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Abstract

Thispaper proposesandevaluatesalgorithmsfor fastmusicre-
trieval. The target of this paperis to retrieve musicsegments
(query in retrieval) from music database. The algorithmsre-
trievemusicsegmentsfrom musicdatabaseby distanceof spec-
trum anddifferenceof power. For reductionof calculation,the
pruningmethodis proposed. The experimentis retrieving ten
secondssegmentfrom 100musicdatabase. Theexperimentre-
sultsshows a detectionrateis

����� �����
andretrieval processing

time is 	 ��� ��
 secondsat SNR���� � ��� dB.

1. Introduction

Multimediadatabasemanagement andretrieval arein high de-
mand. If musicretrieval is possibleandfast,a musicretrieval
engineon theinternetcanbeconstructedanda databasecanbe
managedeasily. Minami et al. showed indexing of video data
usingmusicandvoice[1].

Several algorithmsfor fastmusic retrieval wereproposed
and evaluated[2, 3]. The algorithmsretrieve music segments
from musicdatabaseby distanceof spectrumanddifferenceof
power.

Kashinoetal. presentedaAudio ActiveSearchusingaHis-
togramof featurevectors[4]. TheAudio Active Searchcanre-
trieveanddetectafifteensecondssegment(CM) from aboutsix
hour database(TV programs)in onesecond.The searchdoes
not hold time axis informationbecauseof Histogram,however
theretrieval proposedin this paperholds.Thedatabasefor ex-
perimentin this paperis morenoisythantheirs.

Hashiguchietal. presenteda methodto retrieve musicdata
by usinghammingor singingquery[5], however thismethodis
not for fastretrieval, andonly smallexperimentsarereported.

Thispapershows thealgorithmsfor retrieval of music,new
methodfor reductionof calculationamount, and new experi-
mentalresults.Section2, thedatabasefor experimentis shown:
section3, themethodsfor detectingthelocationof segment and
thepruningmethodfor reductionof calculationamount arepro-
posed:Lastsectionexplainsanexperiment of a retrieving seg-
mentsfrom musicdatabaseanddiscussesits evaluation.

2. Music database

2.1. Feature and database structure

At the musicretrieval, the key to the high detectionrateis the
feature[6] andthe key to the retrieval speedis databasestruc-
ture. The following list shows popular featuresand database
structures.

1. Features� Music Feature
(pitch [5] / speed(tempo)/ beat[7] / harmony)� Audio Feature
(frequency [1], [2], [4] / signalwave)� MeaningFeature(genre(classic/pops/...))� Instruments

2. DatabaseStructures� Score� MIDI� extractedfeature[1], [2], [4], [5]� Music (signalwave data)[5]

In this paper, the featureis frequency in audiofeatureandthe
databasestructureis extractedfeaturesfor reductionof calcula-
tion amountat retrieving.

2.2. Database for experiment

Onehundred music databasehasbeenconstructed.Database
has30 “instrumental”musics,25 “vocal” musics,and45 “in-
strument& vocal” musicsfor generalexperiment on various
type of music. The maximumlengthof musicis 593 seconds,
the minimum length is 52 seconds,andaveragelength is 268
seconds.

3 databasesetsare madeand shown in Table 1. Their
recordingconditionsaredifferentfrom eachother’s. Signalto
NoiseRatio(SNR)is usedfor themeasureof noiselevel.

SNR � ��������� ���� (1)� � � � � ��� � � (2)

where,
� � is � -th signalof

�
,
���� is � -th powerof

�
, � is thesignal

madeby addingnoiseto
�

. Generallyspeaking, for example,if
adriverdriveacarby 90km/handrecordthedriver’svoiceby a
microphone on a dashboard,SNRis -5dB andspeechrecogni-
tion is very difficult at thecondition[10]. Sotheretrieval using
Set2 andSet3 is very difficult task.

Table1: 3 databasesets

Set RecordingCondition SNR(vs Set1)

1 Digital transferredfrom CDs -
2 Analogtransferredfrom CDs ��� � ��� dB
3 Analogtransferredfrom Audio Tapes � � � 
�! dB
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Figure1: Procedureof Retrieving

Figure2: VectorSegmentMatching

3. Retrieval algorithms
Thereare2 requestsin musicretrieval.

1. Detectionof musicID

2. Detectionof location

In thispaper, bothrequestsareachievedandevaluated. Figure1
shows theprocedureof retrieving. At first, thealgorithmprese-
lectsmusicIDs; afterthat,detectsthemusicID andits location.
The algorithm for detectingmusic IDs and locationsareonly
proposed in this paper.

3.1. Matching methods using spectrum

For detectingthemusicID andlocation,vectorsegmentmatch-
ing (VSM) wasproposed. Figure2 shows thedetailof VSM.

Here, "$#&%('� is � -th vectorof ) -th music, *,+ is - -th vectorsof
input segment,. % /10 ����������2

is thenumberof framesin music,3
is numberof framein input segment, 4 is numberof music,

and 5 / ",#&%6'� � *,+ 2 is distancebetween"7#&%('� and *,+ . If thedistance
is closeto zero,two segmentsaresimilar.

� � )8�:9<;>=@?BA&CDFE % E�GHIE � E�J K
LM
+ON D 5 � / " #&%6'�&P + � *,+ 2 (3)

In order to reducecalculationamount,following method,
VQ-VSM, was proposed. Figure 3 shows the detail of VQ-
VSM.

At first, this methodextractsthe featureof musicdataand
makesVQ codebooks for eachmusic;next, sequencesof vec-
torsof musicon databasearequantizedby their own VQ code-
bookssosequencesof vectorsis translatedto sequencesof rep-
resentatives;after that,distancetablesaregenerated. Distance

Figure3: VQ-VSM

tableshavetheelementsthatis distancebetweenrepresentatives
andvectorsof input segment;finally, at calculatingthe distor-
tion by VSM, usesthedistancesin distancetables.

Music databaseneednot to have sequencesof vectorsbe-
causemusicis representedby sequencesof indicesof represen-
tatives.

Here, Q #&%('� is � -th pointerof representativesof ) -th music,R #S%6' �UTWV D � V � � �I�O� � V8XZY is VQ codebook of ) -th music,and5 /\[ � - 2 is distancebetweenrepresentative V^] and *,+ .
� � )7�:9_;>=`?BA&CDFE % E�GHIE � E�J K

LM
+ON D 5 � / Q,#&%6'�&P + � - 2 (4)

For Normalizationof acousticdistortion,CepstrumMean
Subtraction[8] is usedin Eq. (4).

Eq. (5) reducethecalculationamountin Eq. (4).

� � )7�:9<;>=@?BA&CDFE % E^GHIE � E�JaK
L,b>cM
+ON D 5 � / Q #&%('�&P + c � -�d 2 (5)

Here, d is skip value.

3.2. Matching methods using power information

VSM andVQ-VSM are the retrieval methodsusingspectrum
pattern. On the other side, it is well known that the power
information is effective in speechrecognition,so the retrieval
methodusingpower informationwasproposed.

Here, e�f is g -th power, hie^f:�je�fk�le^fam D is the differ-
enceof power e f , and 5 / hie � h<n 2 is distancebetweenhoe and h�n .
Segmentis retrievedby detecting� and ) satisfiedthefollowing
equation.

� � )7�:9<;>=@?BA&CDFE % E^GDFE � E�JaK
L,b>cM
+ON D 5 � / h�n #&%('�&P + c � hoe�+ c 2 (6)

Here, n #&%('� is � -th power of ) -th music,and e^+ is - -th power of
input segment.This methodis referredas“ h PSM”.

VQ-VSM- h PSM is the methodwhich combined Eq. (6)
andEq. (5).p

#&%('� � L,b>cM
+ON D

q 5 � / Q #&%('�&P + c � -�d 2rtsvu 5 � / h<n #S%6'�&P + c � hie�+ c 2xw (8)

� � )y�:9<;>=@?BA&CDFE % E^GDFE � E�JaK
p
#&%('� (9)

Here,
s /{z ��2

is weight. In Eq. (9),
s � �

is equalto VQ-
VSM.



Table3: Relationshipof MethodsandAccumulateDetectionRate(Top 10) (
�

):Segment= Set2
Method VQ-VSM h PSM VQ-VSM- h PSM

Mel Mel Cepstrum& h<| H
Feature Cepstrum h�| H (

s �v	W} � )
Skip d�� 
 d~� 
 d~� 
 d~�v	O� d~��}�} d��v	W�

Pruning No use No use No use No use No use Use

Inst. 90.66 78.66 93.66 88.66 83.66 86.66
Vocal 85.60 92.80 96.80 94.40 91.60 94.00

Inst. & Vocal 97.77 99.77 99.77 99.55 99.11 99.55
Avg. �^���(��� 91.70 97.20 �^�����^� 92.60 ���8�(���
Time �����\��������� 14.62sec 44.56sec �a���(�^�^����� 7.98sec ���8�&���^�����

Table4: Relationshipof MethodsandAccumulateDetectionRate(Top 10) (
�

):Segment= Set3
Method VQ-VSM h PSM VQ-VSM- h PSM

Mel Mel Cepstrum& h<| H
Feature Cepstrum h�| H (

s �v	_} � )
Skip d�� 
 d~� 
 d~� 
 d~�v	W� d���}�} d~�v	O�

Pruning No use No use No use No use No use Use

Inst. 81.33 66.66 84.66 80.33 73.00 73.00
Vocal 71.20 67.20 82.80 74.44 69.20 73.20

Inst. & Vocal 95.11 93.77 95.55 94.44 94.22 86.44
Avg. �^�����^� 79.00 89.10 �^���(��� 81.60 �����\� �
Time - - - - - �a���(���^� ���

T
l l+1 l+n

Dl
Dl+1

+ε

-ε Dl+n

-nε

n

Figure4: Conceptof PruningMethod

3.3. Pruning Methods

For more reductionof calculationamount,pruning methodis
proposed. Figure4 showstheconceptof pruningmethod.Here,g is possibleskip width by pruning, and � is thresholdfor de-
tectionthatdetectslocationswhen

p
#S%6'� is lessthan � .

Suppose

p
#&%('��� � . If � satisfiesfor all arbitrary � and )� p #&%('� �

p
#S%6'�&P D � � � � (10)p

#&%('�&P f satisfiesthefollowing iunequality.p
#&%6'� ��g�� �

p
#&%('�&P f (11)

Table2: AnalysisConditions
SamplingRate 16,000Hz

Bit 16 bit

Window Length 32ms(512point)
FrameShift 8ms(128point)

cepstrumanalysisorder 16th
window function Hammingwindow

Preemphasis
/ 	�� �a� ���<� m D 2

frequency warpingparameter(mel) ��� �a� � 	 [9]

codebook size 256[3]

Whenthefollowing inequality holds,

���
p
#&%6'� ��g�� �

p
#&%('�&P f (12)p

#&%('�&P f is automaticallygreaterthan � becauseof theinequality
Eq. (12). Therefore,skip width g is derivedasfollows:

g��
p
#&%('� ���� (13)

4. Experiment
For experiment,Set1 is usedfor database,andSet2 andSet
3 is usedfor segments.Lengthof segments is 10 seconds,and
10 segmentsaremadefrom eachmusicsototal number of seg-
mentsis 1000.Analysisconditionsareshown in Table2.

Mel (FFT) Cepstrumis chosen for thefeaturein frequency
features[3]. Mel cepstrum� is the featurethatadaptto human
hearingcharacteristicsby expanding andcontractingfrequency



Table5: Numberof useof pruningmethodandshift frame(at
Table3, usepruning)  Do¡ .

  � ¡ . TheoreticalTime

No Pruning 0% 0% ( 	 � � 
�! d � | )
Max(n) 	O� � ����� 
��a� ����� �a� � 	_d � |
Min(n) 	_} � �<��� 	 ��� !_��� 	 ! � } ! d � |

Avg } � � } 
�� } ��� � ��� 	 �a� ��! d � |
* Thetime of No Pruningis theactualtimeat experiment.

axis, so 0-th of mel cepstrumis emphasizedthe power of low
frequency.

Theresultof experimentis shown in Table3 and4. Time is
retrieval time that includessortingroutinefor accumulatedde-
tection.Table3 shows theresultof experimentusingsegments
madefrom Set2, andTable4 showstheresultof experimentus-
ing segmentsmadefrom Set3. Retrieval time of experiment of
Table4 usingthemethodswithoutpruningseemsto besameas
Table3 becausethe calculationamountis sameso shows only
with pruning.

Two values � and � of the pruningmethodsis setby the
preliminaryexperimentusingsamesegmentsof theexperiment.� aresetfor eachmusicsby thefollowing equation.

� #&%6' ��9_;>=¢?£9_¤DFE ] E8D1HHIE � E�J K � p #&%\¥ ] '� �
p
#&%¦¥ ] '�&P D � � (14)

where,

p
#S%¦¥ ] '� is

p
#S%6'� using

[
-th segmentin tensegmentsfor) -th music. However, � #&%(' wastoo largesetby Eq. (14) in pre-

liminary experiments,sosetby thefollowing Eq. (15).

� #&%6' ��9_;>=¢?£9_¤DFE ] E8D1H �
p
#&%\¥ ] '�S§ �

p
#&%¦¥ ] '�S§¨P D � � (15)

here,�(© is thecorrectposition.
Initial � is

! � ��
�!
at Table 3 and


a� � ��� at Table 4. The
detectionrateis over

��!��
if VQ-VSM- h PSMwithout pruning

is appliedwith thethreshold� setto above value.After that, �
is thelowestvaluein accumulateorder, therefore� is changing
dynamically.

Table 3 shows that the detectionrate using VQ-VSM is� } � � ��� , h PSMis
� 	 � ����� , VQ-VSM- h PSMwithoutpruningis��!�� �����

, andusingVQ-VSM- h PSM with pruning is
����� �����

.
The retrieval processing time using VQ-VSM- h PSM without
pruningis 	 � � 
�! secondsandVQ-VSM- h PSMwith pruningis	 �a� ��
 seconds. Table5 shows the detailsof pruningin exper-
iments. Here, . is the sumof framesin all musics,

  D is the
numberof timesthat pruning is carriedout (when

p
is under

the threshold� ) and

  � is the sumof skipped frames. 	 �����
meanscoveringall frames.Theaverageof

  � ¡ . is } ��� � ��� and
thismeanstheproposed pruningmethodsskipsonly } �a� � ��� of
all musics.Therefor, theretrieval timewithoutpruningis 	 ��� 
�!
seconds, thenderived retrieval time with pruningis 	 �a� ��! sec-
onds.However, actualretrieval time is 	 ��� ��
 d � | . Thereasonis
that � #&%(' is so variousthat � #&%(' don’t matchfor all segmentsof) -th music.Table6 shows theexamplesof the � #&%6' .

Table4 showsthatthedetectionrateusingVQ-VSM- h PSM
without pruningis


�! � } ��� andthedetectionaccuracy is lower
for the different recordingconditioncombination. The detec-
tion rate using VQ-VSM- h PSM with pruning is

���a� 	 ��� and
retrieval time is 	_} � 
�� seconds.

Table6: Valuesof
/ p #&%6'�S§ �

p
#&%('�S§(P D 2) MAX MIN AVG

013 16.3890 0.0117 4.1366
046 0.7865 0.2961 0.5556

5. Conclusion
In this paper, theretrieval methods that retrieve segmentsfrom
musicdatabaseandpruningmethodsfor fastretrieval havebeen
proposed. DetectionRateis

�<��� �����
in the experimentusing

databasemadefrom Set3 andSet2 segmentsmadefrom Set2.
Pruningmethodreduceretrieval timeby

�a� ���
seconds.

Futureworks includeretrieval speed,establishmentof the
way to set � and � , and improvementof the detectionrateat
usingSet3 segment.
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