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Abstract

This pape propose andevaluatesalgorithmsfor fastmusicre-
trieval. The tamget of this paperis to retrieve music sggments
(queryin retrieval) from music databas. The algorithmsre-
trieve musicsegmentsrom musicdatabaséy distanceof spec-
trum anddifferenceof power. For reductionof calculation the
pruning methodis propcsed. The experimentis retrieving ten
secondsegmentfrom 100 musicdatabas. The experimentre-
sultsshavs a detectionrateis 94.30% andretrieval processing
timeis 14.48 secondsit SNR= —6.39dB.

1. Introduction

Multimedia databasenanagemetandretrieval arein high de-
mand. If musicretrieval is possibleandfast,a musicretrieval
engineon theinternetcanbe constructecdainda databaseanbe
manageckasily Minami etal. shaved indexing of video data
usingmusicandvoice[1].

Several algorithmsfor fastmusicretrieval were proposed
and evaluated2, 3]. The algorithmsretrieve music segments
from musicdatabaséy distanceof spectrumanddifferenceof
power.

Kashinoetal. presente@Audio Active SearchusingaHis-
togramof featurevectors[4]. The Audio Active Searchcanre-
trieve anddetectafifteensecond sggment(CM) from aboutsix
hour databas€TV programs)in one second.The searchdoes
not hold time axisinformationbecase of Histogram,however
theretrieval propcsedin this paperholds. The databaséor ex-
perimentin this paperis morenoisythantheirs.

Hashiguchietal. presented methodto retrieve musicdata
by usinghammingor singingquery[5], however this methodis
notfor fastretrieval, andonly smallexperimentsarereported.

This papershawvs thealgorithmsfor retrieval of music,new
methodfor reductionof calculationamoun, and new experi-
mentalresults.Section2, thedatabaséor experimentis shovn:
section3, themethodsgor detectinghelocationof sggment and
thepruningmethodfor reductionof calculationamourt arepro-
posed:Lastsectionexplainsan experimeri of a retrieving seg-
mentsfrom musicdatabasenddiscusse#s evaluation.

2. Music database
2.1. Featureand database structure

At the musicretrieval, the key to the high detectionrateis the
feature[6] andthe key to theretrieval speeds databasestruc-
ture. The following list shavs popularfeaturesand database
structures.

1. Features

e Music Feature

(pitch [5] / speedtempo)/ beat[7] / harmoly)
e Audio Feature

(frequeny [1], [2], [4] / signalwave)
e MeaningFeatureggenre(classic/pops!...))
e Instruments

2. DatabaseStructures

e Score

e MIDI

e extractedfeature[1], [2], [4], [5]
e Music (signalwave data)[5]

In this paper the featureis frequeng in audiofeatureandthe
databasstructureis extractedfeaturesfor reductionof calcula-
tion amountatretrieving.

2.2. Database for experiment

One hundred music databaséasbeenconstructed. Database
has30 “instrumental” musics,25 “vocal” musics,and 45 “in-
strument& vocal” musicsfor generalexperimen on various
type of music. The maximumlength of musicis 593 seconds,
the minimum lengthis 52 secondsand averagelengthis 268
seconds

3 databasesetsare madeand shavn in Table 1. Their
recordingconditionsaredifferentfrom eachothers. Signalto
NoiseRatio (SNR)is usedfor the measuref noiselevel.
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where,x; isi-th signalof x, z7 is i-th power of z, y is thesignal
madeby addingnoiseto z. Generallyspealkng, for example,if

adriverdrive acarby 90km/handrecordthedriver’'svoiceby a
microphore on a dashtward, SNRis -5dB andspeechrecogni-
tion is very difficult at the condition[1J. Sotheretrieval using
Set2 andSet3 is very difficult task.

Tablel: 3 databaseets

| Set | RecordingCondition | SNR(vsSetl) |
1 | Digital transferredrom CDs -
2 | Analogtransferredrom CDs —6.39dB
3 | Analogtransferredrom Audio Tapes —3.85dB
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3. Retrieval algorithms
Thereare2 requestsn musicretrieval.
1. Detectionof musiclD
2. Detectionof location

In this paperbothrequestareachievedandevaluated Figurel
shavs the procedireof retrieving. At first, thealgorithmprese-
lectsmusiclDs; afterthat,detecteshemusiclD andits location.
The algorithm for detectingmusic IDs and locationsare only
proposel in this paper

3.1. Matching methods using spectrum

For detectinghemusiclD andlocation,vectorsegmentmatch-
ing (VSM) wasproposedFigure2 shawvs thedetailof VSM.

Here,yl@ is I-th vectorof i-th music,x, is k-th vectorsof
inputsegment,L; (= 40000) is the numberof framesin music,
Kis numberof framein input segment, I is numberof music,
andd(yl , Tk IS dlstancebetweery“) andxy. If thedistance
is closeto zero,two sggmentsaresimilar.

K
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l,i=arg min > d (Y0 =) (3)
0<I<L; k=1

In orderto reducecalculationamount,following method,
VQ-VSM, was proposel. Figure 3 shavs the detail of VQ-
VSM.

At first, this methodextractsthe featureof musicdataand
makesVQ codebwmks for eachmusic; next, sequeresof vec-
torsof musicon databasarequantizedoy theirown VQ code-
bookssosequenesof vectorsis translatedo sequeresof rep-
resentaties; afterthat, distancetablesare generated Distance
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Figure3: VQ-VSM

tableshave theelementgshatis distancebetweerrepresentaties
andvectorsof input sgment;finally, at calculatingthe distor
tion by VSM, usegthedistancesn distancetables.

Music databaseeednot to have sequencesf vectorsbe-
causeamusicis representely sequenesof indicesof represen-
tatives.

Here, a( ) is I-th pointer of representaties of i-th music,
V® = {v1,vs,...,v:} is VQ codebok of i-th music,and
d(m, k) is distancebetweerrepresentate v,, andxy.

l,i = arg mln Zd aH_k,k) 4)

0<l<L k=1

For Normalizationof acousticdistortion, CepstrumMean
Subtraction[§is usedin Eq. (4).
Eq. (5) reducethe calculationamountin Eq. (4).

K/s

l,i=arg mln Zdz O'H_ks,ks) (5)
0<l<L k=1

Here,s is skip value.

3.2. Matching methods using power information

VSM and VQ-VSM arethe retrieval methodsusing spectrum
pattern. On the other side, it is well known that the power
informationis effective in speechrecognition,so the retrieval
methodusingpower informationwasproposed.

Here, p., is n-th power, §p, = p. — pn—1 is the differ-
enceof power p,, andd(dp, dq) is distancebetweerip anddq.
Segmentis retrieved by detecting andi satisfiedthe following
equation.

K/s

l,i=arg m1n Zd 6ql+ks,5pks) (6)
1<l<L k=1

Here, ql ) is I-th power of i-th music,andp, is k-th power of
input segment.This methodis referredas”“dPSM”.

VQ-VSM-dP3M is the methodwhich combinel Eq. (6)
andEq. (5).

K/s
D =% (d2 (@), ks)
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tw xd (5ql+ks,5pks)) 8)
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1<I<L;

Here,w(> 0) is weight. In Eq. (9), w = 0 is equalto VQ-
VSM.



Table3: Relationshipof Methodsand AccumulateDetectionRate(Top 10) (%):Segment= Set2

Method VQ-VSM dPSM VQ-VSM-§PSM
Mel Mel Cepstrum& dco
Feature Cepstrum dco (w = 120)
Skip s=38 s=28 s=28 s =16 s =22 s =16
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. 92.60 91.70 97.20 95.00 92.60 94.30
| Time | 25.17sec || 14.62sec|| 44.56sec| 17.85sec |

7.98sec || 14.48sec |

Table4: Relationshipof Methodsand AccumulateDetectionRate(Top 10) (%):Segment= Set3

Method VQ-VSM 6PSM VQ-VSM-dPSM
Mel Mel Cepstrum& dco
Feature Cepstrum dco (w = 120)
Skip s=28 s=28 s=28 s=16 s =22 s =16
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. 85.00 79.00 89.10 85.20 81.60 79.10
| Time I - I - I - | - | - | 12.80sec ]

Figure4: Conceptof PruningMethod

3.3. Pruning Methods

For more reductionof calculationamount,pruning methodis
proposel. Figure4 shovstheconcepof pruningmethod.Here,
n is possibleskip width by pruning andT is thresholdfor de-
tectionthatdetectslocationswhenDl(’) is lessthanT'.

SupposeDl(i) > T. If e satisfiedor all arbitrary! andi

| D - D}y I< e (10)
Dl(+)n satisfieghefollowing iunequality
Dl(i) —ne < Dl(fgn (11)

Table2: AnalysisConditions

SamplingRate 16,000Hz
Bit 16 bit
Window Length 32ms(512point)
FrameShift 8ms(128point)
cepstrumanalysisorder 16th
window function Hammingwindow
Preemphasis (1-0.97z"1)
frequeny warpingparameter(mel a = 0.41[9]
| codebok size | 256[3] |
Whenthefollowing inequality holds,
T < D —ne < D2 (12)

Dl(jr)n is automaticallygreaterthanT’ becausef the inequality
Eq. (12). Therefore skip width n is derived asfollows:

DY —T
n<——— (13)

4. Experiment

For experiment,Set1 is usedfor databaseand Set2 and Set
3 is usedfor sggments.Lengthof segmertsis 10 secondsand
10 sggmentsaremadefrom eachmusicsototal numker of seg-
mentsis 1000. Analysisconditionsareshavn in Table2.

Mel (FFT) Cepstrumis chose for thefeaturein frequeny
features[3 Mel cepstrume is the featurethatadaptto human
hearingcharacteristicby expandng andcontractingfrequengy



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

| [ NMi/L | N/L [ Theoreticallime ]

[ NoPruning][| 0% [ 0% [ (17.85sec) |
Max(n) 16.49% | 83.07% 3.31sec
Min(n) 12.73% 14.54% 15.25sec
Avg 20.28% 24.63% 13.45sec

* Thetime of No Pruningis the actualtime at experiment.

axis, so 0-th of mel cepstrumis emphasizedhe power of low
frequeng.

Theresultof experimentis shavn in Table3 and4. Timeis
retrieval time thatincludessortingroutinefor accumiatedde-
tection. Table3 shaws theresultof experimentusingsegments
madefrom Set2, andTable4 shavstheresultof experimentus-
ing sgmentsmadefrom Set3. Retrieval time of experimern of
Table4 usingthe methodswithout pruningseemso be sameas
Table 3 becausehe calculationamountis sameso shavs only
with pruning.

Two valuese and T of the pruning methodsis setby the
preliminaryexperimentusingsamesegmentsof theexperiment.
e aresetfor eachmusicsby thefollowing equation.

(%) — D(i,m) _ D(iﬂn) 14
€" =arg max |D 1 b (14)
0<1<L;

where, D™ is D) usingm-th segmentin ten seymentsfor
i-th music. However, () wastoo large setby Eq. (14) in pre-
liminary experimentssosetby thefollowing Eq. (15).

(i) _ (im) _ y(im)
€ =arg max | D,/ Dy |, (15)

here,l’ is thecorrectposition.

Initial T is 5.085 at Table3 and 8.634 at Table4. The
detectionrateis over 95% if VQ-VSM-§PSMwithout pruning
is appliedwith thethresholdl" setto above value. After that,T
is thelowestvaluein accumulaterder, thereforeT is changing
dynamicdly.

Table 3 shaws that the detectionrate using VQ-VSM is
92.60%, dPSMis 91.70%, VQ-VSM-§PSMwithout pruningis
95.00%, and using VQ-VSM-§PSM with pruningis 94.30%.
The retrieval processig time using VQ-VSM-6P3V without
pruningis 17.85 secondsandVQ-VSM-§PSMwith pruningis
14.48 second. Table5 shaws the detailsof pruningin exper
iments. Here, L is the sumof framesin all musics,NV; is the
numberof timesthat pruningis carriedout (when D is under
the thresholdT’) and IV; is the sum of skipped frames. 100%
meangoveringall frames.Theaverageof Ny /L is 24.63% and
thismeanghe propose pruningmethodsskipsonly 24.63% of
all musics.Therefor theretrieval time without pruningis 17.85
secondsthenderived retrieval time with pruningis 13.45 sec-
onds.However, actualretrieval timeis 14.48sec. Thereasons
thate® is sovariousthate'” don't matchfor all seymentsof
i-th music. Table6 shaws the examplesof thee(®).

Table4 shavs thatthedetectiorrateusingVQ-VSM-6PSM
without pruningis 85.20% andthe detectionaccurag is lower
for the differentrecordingcondition combination. The detec-
tion rate using VQ-VSM-§PSM with pruningis 79.10% and
retrieval timeis 12.80 seconds.

Table6: Valuesof (D} — D", )
[7 [ MAX [ MIN [ AVG |
013 | 16.3890| 0.0117 || 4.1366
046 || 0.7865 | 0.2961 || 0.5556

5. Conclusion

In this paper theretrieval method thatretrieve sggmentsfrom
musicdatabas@ndpruningmethoddor fastretrieval have been
proposel. DetectionRateis 94.30% in the experimentusing
databasenadefrom Set3 andSet2 sgmentsmadefrom Set2.
Pruningmethodreduceretrieval time by 3.37 seconds

Futureworks includeretrieval speed establishmenbf the
way to sete and 7', andimprovementof the detectionrate at
usingSet3 sggment.
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