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Abstract: With the increase in the number of music files on various devices, it can be difficult
to locate a desired file, especially when the title of the song or the name of the singer is not
known. We propose a new query-by-singing/humming (QbSH) system that can find music
files that match what the user is singing or humming. This research is novel in the following
three ways: first, the Fourier descriptor (FD) method is proposed as the first classifier; it
transforms the humming or music waveform into the frequency domain. Second, quantized
dynamic time warping (QDTW) using symmetrical search space and quantized linear scaling
(QLS) are used as the second and third classifiers, respectively, which increase the accuracy
of the QbSH system compared to the conventional DTW and LS methods. Third, five
classifiers, which include the three already mentioned along with the conventional DTW using
symmetrical search space and LS methods, are combined using score level fusion, which further
enhances performance. Experimental results with the 2009 MIR-QbSH corpus and the AFA
MIDI 100 databases show that the proposed method outperforms those using a single classifier
and other fusion methods.

Keywords: QbSH; Fourier descriptor; QDTW and DTW using symmetrical search space;
five classifiers; score level fusion

1. Introduction

With the increase in the variety of multimedia devices available, such as MPEG-1 audio layer-3
(MP3) players, smart phones, and portable media players, many people download more and more music
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files. Thus, audio fingerprinting systems have been developed for music files on mobile devices [1]. In
addition, automatic music recommendation systems have been developed, which perform automatic
genre classification, music emotion classification, and music similarity query [2].

With the increase in the number of music files, people also find it difficult to locate a particular
desired music file, especially in case that the title of the song or the name of the singer is not known.
Query-by-singing/humming (QbSH) methods have been introduced as a consequence, which allows the
users to find music files that match singing or humming input. There have been many studies on QbSH
systems [3—14]. They can be classified in terms of the used features and the matching method. Based on
the former, the previous QbSH systems can be further categorized into note-based and frame-based
methods [3—5]. Frame-based methods use the original pitch data as a feature [6—9]. In the note-based
method, the pitch data is segmented into notes that are represented as quantized values and it can also
have additional information such as interval, duration, and tempo [10—-14]. Based on the matching
method, QbSH systems can be categorized into those that use top-down and bottom-up methods [3,4].
The top-down method compares the global shape of the input query with that of the reference music
file [6,7,10]. The bottom-up method compares the input query to the reference musical instrument digital
interface (MIDI) file using a local feature [8,9,11-14].

These methods use only one classifier for matching [6—14]. In order to enhance the matching
accuracy, previous QbSH systems combine a few matchers. Nam et al. proposed a two-classifier-based
method using a quantized binary (QB)-code-based LS algorithm and pitch-based DTW algorithm based
on score fusion using the MIN rule [3]. Nam et al. also proposed a multi-classifier based method based
on pitch-based linear scaling (LS), pitch-based DTW, QB-code-based LS, local maximum and
minimum-point-based LS, and pitch distribution feature-based LS [4]. However, since the matching
accuracies of local maximum and minimum point-based LS and pitch distribution feature-based LS are
relatively lower than those of other classifiers, there is still room for enhancement in performance.

In previous research [15] proposed a method for improving the searching speed and accuracy of a
query by humming (QBH) system including feature fusion, reduction of candidates set, and rescoring of
multiple similarity measurement based on piecewise aggregate approximation (PAA), earth mover’s
distance (EMD), and dynamic time warping (DTW) methods. Li et al. proposed the QBH system based
on the multi-stage matching of coarse matching using EMD and precise matching using DTW [16]. In a
previous study [17], Stasiak et al. proposed the QBH system based on the adaptive approach in DTW
method using tune following which can solve the pitch alignment problem. Itakura et al. proposed the
method of speech recognition using dynamic programming (DP) algorithm based on minimum prediction
residual and linear prediction coefficients (LPC) [18].

In our research, a new QbSH system that combines multiple classifiers using score level fusion is
proposed. Five classifiers are used to calculate the dissimilarity between the input query and the reference
songs: the Fourier descriptor (FD), pitch-based DTW using symmetrical search space, pitch-based LS,
quantized DTW (QDTW) using symmetrical search space, and quantized LS (QLS). The five calculated
matching scores from the five classifiers are combined using the Weighted SUM of Log rule. Table 1
shows the summarized comparisons of the proposed method to previous researches.
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Table 1. Summarized comparisons of the proposed method to previous ones.

» Matching with single classifier to calculate the score

Single Method i .
. between input query data and reference music data [6—14]
classifier-based —
Advantage * Low processing time
method ) . .
Disadvantage * Limitation to enhance the matching accuracy
» Combining the matching scores (by two or more
Method ) .
classifiers) based on score level fusion
Previous * Enhancement of matching accuracy compared to that by
Advantage . .
methods single classifier-based method
[3,4] + Since some classifiers have poor matching accuracy, there
Disadvantage is the limitation of enhancement.
Multiple * High processing time
classifier-based Method » Combining the matching score (by five classifiers) based
etho
method on Weighted SUM of Log rule
* Enhancement of matching accuracy compared to previous
Proposed methods
Advantage . . . .
Method * Lower processing time compared to previous multiple
classifier-based methods
) » Higher processing time compared to single classifier-based
Disadvantage

method

The rest of this paper is organized in the following manner: The proposed method is explained in
Section 2. The experimental results and conclusions are presented in Sections 3 and 4, respectively.

2. Proposed Method
2.1. Overview of the Proposed Method

Figure 1 shows a flowchart of the proposed method. First, the pitch value is extracted from the input
humming data by musical note estimation [3,4]. Then, the extracted pitch values are normalized [3,4].
The 0 values in the extracted data are then removed, because they do not possess any feature information.
In general, the pitch range of the input humming is different from that of the musical instrument digital
interface (MIDI) data. In addition, the pitch contour of the input query has considerably more noise than
the MIDI data. Thus, a normalization process is performed, which includes median filtering, average
filtering, and min-max scaling methods.

The five scores from the five classifiers are then calculated. The five classifying methods are FD,
pitch-based DTW, pitch-based LS, QDTW, and QLS. The five calculated scores are combined using score
level fusion in order to match the input query to a corresponding reference MIDI file. By using this
combined score, the MIDI file with the minimum score is identified as a match.

2.2. Pitch Extraction and Normalization

From the input humming data, the pitch values are extracted. The pitch value is extracted every 32 ms. A
voice-activity detection algorithm (VAD) is used to reduce the pitch extraction error by extracting the
pitch data in the voiced frames [3,4,19]. Then, the pitch values are extracted using the spectral-temporal
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autocorrelation (STA) method, which utilizes both spectral autocorrelation (SA) and temporal

autocorrelation (TA) simultaneously [3,4,20]. Figure 2a,b shows the pitch value extracted from the input

humming and reference music data, respectively, according to time.
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Figure 1. Flowchart of the proposed method.
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Figure 2. Extracted pitch contours of the input query and reference MIDI of same song. The
Ist example of (a) the input query (b) the reference MIDI. The 2nd example of (¢) the input
query (d) the reference MIDI. The 3rd example of (e) the input query (f) the reference MIDI.

As shown in Figure 2, the range of pitch value of input humming data are usually different from those
of reference music data, which is caused by the individual variations, gender, and ages. In addition, noises
can occur during the user’s singing or humming, because of surrounding and line noise through
microphone. All of these factors degrade the matching accuracy between the input humming and the
reference music data, which requires the normalization method. Therefore, the proposed method
normalizes the pitch values of both the input humming and MIDI data. The normalization methods
include median filtering, average filtering, and min-max scaling [3,4].

Firstly, the input query data includes considerable noises such as impulse noises. These are caused by
the input line and the surrounding noise during recording, and also by the user’s movements. Since these
noises can be factors that degrade the matching accuracy, additional normalization processes, including
median filtering and average filtering, are performed. Median filtering eliminates the peak noise in
accordance with the order-statistics method [21]. It selects the filtered value as the median value for the
entire mask. The peak noise in the data is eliminated by median filtering. Average filtering replaces the
filtered value with the average for the entire mask. The input query data includes considerable vibration
and shaking, whereas the MIDI data does not. In order to compensate for this difference, average filtering
is used, which smoothes out the noise data. Finally, min-max scaling is used to ensure that the pitch
ranges in both the input query and MIDI data are the same. Through the normalization process, the
problems caused by input query noise are overcome, and the differences in the ranges between the input
query and MIDI data are thereby compensated. That is, as shown in Figure 2, the min, max, and range
of input query are different from those of reference MIDI although they are same song. Therefore, in our
research, we perform the min-max scaling in the range of =5 to 5, and we can reduce these differences
between input query and reference MIDI as shown in Figure 3.
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Figure 3. Normalized pitch contours. (a,b) are from the 1st example of Figure 2. (¢,d) are
from the 2nd example of Figure 2. (e,f) are from the 3rd example of Figure 2. (a,c,e) are the
input query data, and (b,d,f) are the reference MIDI data.

For example, with Figure 2¢,d, the min, max, and range of input query are about 48, 58, and 10,
respectively, which are different from those of reference MIDI (about 58, 75, and 17, respectively) although
they are same song. However, the min, max, and range of the input query and reference MIDI are adjusted
to be same as —5, 5, and 10, respectively, as shown in Figure 3c,d, which can enhance the similarity between
the input query and reference MIDI. As the other example with Figure 2e,f, the min, max, and range of
input query are about 40, 60, and 20, respectively, which are different from those of reference MIDI
(about 56, 68, and 12, respectively) although they are same song. However, the min, max, and range of
the input query and reference MIDI are adjusted to be same as —5, 5, and 10, respectively, as shown in
Figure 3e,f, which can enhance the similarity between the input query and reference MIDI. To prove
this, we compared the accuracies without min-max scaling to those with min-max scaling (See details in
Section 3).
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2.3. Matching Algorithms

The starting position of input query is not usually same to that of the reference MIDI data, making
the user’s singing or humming unmatchable. Therefore, the pitch data of the input humming are matched
with the MIDI data by moving the start position, as shown in Figure 4. Generally, the user sings or hums
the opening lines of some phrases in the reference music. Thus, the proposed system estimates all start
positions for phrases in the reference data before the matching procedure, and tries to match the estimated
start positions of phrases by moving the input query data. The start positions of phrases are estimated
based on the change position from zero to non-zero pitch in the MIDI data. However, the end positions
are difficult to be estimated, and the proposed method performs the matching between the input query
and the part of reference MIDI data based on only the start position (without the knowledge of end
position) by shrinking or stretching the length of the input query. This procedure of matching is iterated
at each start position of the MIDI data. Then, the end position in the MIDI data can be estimated as the
position with which the smallest dissimilarity is measured by matching between the input query and
MIDI data. The proposed method uses the following five algorithms for matching.
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Figure 4. Matching by moving the start position of the input query.
2.3.1. Fourier Descriptor

Fourier transform is used to analyze the global and local feature patterns in the frequency domain.
Through the transform from the spatial or time domain to the frequency domain, complex coefficients
called the Fourier descriptor (FD) are obtained [21]. The FD represents the shape of the data in the
frequency domain [22].

In order to apply this method in the QbSH system, the proposed method considers the pitch contour
as the shape of the data, and performs the Fourier transform on the pitch contour. The transformed data
includes the amplitudes of low-frequency and high-frequency components, which represent the global
shape and detailed (local) shape of the pitch contour, respectively. In general, the amplitude by the Fourier
transform is affected by the magnitude of the original signal. To overcome this problem, the amplitude
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values obtained from the Fourier transform are normalized by the direct current (DC) component

obtained from the Fourier transform as shown in Equation (1).

T

S = 4| . i
4

: 0]

4
where Ao is the amplitude of the DC component, A4; is the amplitude of the ith component obtained from
the Fourier transform. As explained in Section 2.2, the pitch value is extracted every 32 ms in our
research. Therefore, the sampling frequency is 31.25 (1000/32) Hz. Because the window size of Fourier
transform is 256, the consequent spectral resolution of the Fourier transform is about 0.122 (31.25/256) Hz.

The number of coefficients included in the descriptor FD is 246 by excluding the 10 higher-frequency
coefficients among the total 256 coefficients (including 1 DC coefficient). The optimal number of
higher-frequency coefficients to be excluded was experimentally determined, by which the highest MRR
was obtained. Detail explanations about the MRR are shown in Section 3. All the coefficients included
in the descriptor FD are treated equally (by a plain Euclidean distance). Through the min-max scaling of
the normalization stage, the mean value is not zero and the consequent DC value of descriptor FD is also
non-zero. The normalization by DC value in Equation (1) is used to obtain shift invariance. In order to
prevent the case of the division by zero in Equation (1), we use a non-zero offset value in the denominator
of Equation (1) only if the calculated DC value is zero.

In order to measure the dissimilarity, the normalized amplitudes of the FD of the input query are
compared to those of the reference MIDI on the basis of the Euclidean distance (ED).

2.3.2. Dynamic Time Warping Algorithm

Generally, the entire length of the input humming is different from the reference MIDI. In addition,
the length of the part of the humming can be shorter or longer than that found in the reference MIDI,
because a user may hum some part quickly and some parts slowly. In order to overcome this problem,
DTW is widely used [3—5,9]. The main concept behind the DTW algorithm is to search for the corresponding
path between the input humming and the reference MIDI through insertion and deletion.

There is the following constraint required when using the DTW algorithm [3,4]. The constraint
concerns the search space, as shown in Figure 5, and can reduce the processing time. Although the lengths
of the input query and reference MIDI are different, the difference in length is not too great, generally.
Therefore, the distance does not need to be calculated in all positions in the search space. In Figure 5,
the horizontal and vertical axes represent the reference MIDI and input query data, respectively. Line
(A1A3) is the optimal path denoting that the input query and reference MIDI are perfectly matched without
any difference in length. In the DTW algorithm, which matches two patterns through insertion and deletion,
the search space of the DTW algorithm can be the entire area (A1A2A3A4).

The processing time can be reduced by reducing the search space to the parallelogram (Ai1GA3F)
which is symmetrical based on line (A1A3) [18]. In the parallelogram (A1GA3F), the difference between
the input query and the reference MIDI is not too great, as mentioned in [3.,4]. Experimental results
showed that the matching accuracy of the DTW algorithm for different search space sizes was best when
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the parallelogram (A1GA3F) is symmetrical based on line (A1A3) and the length ratio of line (GE) to line
(A2E) was 0.5.
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Figure 5. Symmetrical search space of DTW.

In this system, the distance between the input query and the reference MIDI at each position is

calculated by the absolute difference as shown in Equation (2).
d(q,.r) =g, -7 )

where ¢: and r; are the pitch data of the input query and reference MIDI, respectively. After calculation
of the distance, the DTW algorithm calculates the global distance, which includes previous global distances
in the neighbor positions. The neighbor positions were experimentally determined. In order to calculate
the global distance (D(i, j)), the proposed system uses the neighbor positions of (i — 1,7 — 1), (i — 1,/ — 2),
and (i — 2,7 — 1), as shown in Figure 5 and Equation (3).
axdist(q;.r;)+ D(@i-1,j-1),
D(i, j) = miny B xdist(q,.r;) + D(i—1,j - 2), (3)
yxdist(q,.r;)+D(i—2,j-1)

where D(i, j) is the global distance of the current position (i, j), and a, B, and y are weights. The optimal
values for a, 3, and y were experimentally determined as 1, 1, and 2, respectively, in terms of the matching

accuracy, so that the shortest matching path can be obtained.
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2.3.3. Linear Scaling

The LS algorithm is one of the most simple and effective matching algorithms that has been used in
QbSH systems. The main concept behind the LS algorithm is that it compares the input query with the
reference MIDI by shrinking and stretching the length of the input query data linearly [3,4]. Figure 6
shows an example of the operation of the LS algorithm.

The proposed method stretches the length of the input query from 1 to 2 times in increments of 0.01
times for matching. The optimal parameters were determined in terms of the matching accuracy. The
dissimilarity between the input query and reference MIDI data is measured on the basis of the ED.

Corresponding MIDI \;_‘/7

The length of input query _’_\"\/
X1.0 /
/\_‘ Time

Time

Time

The length of input query
x1.2
(Matched with corresponding MIDI)

)
L

The length of input query
X1.4

Time
Figure 6. Example of the operation of LS algorithm.
2.3.4. Quantized DTW and Quantized LS

QDTW and QLS are modifications of the DTW and LS methods. The original DTW and LS methods
use a real number for the original pitch value. Actually, a small amount of variation remains in the pitch
contour (represented as real number) of the input query even after normalization, which can cause false
matching. In order to overcome this problem, we use the QDTW and QLS methods.

These methods convert the pitch data into quantized integer code, as shown in Figure 7. In order to
obtain the quantized code, it uniformly divides the range into a number of sections [3,4]. In Figure 7, the
range is divided into four sections, each represented by an integer: “17, “2”, “3”, and “4” in Figure 7. In
this manner, the pitch data values —1.212, 0.452, and 4.841 are represented as “2”, “3”, and “4”, respectively.
The optimal number of sections was experimentally determined as 24 in terms of matching accuracy.
By representing the pitch value into the quantized value of 1-24, the problem of false matching caused
by the small amount of variation in the original pitch contour of the input query represented as real
number can be solved.
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After obtaining the quantized code by QDTW, the dissimilarities between the input query and the
reference MIDI are calculated by using the absolute difference in Equation (2) using symmetrical search
space of Figure 5. In case of QLS, the ED is used for measuring the dissimilarities. In previous researches, a

QB-code-based LS algorithm is used, where the quantized value is represented as a binary number
instead of an integer.
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Figure 7. Example of obtaining the quantized code from the original pitch value.

2.4. Fusion of Five Matching Scores

In general, score level fusion enhances performance by combining the scores of each classifier. There
are various methods used for score level fusion, such as MIN, MAX, SUM, Weighted SUM, and PRODUCT
rules [23]. The MIN rule determines the minimum one of all the scores as a final matching score. For
example, supposing that five scores by each classifier are 0.3, 0.5, 0.2, 0.4, and 0.7, respectively, 0.2 is
determined as final matching score by the MIN rule. Otherwise, the MAX rule chooses the maximum
one of 0.7 as the final matching score. The SUM and PRODUCT rules select the summation and product
values of all scores, respectively. Therefore, 2.1 (=0.3 + 0.5 + 0.2 + 0.4 + 0.7) and 0.0084 (=0.3 x 0.5 x
0.2 x 0.4 x 0.7) are selected as the final matching score, respectively. The Weighted SUM rule is a
modified type of SUM rule. It gives the weights to each score when calculating the summation of the
scores. If the weights are 1, 2, 3, 4, and 5, the final score is 7 [=(1 x 0.3) + (2 x 0.5) + (3 x 0.2) + (4 x 0.4)
+ (5 x 0.7)]. In addition, the accuracy by Weighted SUM of Log rule is also compared in our research.
The Weighted SUM of Log rule is a modified type of PRODUCT rule as shown in Figure 8a,b. It gives
the weights to each score when calculating the summation of the log scores. If the weights are 1, 1, 3, 2,
and 1, the final score is logio(1.344 x 10~%) [=(1 x log100.3) + (1 x log100.5) + (3 * log100.2) + (2 x log100.4)
+ (1 % 1og100.7)].
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Figure 8. Theoretical comparisons of Weighted SUM of Log, PRODUCT, SUM, Weighted
SUM, MIN, and MAX rules: (a) Weighted SUM of Log rule (b) PRODUCT rule (¢) SUM
rule (d) Weighted SUM rule (e) MIN rule (f) MAX rule.

Through experiments, the Weighted SUM of Log rule was selected in this research as it afforded the
highest matching accuracy as shown in Tables 2—12.

We show the theoretical reason why the Weighted SUM of Log rule produces the higher accuracy
compared to other fusion methods. As shown in Figure 8, we show the classifier based on Weighted
SUM of Log, PRODUCT, SUM, Weighted SUM, MIN, and MAX rules. For simplicity, we explain them
with the fusion method using two scores, which means that two classifiers are used. In Figure 8, the
horizontal and vertical axes represent the two matching scores (distances) of d1 and da, respectively.
With an input humming file, we can obtain two matching scores of d1 and @2 per each reference file. If
the input humming data corresponds to the reference file (humming and reference file are same songs),
the matching distances of di and d> are inevitably small because the characteristics of the input humming
are similar to those of the reference file. If the input humming data does not correspond to the reference
file (these two data are different songs), the matching distances of di and d» are inevitably large. Therefore,
the distribution of matching samples of the former case (humming and reference file are same songs) is
positioned closed to the origin of the graph (region shaped by blue dotted line of the Figure 8). However,
the distribution of matching samples of the latter case (humming and reference file are different songs)
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is distributed in the right-upper area (region shaped by red solid line of the Figure 8). Here, the region
shaped by blue dotted line is named as the distribution of genuine matching cases (DGMC), and that
shaped by red solid line is called as the distribution of imposter matching cases (DIMC).

The classifier lines based on Weighted SUM of Log rule, PRODUCT, SUM, Weighted SUM, MIN,
and MAX rules are shown in black solid lines in Figure 8, respectively. Although the matching case
actually belongs to the DGMC, and it is incorrectly determined as the DIMC, we call it as false rejection
error (FRR) case. In contrast, although the matching case is actually the DIMC, and it is incorrectly
determined as the DGMC, we call it as false acceptance error (FAR) case [23].

As shown in Figure 8, the classifier lines based on the SUM, Weighted SUM, MIN, and MAX
rules are linear, which have the limitations of completely separating the DGMC from the DIMC, and the
consequent FAR and FRR cases occur. However, the classifier lines based on the Weighted SUM of Log
and PRODUCT rules are non-linear, which has the superior ability of separating the DGMC from the
DIMC, and the consequent FAR and FRR cases are reduced.

As shown in Figure 8a,b, because the classifier line based on the Weighted SUM of Log rule can have
more various shape (due to the weights of w1 and w2) than that by the PRODUCT rule, the consequent
FAR and FRR by the Weighted SUM of Log rule become smaller than those by the PRODUCT rule. In
the actual case of calculation for the Weighted SUM of Log rule, we added the same offset value to di
and d> of Figure 8a in order to prevent the di and d> from becoming 0 because log 0 cannot be calculated.
Same analyses can be applied in case of using five matching scores (distances) by the five classifiers.
Therefore, the accuracy of score-fusion based on Weighted SUM of Log rule is higher than those of
other methods as shown in Tables 2—12.

3. Experimental Results

Two databases were used for the experiment. The 2009 MIR-QbSH corpus was used as the first
database [24]. It consists of 48 MIDI files that represent original melodies and 4431 singing and humming
queries stored as wav files. The singing and humming queries were recorded by 118 persons in various
environments on telephones, microphones, efc. The recording time of each query is 8 s and the period
for pitch extraction is 32 ms. Therefore, the number of pitch values is 250 [(8000 ms)/(32 ms)] per query.
Notably, the 2009 MIR-QbSH corpus also provides pitch vector (PV) files that include manually extracted
pitch data.

The second database was the audio feature analysis (AFA) MIDI 100. It consists of 100 MIDI files
and 1000 singing and humming queries recorded via microphone. It includes 84 Korean songs, 6 children’s
songs, and 10 pop songs. The recording time is 12 s; there are 375 [(12000 ms)/(32 ms)] pitch values in
each query because the pitch value is also extracted every 32 ms. The anchor position (the position
hummed or sung by user) is at the beginning in case of the 2009 MIR-QbSH corpus dataset. However,
in AFA MIDI 100 database, each participant sung or hummed at the arbitrary positions in MIDI files
which he wants. Therefore, the matching by moving the start position of the input query of Figure 4 is
performed (based on the estimated change position from zero to non-zero pitch in the MIDI data) in case
of the AFA MIDI 100 database. With each query and the part of reference to be compared, the
normalization of Section 2.2 including min-max scaling are performed.
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To measure the performance, we measured the matching accuracy for each algorithm. The mean
reciprocal rank (MRR), shown in Equation (4), was used to represent the matching accuracy, as it has
been widely used in MIREX contests [3,4,25].

MRR = i |
K ‘T rank, 4

where K is the total number of input queries, and ranki is the calculated rank of the MIDI file that matches
the input query. Suppose that there are three input queries and the ranks of each corresponding MIDI
files are 1, 3, and 4. In this case, the calculated MRR is 0.528 [=(1/3) x (1/1 + 1/3 + 1/4)], as determined by
Equation (4). The maximum value of the MRR is 1, which occurs when all of the corresponding MIDI
files have the first rank [3,4].

Table 2. Matching accuracies with the PV Files (manually extracted) of the 2009 MIR-QbSH
corpus database.

Method Top1(%) Top10 (%) Top 20 (%) MRR

FD 69.648 83.853 89.160 0.747

) DTW 75.203 90.063 94.557 0.801

Single
i LS 69.919 83.582 89.137 0.748
Classifier

QDTW 76.536 90.199 94.490 0.810

QLS 69.851 83.740 88.979 0.748

SUM 74.187 85.863 92.412 0.783

Weighted SUM 74.345 86.021 92.683 0.785

MIN 80.736 90.108 94.286 0.831

MAX 74.503 84.959 90.854 0.782

Fusion rules PRODUCT 83.446 87.737 93.451 0.845
Weighted SUM of Log

85.682 88.640 93.699 0.864

(Proposed method)

Proposed method without min-max
: L 84.334 87.628 92.982 0.833
scaling of normalization

For the first experiment, we used the PV files of the 2009 MIR-QbSH corpus in order to exclude the
pitch extraction error (by extracting pitch values manually). The results of the first experiment show that
the accuracy of proposed method is better than the other single classifier methods and the other score
level fusion methods, as shown in Table 2. In addition, in order to measure the effect of the pitch extraction
method on the matching accuracy, we include the Gaussian random noise (sigma value (o) is 0.5) into
the extracted pitch values of the PV files. The accuracies are shown in Table 3, and the proposed method
shows the best performance. In addition, in order to measure the accuracy with more noise MIDI files,
we add 100 MIDI files of the AFA MIDI 100 database to the 48 MIDI files of the 2009 MIR-QbSH corpus
database. Therefore, the number of reference MIDI files is 148. In order to measure the robustness to the
noise, we include the Gaussian random noise (sigma value (o) is 0.5) in the 100 MIDI files of the AFA
MIDI 100 database. The accuracies are shown in Table 4, and the proposed method shows the best
performance, also. Comparing the Tables 2—4, we can confirm that the reduction of the accuracy of the
proposed method by the noise of the pitch values or the additional noisy MIDI files is very small.
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Table 3. Matching accuracies with the PV Files (manually extracted) (including Gaussian
random noise (o: 0.5)) of the 2009 MIR-QbSH corpus database.

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
FD 68.428 83.514 89.137 0.740
Single DTW 72.967 89.973 94.173 0.785
Classifier LS 68.383 83.379 89.024 0.739
QDTW 74.932 90.131 94.444 0.798
QLS 68.338 83.266 89.182 0.739
SUM 73.193 85.569 92.186 0.776
Weighted SUM 73.238 85.682 92.254 0.777
MIN 79.923 89.612 94.444 0.825
MAX 73.284 84.711 90.786 0.774
. PRODUCT 83.062 87.444 93.248 0.842
Fusionrules i ohted SUM of Log

85.230 88.302 93.473 0.860

(Proposed method)

Proposed method without
min-max scaling of 82.873 87.113 92.872 0.831
normalization

Table 4. Matching accuracies with the PV Files (manually extracted) of the 2009 MIR-QbSH
corpus database by adding 100 MIDI data (including Gaussian random noise (c: 0.5)) of the
AFA MIDI 100 database as additional reference MIDI.

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
FD 64.273 78.094 81.888 0.691
. DTW 70.077 84.553 89.341 0.751
Single
Classifier LS 60.456 75.903 80.352 0.659
QDTW 73.735 84.982 87.895 0.775
QLS 60.388 75.903 80.352 0.658
SUM 69.738 80.962 85.163 0.734
Weighted SUM 70.054 81.188 85.524 0.737
MIN 78.726 85.140 88.550 0.804
MAX 70.167 80.781 84.779 0.735
. PRODUCT 82.340 84.146 86.902 0.828
Fusionrules — yy iohted SUM of Log
85.524 85.908 87.782 0.857
(Proposed method)

Proposed method

without min-max scaling 82.112 83.723 85.769 0.816

of normalization
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For the next experiment, we measured the matching accuracy of the proposed method with 2009
MIR-QbSH corpus database which includes 2048 MIDI data. The 2048 MIDI data consist of original
48 MIDI data of 2009 MIR-QbSH corpus database, and additional 2000 noise data of AFA MIDI 100
database by adding Gaussian random noises with 20 different sigma values into each MIDI file (20 sigma
values x 100 MIDI files). As a result, the matching accuracy by our method with these 2048 MIDI data
is similar to those with the smaller data of Tables 2—4 and 6—12, and we can confirm that the proposed
method has better matching accuracy than others with these large data, as shown in Table 5.

Table 5. Matching accuracies with the PV Files (manually extracted) of the 2048 MIDI data
(48 MIDI data of 2009 MIR-QbSH corpus database, and additional 2000 MIDI data of AFA
MIDI 100 database by adding Gaussian random noises with 20 different sigma values into

each MIDI file).

Method Top 1 (%) Top10(%) Top20(%) MRR
FD 59.734 70.619 73.351 0.633
Single DTW 62.895 74.300 77.507 0.670
Classifier LS 54.155 67.209 70.777 0.586
QDTW 69.490 78.613 81.165 0.726
QLS 54.584 67.389 70.777 0.589
SUM 65.244 73.148 75.768 0.679
Weighted SUM 65.425 73.284 75.813 0.680
MIN 74.458 78.997 81.233 0.755
MAX 64.792 72.154 74.368 0.673
Fusion PRODUCT 78.342 78.726 79.652 0.785
rules Weighted SUM of Log 83.491 83.491 83.514  0.835

(Proposed method)

Proposed method without
min-max scaling of 77.993 78.132 79.242 0.768
normalization

Next, we used the pitch files extracted from the 2009 MIR-QbSH corpus by the method described in
Section 2.2. The results show that the proposed method was the best, as shown in Table 6. In addition,
in order to measure the effect of the pitch extraction method on the matching accuracy, we include the
Gaussian random noise (sigma value (o) is 0.5) into the extracted pitch values of the pitch files. The
accuracies are shown in Table 7, and the proposed method shows the best performance. In addition, in
order to measure the accuracy with more noise MIDI files, we add 100 MIDI files of the AFA MIDI 100
database to the 48 MIDI files of the 2009 MIR-QbSH corpus database. Therefore, the number of
reference MIDI files is 148. In order to measure the robustness to the noise, we include the Gaussian
random noise (sigma value (o) is 0.5) in the 100 MIDI files of the AFA MIDI 100 database. The
accuracies are shown in Table 8, and the proposed method shows the best performance, also. Comparing
the Tables 68, we can confirm that the reduction of the accuracy of the proposed method by the noise
of the pitch values or the additional noisy MIDI files is very small.
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Table 6. Matching accuracies with the pitch data (automatically extracted) of the 2009
MIR-QbSH corpus database.

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
FD 68.826 82.573 88.758 0.739
) DTW 73.318 88.939 93.499 0.785
Single
i LS 68.646 82.370 88.578 0.738
Classifier
QDTW 75.350 89.074 93.567 0.799
QLS 68.781 82.393 88.668 0.738
SUM 74.086 84.560 92.032 0.777
Weighted SUM 74.131 84.740 92.167 0.778
MIN 79.616 88.646 93.341 0.819
. MAX 74.266 83.747 90.248 0.776
Fusion
1 PRODUCT 81.828 86.772 93.025 0.831
rules
Weighted SUM of Log
84.153 87.585 93.047 0.850
(Proposed method)

Proposed method without
i i L 80.899 85.693 92.137 0.824
min-max scaling of normalization

Table 7. Matching accuracies with the pitch data (automatically extracted) (including
Gaussian random noise (c: 0.5)) of the 2009 MIR-QbSH corpus database.

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
FD 67.314 82.483 88.600 0.729
) DTW 70.971 88.578 93.228 0.769
Single
i LS 67.472 82.415 88.375 0.729
Classifier
QDTW 73.454 88.871 93.499 0.785
QLS 67.427 82.370 88.442 0.729
SUM 72.483 84.334 91.828 0.767
Weighted SUM 72.551 84.470 92.054 0.767
MIN 78.510 88.330 93.634 0.811
. MAX 72.551 83.612 89.887 0.765
Fusion
1 PRODUCT 81.445 86.501 92.754 0.827
rules
Weighted SUM of Log
83.679 87.427 92.912 0.846
(Proposed method)

Proposed method without
. ) L 80.638 85.989 91.387 0.815
min-max scaling of normalization

In the third experiment, we measured the matching accuracy for the AFA MIDI 100 database. The
proposed method showed the best matching accuracy, as shown in Table 9. In addition, in order to
measure the effect of the pitch extraction method on the matching accuracy, we include the Gaussian
random noise (sigma value (o) is 0.5) into the extracted pitch values of the pitch files. The accuracies
are shown in Table 10, and the proposed method shows the best performance. In addition, in order to
measure the accuracy with more noise MIDI files, we add 48 MIDI files of the 2009 MIR-QbSH corpus
database to the 100 MIDI files of the AFA MIDI 100 database. Therefore, the number of reference MIDI
files is 148. In order to measure the robustness to the noise, we include the Gaussian random noise (sigma
value (o) is 0.5) in the 48 MIDI files of the 2009 MIR-QbSH corpus database. The accuracies are shown
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in Table 11, and the proposed method shows the best performance, also. Comparing the Tables 9, 10,
and 11, we can confirm that the reduction of the accuracy of the proposed method by the noise of the
pitch values or the additional noisy MIDI files is very small.

Table 8. Matching accuracies with the pitch data (automatically extracted) of the 2009
MIR-QbSH corpus database by adding 100 MIDI data (including Gaussian random noise
(0:0.5)) of the AFA MIDI 100 database as additional reference MIDI.

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
FD 62.799 76.614 80.632 0.674
) DTW 69.097 83.657 87.901 0.740
Single
i LS 58.691 74.582 79.029 0.641
Classifier
QDTW 72.912 84.018 86.930 0.765
QLS 58.533 74.515 79.029 0.641
SUM 68.758 79.729 83.612 0.723
Weighted SUM 68.939 79.955 83.905 0.726
MIN 77.156 83.725 87.449 0.788
i MAX 69.120 79.549 83.657 0.725
Fusion
i PRODUCT 80.835 82.822 85.847 0.814
rules
Weighted SUM of
83.950 84.312 86.524 0.841
Log (Proposed method)
Proposed method without
) . o 79.929 81.335 83.989 0.801
min-max scaling of normalization
Table 9. Matching accuracies with the AFA MIDI 100 database.
Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
FD 40.8 65.2 74.9 0.485
i DTW 64.2 79.1 83.2 0.690
Single
i LS 40.3 65.3 74.6 0.484
Classifier
QDTW 67.1 80.5 85.2 0.715
QLS 40.1 65.1 74.7 0.481
SUM 58.9 78.0 83.0 0.652
Weighted SUM 62.1 79.2 82.9 0.677
MIN 70.3 78.8 83.6 0.726
) MAX 61.9 77.0 83.2 0.669
Fusion
| PRODUCT 79.0 83.0 87.2 0.802
rules
Weighted SUM of Log
85.7 86.3 88.5 0.860
(Proposed method)

Proposed method without
) . o 78.6 82.6 86.9 0.792
min-max scaling of normalization
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Table 10. Matching accuracies with the pitch data (including Gaussian random noise
(0: 0.5)) of the AFA MIDI 100 database.

Method Top1(%) Top10(%) Top 20 (%) MRR
FD 38.9 63.1 73.7 0.467
) DTW 58.1 77.4 81.7 0.649
Single
i LS 38.7 63.4 74.7 0.469
Classifier
QDTW 62.6 79.4 83.9 0.683
QLS 38.5 63.9 74.0 0.467
SUM 56.3 76.0 81.4 0.629
Weighted SUM 56.6 76.6 81.4 0.632
MIN 66.5 77.9 82.4 0.693
MAX 58.2 75.7 81.7 0.640
Fusion rules PRODUCT 77.8 82.0 85.5 0.789
Weighted SUM of Log
84.5 85.5 87.3 0.848
(Proposed method)

Proposed method without
) . o 76.5 80.8 83.6 0.758
min-max scaling of normalization

Table 11. Matching accuracies with the pitch data of the AFA MIDI 100 database by adding
48 MIDI data (including Gaussian random noise (c: 0.5)) of the 2009 MIR-QbSH corpus
database as additional reference MIDI.

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
FD 40.5 65.0 74.4 0.482
. DTW 63.7 78.8 82.9 0.686
Single
- LS 39.9 64.8 74.1 0.481
Classifier
QDTW 66.9 79.9 84.8 0.713
QLS 39.7 64.8 74.4 0.478
SUM 60.1 78.5 82.6 0.661
Weighted SUM 62.8 79.4 83.2 0.685
MIN 70.2 78.7 83.6 0.724
MAX 63.5 78.4 84.5 0.685
Fusion rules PRODUCT 74.6 82.6 87.0 0.769
Weighted SUM of Log
82.7 84.8 88.0 0.834

(Proposed method)

Proposed method without min-max
. L 73.2 82.1 86.3 0.749
scaling of normalization

Table 12 compares the accuracies of the previous methods with the proposed method. Since the
previous methods did not measure the performance with the AFA MIDI 100 database [3,4], we just
compared the accuracies with the PV and pitch files of the 2009 MIR-QbSH corpus. The proposed
method showed better matching accuracy than previous methods, as shown in Table 12.
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Table 12. Comparisons of matching accuracies of previous and proposed methods with the
2009 MIR-QbSH corpus database.

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
Previous method [3] 70.14 86.16 93.04 0.746

PV files (Manually )
Previous method [4] 77.17 85.89 93.07 0.794

extracted)

Proposed method 85.682 88.640 93.699 0.864
Pitch data (Automatically Previous method [3] 69.10 85.42 92.78 0.736
extracted by the method of  Previous method [4] 77.27 85.56 93.12 0.793
Section 2.2) Proposed method 84.153 87.585 93.047 0.850

As the next experiment, we performed the comprehensive comparisons with other
multi-level/multi-classifier approaches. The method of [17] is single-classifier based one, and the system
of [18] is for speech recognition instead of QBH. In addition, the algorithm of [15] including PAA 1is not
open. Therefore, we compared the performance of method [16] to that of our method. In addition, we
compared the performance of other method [26] to that of our method. In [26], they proposed the QBH
system based on the multi-stage matching like [16], but they used linear scaling (LS) and quantized
DTW as the coarse matching and precise matching, respectively. As shown in Tables 13 and 14, we can
confirm that our method outperforms previous methods [16,26].

Table 13. Matching accuracies of 4431 singing and humming queries of 2009 MIR-QbSH
corpus database with 2148 reference data (48 MIDI data of 2009 MIR-QbSH corpus database,
100 MIDI data of AFA MIDI 100 database, and 2000 files randomly selected from Essen
collection [27]).

Method Top 1 (%) Top 10 (%) Top 20 (%) MRR
Previous method [16] 80.932 83.583 85.897 0.811
Previous method [26] 78.868 83.441 85.428 0.798

Proposed method 82.850 83.612 86.014 0.832

Proposed method without min-
roposee MEtiot WIthout mif-max 76.523 81.453 83.883 0.767
scaling of normalization

Table 14. Matching accuracies of 1000 singing and humming queries of AFA MIDI
100 database with 2148 reference data (48 MIDI data of 2009 MIR-QbSH corpus database,
100 MIDI data of AFA MIDI 100 database, and 2000 files randomly selected from Essen
collection [27]).

Method Top 1(%) Top10 (%) Top 20 (%) MRR
Previous method [16] 80.543 83.271 85.364 0.802
Previous method [26] 78.638 83.114 85.011 0.782

Proposed method 82.212 83.594 85.931 0.823

Proposed method without min-max

. L 76.199 81.048 83.391 0.759
scaling of normalization




Symmetry 2015, 7 1014

As shown in Tables 2—11, and 13, 14, we can confirm that the accuracies with min-max scaling are
higher than those without min-max scaling, and the min-max scaling is necessary for our normalization
stage of Section 2.2.

4. Conclusions

In this research, a new QbSH system is proposed that combines multiple classifiers using score level
fusion. In experiments, the matching accuracy of the proposed method was better than that of previous
methods using a single classifier and other fusion methods.

In future work, learning-based matching algorithms such as hidden Markov models (HMM) and
support vector machines (SVMs) will be researched in order to enhance the performance of the QbSH
system for increased input and reference data. In general, it would be better to support audio signals such
as MP3 files compared to MIDI data, because there are a tremendous number of music audio signals in
the world. However, most of the audio signals such as MP3 files are composed of polyphonic melodies,
and it is very difficult to accurately extract the main melody among them. In addition, the noises in the
MP3 files are much larger than those in the MIDI files. Therefore, further researches are required to
support the audio signals in future work.
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