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Abstract—We present a descriptive approach for analyzing given audio event is always known to belong to one of the
audio scenes that can comprise a mixture of audio sources. We previously known classes. In more open problems, where the
apply this method to segment popular music songs into vocal ,mper of acoustic events and possible audio scenes aee larg

and non-vocal sections. Unlike existing methods that direly d h it d b ¢ d | |
rely on within-class feature similarities of acoustic souces, the and perhaps unseen, It wou ecome tremendously complex

proposed data-driven system is based on a training set where 0 implement such a scheme. For example more heuristic
the acoustic sources are grouped by their perceptual or seméic  rules, such as the one implemented in [2] for classification

attributes. Our audio analysis approach is based on a quartiative  would be required. Related work to this problem of content
time-varying metric to measure the interaction between acostic analysis of audio is presented in [3], [5]. Usually in these

sources present in a scene developed using pattern recodait . . : . -
methods. Using the proposed system that is trained on a gerr implementations, each acoustic source is labeled to beqaeni

sound effects library, we achieve less than ten percent voea audio class and the core challenge in the problem is to iiyenti
section segmentation error and less than five percent falsdeam these sources. Also in methods such as in [3], [8], [10] the

rates when evaluated on a database of popular music recordys  discrimination system and the method of analysis are based
that spans four different genres (rock, hiphop, pop, and €as o the underlying assumption that the two classes are non-
listening). R . e
overlapping in time. Related work in description based ap-

proaches to audio typically involve application-tailomtbice

The increased focus on automatic audio processing tedi-descriptions trained on corresponding data. For exarmple
niques for retrieval, indexing, and classification is a Hesus6], the author uses probabilistic descriptions specifimtgsic.
of vastly improved digital media storage, delivery of cartte The approach proposed in [7] involves directly tying seritant
over the network, and the availability of cheaper and efficielevel descriptions to signal level Gaussian Mixture Models
computing. Audio processing for the above tasks involves obuilt on extracted feature vectors. These approaches, are
or more of the following related procedures: segmentatiorelevant to the present work, but rely on statistical sintya
clustering, and classification. Segmentation involveskingr amongst acoustic sources and are not easily generalizable t
similar, homogeneous sections of audio. The work we preséaitge classes of acoustic sources.
here segments popular music songs into vocal and nonAudio categorization implicitly or explicitly involves a
vocal sections. This is primarily useful for audio infornwat change-point detection (segmentation) scheme. This is dgn
retrieval applications for annotation, browsing, sumration either recognition, classification or measuring signalisias
and creating audio thumbnails. Our implementation is baskxtalized in time. In [2], [3] the authors have implementexba
on developing a method for descriptive characterization of heuristic rules to classify audio into speech, musi@rsie
audio content through a data-driven approach. Typically, aad environmental sound and thus segment them. In [11] the
data-driven approach to discerning the type (classifioqtioauthors have used a peak-picking scheme on the derivative
and the temporal extent of an audio event (segmentation)ois a distance signal. In [10] a classification scheme by a
based on some model-free or model-based approach, in eitbiatistical measure of zero-crossing rate (ZCR) and rogdim
case involving clustering and learning the charactegsiicthe squared (RMS) of signal energy is used for segmentation. In
desired audio classes [1]. The present work differs froneoth[4] the authors have usedZZ-statistic alongwith the Bayeisan
approaches by grouping them based on perceived descriptioformation Criterion (BIC) to the related problem of speak
and not simply on their signal level similarities. turn detection. All these techniques use only information a

An obvious and widely used approach to characterizingthe signal level to perform the segmentation task. No higher
complex audio scene is by recognizing each of the possildeel understanding of the audio is utilized.
constituent classes through deterministic or statistivethods.  Our main motivation is based on the change point detection
This would especially work well for closed-set problemscheme of the human auditory system. It can perform audio
where the number of identifiable classes are limited andsagmentation with ease and reasonable accuracy [12]. This

I. INTRODUCTION



can be attributed to the fact that the auditory system as aThis grouping, based on human characterization of the
whole depends not only on signal level characteristics sat a signal, leads to a mapping in a relatively lower dimensional
on the semantic understanding, relevance and temporé#lspaepresentation space. We believe such a description offers
placement of acoustic events. The segmentation task is easglability, and can be also effectively used as an inteiated
because, in some way, the auditory system is able to quantigtep for conventional audio processing methods.
tively measure the interaction of the events presented ito it In practice, one can assume that the time-varying desgripti
a scene. Thus when the interaction changes, a change-poirtdfi any audio scene typically contains acoustic events that
this quantitative measure can be detected. can be considered semantically grouped under this broad
Based on this idea, we propose to ys&ceived audio de- description scheme. We construct this identification using
scriptors or attributes, to measure and process the interactibank of classifiers (as detectors), where each one focusas on
of acoustic sources quantitatively and implement a changpecific attribute such as harmonicity. Then, the time sasfe
point detection scheme. We start by grouping a general audliese classifier outputs are assimilated to provide a firtal ca
dataset of sound effects into high level attributes based garization of the audio (illustrated in Figure 1 and expéain
how humans interpret and describe audio. Then we propdaether in Section IIl). The descriptive labels are autoicelty
a metric to quantitatively characterize a given audio chip iassigned to each frame of audio by using standard pattern
terms of these attributes. Finally we derive a change poiciassifiers that are trained off-line. The technique is Haze
detection rule based on this quantitative metric and etalita broad definitions of various audio attributes, and the trgjn
on segmenting vocal sections in popular music. data is also chosen accordingly. For the task of tracking
The next two sections describe the overall approach tioese attributes, we implemented a k-Nearest Neighbour (k-
the segmentation problem followed by its implementatiotNN) Classifier [15]. Discrimination based on k-NN rule for
Experiments performed to test the accuracy are describddssification task has been investigated previously, andd
in section 1V, with the results in section V. Finally, theuseful, in speech/music classification tasks [8]. An addai
conclusion, additional discussion and ideas about ourdutueason for choosing it here was because it belongs to a dlass o

work are presented in Section VI. lazy learning algorithms, and suits our approach which reake
no assumption regarding signal feature similarities ofténget
Il. SYSTEM DESCRIPTION attributes in the feature space.

Although an audio scene may consist numerous acousticto measure the degree of interaction between the audio at-
sources, each identified by a unique linguistic name, maHiputes (descriptors) at any given time, we define the ggant
of them share similar perceptual qualities and thus they c&flivity rate (AR). It is defined as the number of each event
be grouped under one category. For the purposes of tkfsd-, noise-like/speech-like/harmonic) detected per time
work, we focused on three such high level attributes, nameﬂé analysis. For example, for sections of audio with just imus
speech-like harmonic and noise-like For the training data, the harmonic activity rate is expected to be high whereas for
we manually categorized the relevant audio data availatigctions with singing/dialogues in a scene, the speecwitgcti
in the BBC sound effects library [16] based on these thré@t€ is expected to be high. The complexity of audio scenes
attributes. The clips were grouped according to the way th&fn be described in terms of the different acoustic sources o
are interpreted after listening to them. We refer to thegVents presentin it. Thus in effect, the activity rate pdes an
attributes as the perceived audio descriptors. For exartipe adgregate guantitative measure of interaction of the idda/
sound of a vacuum cleaner and the sound of a cars engfi¢ents. Note that in classical speech/music discrimisatio_r
are both consideredoise-like Similarly many other acoustic IS usually assumed that segments of speech and music are
sources (e.g.: waves in a seashore, machine-shop toolsy hd¥n-overlapping in time and the problem is to statistically
rain, breathing sounds), have sunbise-like characteristics. Mmeasure the signal properties appropriately to discerrirone
Thus, each of these sources can be grouped based on tffgg&ther (such as through a maximum likelihood scheme). In
perceived attributes regardless of the linguistic latiete the present work, we make no such assumptions of temporal
or just based on their signal feature similarity/dissimfia Mutual exclusivity and we segment the audio based on the
Along the same lines, a wide variety of acoustic sourc&§ucture of the audio scene measured by the qudlo degwsripto
such as door bells, string musical instruments such asnvioli T0 evaluate the proposed scheme, we apply it to the problem
guitar, (excluding percussion instruments), telephonetdnes ©f Ségmenting popular music songs into vocal and non-vocal
sirens, pure tones etc. can be categorized under the gr§§ﬁtions. Note that such audio is rich characterized bylsoca
harmonici.e. sources that are harmonically ricBpeech-like Of 0neé or more main singers, and possibly other background
mainly covers individual speech, conversations in a crow8ingers, along with polyphonic instrumentals. It should be
laughter, and human vocalizations. Further narrow, aotaiti pointed out that while the results indicate satisfactognsen-
descriptions are also possible. These three high levébatizs ation of vocal sections, the framework provides a genzedli
were chosen because they are sufficiently distinct hum@RProach to analyze the underlying acoustic structure in a
interpretations of events in an auditory scene and they &H#en audio clip [9]. The chosen evaluation domain reflects

sufficiently “separable” using perceptual signal-leveatiges ©One such application where obtaining sections with the lsoca
for the automatic classifiers. in a song is the goal. The next section provides details about
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feature extraction stage, the clips were converted to mono

I Activity Rate Device |< R A . . .
i = | without changing the sampling rate. As mentioned previgusl
LEVEL 2 1 the classifiersCy, Cs, C3 were implemented using the non-
3 Change point parametrick- nearest neighbor classifiet & 5) scheme [15].
N Note that the realization of thév = 3 classifiers can be
v od i
im[ Scgmentation | combined into one block, but they have been shown separately
? 7 for the sake of clarity.
Segmented audio At this point, for a sequence of audio frames for an
Fig. 1. lllustration of the proposed system for audio segai@n audio scene off’ duration, a sequence of vectofs, m

{1,2,..., M} This is the input to the Activity Rate module.
If a sequence ofL,, vectors is time-aligned (similar to a
I11. | MPLEMENTATION spectrogram where the magnitude of a sequence of Fourier

The proposed system for segmentation is depicted in FigLﬁ%efﬁCi?”ts are _time gligned), then the_ numb_er of _detected
1. The overall system is split into two blockkevel 1and events in each dimension of tig, vector in the time-aligned

Level 2 The first stage of the system is a feature extractidfPrésentation fora given time period is a measure of thateve
stage. It maps a given windowed audio framg of T. activity rate (AR). Mathematically it can be written as:

the implementation of the proposed system.

duration (usually from 20 to 100 msec.) to a poikt, in j=met Me

a D dimensional feature spade (m being the time-index). Pk RS Z IHwy; =1} 1)
The extracted feature is a popular, perceptually-moti/&e ™M\ AL 7 ’
dimensional vector comprising of 13 Mel Frequency Cepstral ImmT T

Coefficients (MFCC), its delta-MFCC(DMFCC) and delta- Py = (Trlnvfﬁw---aﬁ]x) )

delta (DDMFCC). The features are relevant here because they
model the perception of the human auditory system and thefere I{-} is an indicator function anduv ; is the k"
have also been successfully applied in recognition of gdnedimension ofL,,. M, is the duration for measuring the AR
audio ( [13] and references therein). This is used both duriand typicallyT; < M, << T and M,. =~ 50 to 100 timesT.
the training and testing. For an audio scen&’aluration, this The output of the AR device is again = 3 dimensional
stage generates a sequence&Xgf, m € {1,..., M} (discrete- signalr,, that takes continuous values betwe®f and 1.0.
time) feature vectors. The silence segments are treatesl sep value close t00.0 indicates no activity and.0 indicates
rately using the root mean-squared energy (RMS) of the kignhigh activity in terms of the corresponding decriptor. As an
Level 1 comprisesN classifiers trained in a one-against alexample, Figure 2 shows thg, vector for a 45 second clip
scheme. The output of the” classifierC, is wy,, an element of the songDon’t Know Whyby Norah Jones. In this clip, the
of the N dimensional vectod.,, and w, € {0,1}, V k£ song starts with soft music (comprising a piano, a stringed
€ {1,...,N}. Cj is trained to identify (the classificationinstrument, and snare drums) and the singer starts singing a
process) the:'" label in a frameaw, = 1 indicates that the the 10" second. Studying the activity rate plot, it can be
classifier has classified the given frame with th#& label. seen that the speech-like activity ratg)(increases around
For example, suppose thg" label is noise-like Then the the 16" second and the harmonic activity rate) is high
classifierC; is trained on all the data that contains audio clipmitially and lower when the singer starts to sing. As the
of acoustic sources that ar®isy (eg: engine noise, vacuumsinger sings each verse of the song, the ratg élternates
cleaner, hair dryer, waves on a seashore etc.) @pd= 1 between high and low values. Note a different trend in the
means that the given framensise-like In our implementation plot between the 26 and 36" second, as compared to the
of the proposed systerV = 3 and the labels used ate; = segment between the #5and 25" second. This is observed
Speech-likews = harmonicand ws = noise-like because the singer actually sings the second part of the first
The training data for the three groups totalled 7.28 houverse differently from the first part. Similarly in the plot,
(about 2.42 hours for each group). The clips were availablee piano notes briefly come to the foreground in the clip
as 44.1 kHz, 16-bit 2 channel uncompressed audio. For thbetween the 38 and 38" second indicating fluctuations in



. - . . TABLE |
the detected harmonic activity rate. The trends in the Roise ) ) o
. . . . K-NN CLASS. ACCURACY (%) speech-like(S-J)harmonic(H) noise-like(N-I)
like activity rate {3) also brings out such variations as the o _ L _

%split Train/Test Size = 80/20 %split Train/Test Size = 90/10

song proceeds. If a windowed audio segment is determined, . "~ Sl H N-| S H N
to be silence (by appropriate thresholding of the RMS energy ST| 9444 2.96| 260 9472 266 | 2.62
signal) then the frame’s correspondiiig, vector is not used H| 108 9730 162 094 | 9756 | 1.50
to calculate the activity rate. N1] 042] 067] 9891 0.47] 085] 98.98
Thus, it can be seen that the interaction between the acousti N the implementation, we usé&z = 100 (from the

sources in an audio scene can be quantitative|y measum uﬁalue set foer). Note that this combination h|ghl|ghts the
the activity rate. This is theescriptiveapproach presented inSegments that contain the vocals of the song. It basicaiysir
this paper. The time variations in the activity rate (AR)rgis inference based on a set of individual classification result
quantitatively describe the audio scene locally in timee Thihe classification accuracy of the k-NN classifier for two
description is genera"zed in the sense that M@ategories set Of instances iS I|Sted in Table l. We a|SO include a “fi”'
cover the type of acoustic source irrespective of the actdl Procedure where two segments that are not more than 1
signal statistics. While direct correlation between thentts S€c. apart are combined [13]. Other combination schemes are
in the Activity Rate to changes in the audio clip can be drawdiS0 possible depending on the application. For exampte, fo
by audio-visual inspection, we provide one such secondd@fger NV, ther,, can be directly used as a low-dimensional
analysis for segmenting popular music songs. feature vector for classifying auditory scenes. The negtige
Level 2: This level focuses on using the proposed attributéliscusses the performance of this rule to mark sectionseof th
based audio descriptors for specific categorical clastifica Songs with the vocals.

Specifically, we consider the application of segmentingi@ud
into vocal and non-vocal sections (generically, refernemf

here on as ‘speech-like’ and ‘non-speech like’, although jt .
includes both sung and spoken forms). In frame based a é?ses the segmentation performance of the proposed system.

. ; . "He tracks belonged to 4 genres: Rock, Pop, Hip-Hop and
ZZEQeVrVEeOSfS ﬁ]rggpi?] daeunilgraﬁg?cﬁr?;rthéu?;tzgﬂote?Z’u?s gasy Listening, covering a variety of artists likeed Hot
of observed frames be given by the SeX1, Xs, ..., Xn}. hilli Peppers, Cake, Bangles, Chris Isaak, Wyclef JearrkMa

. . . ; Knopfler, Tom Waits, En . The uncompr io track
In practice each observatioX;,: € {1,...,R} is a point oprier, 10 aits, Enyetc. The uncompressed audio tracks

. were directly obtained as mono from the original commelgial
in the feature space and represents about 20 to 50 MSECS able CDs atid.1 kHz sampling rate.

gct\ilglrzldsoxeecrinsl?g:/?nl\/seasmg;?i?ﬁaﬁ t)(/‘p/);c_eg 2;%%?:?3;1% dde- For each track, a binary signal of the same duration was
ng(W'=Sp obtained at the output. The binary signal has a valug fafr

P(W=non-Speech likewhich gives us the rule, sections of audio determined to have vocals, aradherwise.

if, P(W=Speech-like)> P(¥=non-Speech like) This output was then converted into time markers that mark
the corresponding sections on a waveform. A Graphical User
Interface (GUI) was used to display the waveform and the
Let 7{X; = speech-likg represent classification of a framemarkers aligned in time. Therror and false alarmpercent-
X; as speech-like In an observation of onlyR vectors, age were calculated manually by listening to the songs and
P(W=Speech) can be estimated by the classical definitioghecking the actual vocal sections of the songs againsbasct

IV. EXPERIMENTS
A collection of 67 full-length assorted songs were used to

then W is a vocal section

[14], S ({X,=speech-iks) marked by the system. The error and false alarm rate were
P(W=Speech like} == = ,and calculated by using the following formulae:
(I{X;=h ic-liki __no. of vocal sections in a song not marked by the system
P(W=non-Speech like} 2 armonicke) VoError = fotal no. of segments in the song
R % False Alarm= 1% of non-vocal sections marked by the system
EW(I{XFnOiSE-“ke}) o False Alarm= total no. of segments in the song
R The tolerance for segmentation wasec. i.e., if the markers
Thus from the inequality 3 we get, for a givéhfor a segment were off by +1 sec., then it was not considered as an error.
W we conclude that it is a vocal segment if This tolerance value can be determined from the sizé/of
S 1{x,—speech ks> S, T{X,=harmonic-like to calculate the activity rate. In th(_e proposed implemeoiat
vi TS + 3., 1{X,=noise-like Ts = 20 msec. andV/,. = 100 x T with 50% overlap between

. _ _ _ frames for estimating?,. It is of the same order of acceptance
Therefore we obtain a time-localized voting scheme fqheasure suggested by the authors in [12].

detection of a vocalized segment in a test clip. By the dédimit

of the event activity rate (AR) in equation 1 we get the rule V. RESULTS AND DISCUSSION

for change point detectionit s > 0 then segment is a vocal  The error and false alarm rates for segmentation of the songs
section where, _ using the proposed system, grouped by genre, is tabulated in
§ = N—-r2—Ts, 1€, Table Il. It can be seen that the estimates are consistentghr

s = (speech-like AR— (harmonic AR — (noise-like AR the various genres. The overall false alarm and error rate



TABLE Il

relevant audio clips can be returned to the user. Of course,
FALSE ALARM & ERROR RATES OF POPULAR MUSIC SEGMENTATION

one would require a larger dimensioN (> 3) description for

Genre No. of Songs| % False Alarm | % Error . .. . .
Rock 14 2.8 597 this application and the categories need to be appropyiatel
Pop 20 5.09 6.63 chosen. Splitting the large categomnpise-likeinto machine-
Hip-Hop_ 13 3.39 8.45 noise (e.g: engines noise, vacuum cleaner, hair dryer etc.)
Easy Listening 20 3.37 6.66

andnon-machine-noisge.g: seashore, breathing sound, heavy
was found to be about.0% and7.0% respectively. Although rain, clothes rustling etc.), or having additional catéger
direct comparision with other speech/music discrimingtigr such asmpulsivesounds (e.g: explosions, gunfire, knocking,
not possible due to differences in training data, impleration  clock ticks etc.) are some ways to increase the dimensiynali
and domain of application our results are comparable toroth@f the descriptions. Our future work would involve further
systems such as [8], [10]. While the results show low erramvestigating this categorization of acoustic sourcesugh
values, some specific problems arose in certain cases gaugiarceptual/language descriptions similar to the ideasgoted
relatively high error. They are discussed below: here.

Observed sources of errom some Rock songs, there were The main principle which sets the stage for this work is that
sections with high intensity music (lead guitars+drumshgl humans can describe auditory scenes using language which is
with screaming voices that were not segmented correctlig Tl representation of the semantic information captured from
is because relatively high values were obtained for all tran audio clip. Analysis of more complex and rich scenes
three Activity Rate signals-,rs, 73 and these resulted inwith large number of acoustic sources can be potentially
low (approximately 0) values of (refer to egn. 1). Also, implemented by increasing the number of audio descriptors
certain instances of extreme pitch levels of voices were nand seeking quantitative measures such as the activitjtaate
correctly marked. Similar problems with segmentationssaroadequately characterize them. This is a topic of our on going
in songs of other genres that had extended duration of gingiwork.
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