In this paper, we focus on the automatic transcription of 

voice music signals and address and solve four different 

subproblems in the music transcription using several 

advanced features such as EFX for onset detection and 

MWAE for offset detection.

The remainder of this paper is organized as follows. 

Section 2 summarizes related works on voice query 

processing and feature analysis techniques in time-domain 

and spectral-domain. Section 3 describes our proposed 

time-domain feature extraction methods such as EFX, DTC, 

and MWAE. Section 4 presents our extended scheme for 

voice query transcription. Section 5 deals with details of our 

implementation and experimental results. Finally, Section 6 

concludes this paper.

2. Related Works

1) Onset Detection

Bello et al. [8] compared some of the most commonly 

used techniques for musical onset detection in his tutorial 

paper. He also proposed algorithms combining phase and 

energy information for onset detection by extracting audio 

features from the STFT [9]. Duxbury et al. [10] presented a 

method for onset detection in musical signal that improves 

over previous energy-based and phase-based approaches by 

combining both types of information in the complex domain.

Scheirer [11] presented methods for using several 

frequency bandpass filters to determine onsets and banks of 
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parallel comb filters to analyze the high-level information 

such as beat and tempo in music. However, onset detection 

only served as a preprocessing stage in his overall system 

where not every onset has to be located accurately. Klapuri 

[12] proposed a mathematical method to cope with sounds 

that exhibit onset imperfections. He also proposed a method 

that utilizes bandwise processing and a psychoacoustic model 

of intensity coding to combine the results from the separate 

frequency bands.

Some researches addressed the problem of the 

performance evaluation of algorithms for automatic onset 

detection. P. Leveau et al. [13] designed a software tool 

called SOL (Sound Onset Labellizer). It can obtain a set of 

reference onset times that are cross-validated amongst 

different expert listeners. Since MIREX 2005 [14], the Music 

Information Retrieval Exchange, onset detection contest was 

added in order to compare state-of-the-art onset detection 

algorithms on music recordings from a large, various and 

reliably-annotated dataset.

2) Pitch Tracking and Noise Reduction

Sylvain [15] presented a method for detecting the pitch of 

sound using the Order-1 Fourier transform  for finding out 

the precise pitches of harmonic sounds such as the voice or 

classic musical instruments, but also of more complex 

sounds like rippled noises.

Eric et al. [16] developed a pitch tracker based on the 

fast lifting wavelet transform (FLWT). Their pitch tracking 

algorithm implemented a FLWT using the Haar wavelet 

mathematically equivalent to running a lowpass filter and 

downsampling.

Average magnitude difference function (AMDF) [3] is an 

efficient method for tracking F0 of monophonic signal. 

However, AMDF has the following problems; AMDF is 

highly influenced by intensity variation and background 

noise. And also, AMDF results always should be analyzed 

by other heuristic algorithms. Thus, extended versions of 

AMDF, such as HRAMDF [17] and LVAMDF [18] were 

proposed in order to solve these problems.

Recently, circular AMDF (CAMDF) [7] was proposed. 

Even though CAMDF is simpler than other extended 

versions of AMDF, its performance is quite good. Also, it is 

easy to substitute the traditional AMDF. Thus, we use 

CAMDF in this paper.

3) Musical Transcription Systems

Sterian and Wakefield [19] developed an automated music 

transcription system. To assess the performance of the 

system under real world constraints, they proposed a single 

numerical goodness-of-transcription score that is a single 

weighted sum of quantitative differences between features of 

the transcription and the source material. They considered 

only the most salient features of a note stream, the 

frequency of the notes and the times of onset and offset.

M. Ryynanen et al. [20] proposed a singing transcription 

system based on modeling notes events using HMM.

3. Onset Modeling and Feature Extraction

1) Energetic Features

AE indicates the average amount of energy of frames. 

Since the power of each sample can be defined as squared 

form, AE is defined by the following equation:

  
 

  ∥∥ (1)

, where x(k) is a frame of a discrete signal sequence, and 

N is the frame size.

Because AE represents the energy level of each frame, 

AE can be used to detect voiced frames intuitively. In the 

monophonic signal with minimized noisy recording, the 

energy level -70 through -50dBV is the boundary of silence. 

However, it is not appropriate to establish a static threshold 

value for detecting voiced and silent frame, because each 

recording device usually has its own configuration and 

characteristics. To overcome this limitation, we proposed 

EFX, DTC, and MWAE, based on the definition of our onset 

model that follows.

2) Onset Model

Fig. 1 depicts the onset model describing a note that 

consists of several feature points and areas like onset, peak, 

offset, attack area, transient area, and decaying area. This 

model is similar to the model by J. P. Bello et al. [8]. 

However, for more realistic note representation, we added an 

offset definition and modified some of them.

The onset is defined as start point of a note. The exact 

onset detection is very hard because sometimes the energy 

arises gradually. However, most of the onsets are observed 

when the difference of the energy arises suddenly.

As soon as the energy arrives on its local maximum, the 

energy starts decreasing for a while. This local maximum is 

called as peak. And also, the area from the onset through 

the peak is defined as attack area.

On the other hand, the transient area represents the area 

that has no predictable pattern. In the spectral domain, 

harmonics are just being generated and are not stabilized. 

However, human beings usually recognize this area to be 

articulated. Meanwhile, in the time domain, the transient 

area starts from the onset and lasts until it arrives at about 

70% of the energy level.

The offset can be defined in two different ways; As a 

boundary point, and as a close point. The former means that 

the point is a boundary that breaks up two consonants. In 

this case, the onset of next consonant is usually the offset 

of previous consonant. The latter means that the point 

represents the critical point which represents the harmonics 

completely. Usually, the harmonics became invisible when 

the energy level is less than -60 dBV. Finally, the decaying 
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Fig. 1 The modified onset model for a snippet.

Fig. 2 EFX result of a recorded song.

Fig. 3 DTC result of a EFX-processed recorded song.

Fig. 4 Sample MWAE.

area is defined as the peak through the offset.

Next, we describe methods for detecting all the features 

mentioned in the onset model.

A. Energetic Feature eXtractor (EFX)

In our previous work [6], we proposed the ADF for 

detecting the onset using amplitude function (AF). However, 

ADF has some defects. First, the amplitude summation of 

AF is less distinguishable than AE. Second, it cannot reflect 

the intention of human voice strength variation, because the 

simple summation has less meaning than the squared 

representation of AE. Finally, it can detect only onsets. For 

detecting additional features, extra processes need to be 

done.

Our Energetic Feature eXtractor (EFX) can resolve many 

of the limitations. Some of its main features are follows: (i) 

EFX can detect diverse features, such as peak, 

attack/transient areas and onset; (ii) the onset detection 

procedure was improved by manipulating the threshold. 

Finally; (iii) the process for extracting additional features are 

simplified a lot. 

EFX takes four input arguments; AE, three types of 

thresholds (for AE, energy difference, and peak clipping), 

window length, and transient ratio, and generates onset 

positions and their values, peak positions and their values, 

and attacking/transient areas. 

Fig. 2 shows the EFX result for a recorded song 

composed of 18 consonants. 10 of them are the plosive or 

fricative consonants. Generally, the plosive and fricative 

consonants contain non-harmonic or noisy frequency band, 

and they are usually articulated as the initial sound in the 

process of consonant articulation. For example, in the figure, 

the second and sixth consonants show such phenomenon. 

Also, the fourteenth consonant was separated into initial 

sound, a set of neutral vowels and final harmonic consonant. 

In summary, EFX can detect almost all the consonants, and 

extract all the harmonic elements.

B. Dynamic Threshold Curve (DTC)

In general, when human starts singing or humming, the 

energy of voice contour increases suddenly. On the other 

hand, as singing or humming approaches to the offset, the 

energy of voice contour decreases gradually by a certain 

ratio. Based on this observation, we defined a dynamic 

threshold curve (DTC) to detect meaningful/meaningless 

onsets [4].

Fig. 3 represents the result of this algorithm for the same 

song in Fig. 2. The DTC in thick line shows gradually 

decreasing pattern from each peak, which is similar to the 

AE decaying curve.

C. Modified Windowed Average Energy (MWAE)

In our previous works [4-5], we used WAE for note 

detection. WAE is an advanced version of AE with global 

threshold. In WAE, multiple local thresholds were used to 

improve the accuracy of frame discrimination. However, still 

extra steps for cleansing note segments such as merging 

segment policy [4] are needed. In this paper, we improved 

WAE further for more accurate offset detection.

The differences between WAE and MWAE are as 

follows: Firstly, MWAE looks for a peak and the next onset, 

and computes the offset based on maximum AE in the 

coherent window. This approach helps to exclude several 

meaningless frames between peak and the next onset. 

Consequently, we can obtain accurate decaying area; 

Secondly, WAE detects several note onsets, containing both 

onset and offset. However, this approach cannot tell onsets 

from peaks, and has the risk of inaccurate onset detection. 

A sample result of MWAE algorithm is shown in Fig. 4.

3) Pitch Extraction

Pitch is one of the most important parameters in the 

voice signal analysis and can be determined from the F0 of 
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Fig. 6 Overall architecture of proposed scheme.

Fig. 7 Sample note detection.

Fig. 8 Sample K-means clustering.

the unit frame. To detect F0, we use CAMDF [7], a 

modified version of AMDF [3].

Equation (2) below defines the CAMDF and Fig. 5 shows 

the difference between AMDF and CAMDF in terms of F0 

tracking.

( ) ( )( ) ( )∑
=

−+=
N

k
NkxNsks

1
/,modxCAMDF (2)

Under the assumption that there is only one voice query 

in the input signal, CAMDF reflects the frequency with the 

strongest magnitude because of the local extremes. Local 

extremes are those periodic valleys in the result of CAMDF. 

Thus, fundamental period of a frame can be defined as the 

periodic distance between local extremes. F0 can be defined 

as the reciprocal of the fundamental period.

4. Voice Query Transcription

In this section, we present our voice query transcription 

scheme. Fig. 6 shows the overall architecture for voice 

query transcription.

1) Processing

Human voice consists of diverse frequency elements. But 

when a person is humming or singing, we can recognize the 

note pitch under the assumption that human voice has a 

fundamental period in a very short time interval. That is, 

human voice has one monotonic melody and it has only one 

F0 in a short time interval. Thus, it is necessary to segment 

the human voice signal into frames.

2) Savitzky-Golay Filter

AE also contains kind of noisy component, since human 

beings usually speak or sing with unstable energy 

distribution. FIR or IIR filter might be a solution to remove 

such noisy components. However such filters often need 

customization for diverse problems. For example, if the 

sampling rate of the sound source is changed, then the filter 

needs to be redesigned. For good performance, filters should 

be tuned by the resolution or objective, and the target 

spectrum. 

Thus, as a simple but effective smoothing filter for AE 

analysis, we used Savitzky-Golay Filter [21]. The principal 

of the Savitzky-Golay filter is as follows: with the selected 

data interval, a low-order polynomial function is fitted to the 

data within this interval; next, the experimental point is 

replaced by the polynomially predicted one at the center of 

the interval; the process is repeated after shifting the 

window ahead by one sampling interval; finally, this results 

in a smoothing signal.

3) Note Detection

Using our proposed scheme, the note detection is very 

simple. EFX detects onsets and peaks and as a result, both 

attacking and transient areas are obtained. For accurate 

detection of peaks, we apply the DTC on the onsets and 

peaks that were detected by the EFX. Also,  the offsets are 

detected by MWAE. If we combine the peaks and offsets, 

we can get decaying areas. Based the onset model in Fig. 1, 

we can get the notes by merging the attacking, transient 

and decaying areas. Fig. 7 shows the result of sample note 

detection.

4) Pitch Detection and Analysis

Although the note onset/offset information becomes more 

accurate after the integration, the pitch information can be 

still incorrect in many cases. This can be remedied by 

realigning the pitch information for each note segment.

We need to recalculate F0 of the raw CAMDF from each 

note segment. To do that, K-means clustering [22] method 

was applied to each note segment, except the traditional 

averaging method, since it cannot reflect the F0 of each 

note segment perfectly due to some noisy values. Fig. 8 

shows the result when K-means clustering is used.

5. Experiments

1) AMT2

To evaluate the performance of our proposed scheme, we 
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Fig. 9 User interface of AMT2

implemented a prototype system and carried out many 

experiments on it. Fig. 9 shows the user interface of our 

prototype system implemented in GUIDE of MATLAB in 

order to transform voice query signal to queryable format.

2) Evaluation Method and About Dataset

In order to evaluate the performance of our proposed 

scheme, we first established appropriate parameters for 

onset, peak, and offset detections. And then, we compared 

the performance of our proposed scheme and the previous 

one by transcribing the source dataset to the scores, and 

comparing them with the ground-truth dataset.

For fair evaluation, we modified the audio onset detection 

evaluation method from MIREX contest which was used in 

MIREX 2005 through 2007 [14].  Conceptually, we extended 

this evaluation method to apply not only on onsets but also 

on peaks and offsets. Detailed description can be found in 

[14].

As for the evaluation dataset, we used the QBSH corpus 

of Roger Jang [1] containing 2797 singing/humming clips 

from about 118 persons. Each song is recorded in 8,000Hz, 

8bits, mono. Also, the dataset contains manually labeled 

pitch data as the ground-truth set. This dataset has been 

widely used in the contest of MIREX 

Query-By-Singing/Humming. However, they are still not 

tested in the accurate voice transcription engine. Thus, we 

evaluated the QBSH corpus for the correct QBSH 

transcription.

We set the frame size as 256 samples with the frame 

length of 32ms in the 8,000Hz sampling rate. Frames were 

not overlapped. Also we set the tolerance window of 

evaluation by 250ms.

3) Audio Detection Evaluation

First, we investigated the EFX onset detection by 

changing some EFX input parameters, such as energy 

difference threshold, peak clipping threshold, and window 

threshold. Here, we fixed the AE threshold, transient ratio, 

and window size by -70 dBV, 70%, and 3 frames, 

respectively, because (i) Usually AE bigger than -70 dBV 

indicates the existence of pitch; (ii) transient ratio does not 

affect the accuracy of onset detection; (iii) in the case of 

voice, duration of attacking area does not exceed 5 frames 

(160ms).

Fig. 10 show the EFX onset detection. Fig. 10(a) and (b) 

perfectly depict the precision-recall tendency. Recall-precision 

seems to be the most balanced when the energy difference 

threshold is -120 dBV and the peak threshold is -80 dBV. 

We also analyze the result in terms of f-measure, as shown 

in Figs. 10(c) and (d). These figures also show that the 

most appropriate thresholds for energy difference and peak 

are -120 dBV and -80 dBV, respectively. 

Second, we investigated the DTC peak detection by 

changing the DTC status with fixed EFX parameters, 

obtained in the previous experiment. We compared the EFX 

only and EFX+DTC by changing DTC input parameters. 

Among the parameters, threshold was fixed to -70 dBV, 

since it means the minimum pitch existence condition. We 

evaluated EFX+DTC using various ratios and maximum 

distances as depicted in Figs. 10(e) to (h).

Finally, we investigated the MWAE offset detection by 

applying MWAE to EFX+DTC whose parameters were 

obtained in the previous test. We changed the ratio and 

window size, and fixed minimum threshold with -70 dBV, 

the minimum pitch existence condition. Figs. 10(i) to (l) 

show the detailed result.

4) Transcription Procedure

In this section, we evaluate the transcription performance 

by comparing AMT2 to our original AMTranscriber (AMT) 

[4]. The original AMT implements our old schemes, such as 

ADF, WAE, DTC. For the best result, we used the 

parameters in [4-5]; global threshold of AE magnitude of 

0.003 (-58.09 dBV), unit window size of 16 frames, and the 

differential ratio to 20% for WAE, and 50% ratio. On the 

other hand, for AMT2, we used the parameters obtained in 

Section 5.3 

For the performance comparison, we measured four 

different types of errors. Drop errors represent lost or 

merging notes. Add errors represent added notes and pitch 

errors count incorrect adjacent pitch changes. Duration 

errors occur if the difference between the detected duration 

and exact duration is larger than the smaller one. 

Table 1 represents overall experimental result. For each 

type of error, the table shows the total number of notes and 

the average error rate. The result shows that our proposed 

scheme reduced all the types of errors significantly. EFX 

and DTC enhanced the accuracy of onset and peak detection 

so that add errors and drop errors were reduced compared 

to AMT with ADF. In the case of duration errors, MWAE 

in AMT2 enhanced the offset detection accuracy and hence 

the errors were reduced compared to the WAE in AMT. 

Finally, pitch errors were reduced with CAMDF.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Fig. 10 Recall-precision graphs of EFX by grouping (a) energy difference threshold (b) peak threshold, f-measure graphs by 

grouping (c) energy difference threshold (d) peak threshold; Recall-precision grpahs of DTC by grouping (e) ratio (f) 

maximum length, F-measure graphs by grouping (g) ratio (h) maximum length; Recall-precision graphs of MWAE by 

grouping (i) ratio (j) window size, f-measure grpahs by grouping (k) ratio (l) window size

6. Conclusion

In this paper, we proposed an improved scheme for 

converting original voice query signals into appropriate note 

representation for QBSH-based music retrieval. For more 

robust pitch tracking, we proposed EFX and DTC. 

Furthermore, in order to obtain more accurate duration, we 

proposed MWAE to detect the note offset. We implemented 

a prototype system AMT2 based on these features and 

performed various experiments for the dataset widely used 

in the MIREX contest. With our query transcription scheme, 

the total number of errors during the transcription was 

decreased significantly.
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