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ABSTRACT Classical Indian Music too, the audience applauds a
performer inter-piece, and at the end of a concert. In
A Carnatic music concert is made up of a sequence of agddition to this, the musician is also applauded when there
pieces, where each piece corresponds to a particular genrgs an “aesthetic moment” within a piece. The purpose of
and raga (melody). Unlike a western music concert, the this paper is manifold; find the location of applauses in a
artist  may be applauded intra-performance, single continuous recording of a concert. The location and
inter-performance. Most Carnatic music that is archived dyration of the applause can then be used to characterise
today correspond to a single audio recordings of entire the approvals. Further, the concert can be segmented into
concerts. individual pieces. Applauses can also occur intra-piece.
The purpose of this paper is to segment single audio These locations provide the highlights of a given concert.

recordings into a sequence of pieces using the
characteristic features of applause and music.
flux, spectral entropy change quite significantly from

music to applause and vice-versa. The characteristics o
A

these features for a subset of concerts was studied.
threshold based approach was used to segment the piec

Spectral

The appropriate choice of audio features is crucial for
classification or segmentation of an audio signal. For most

Taudio signals, in particular music, the spectral propertie

change slowly with respect to time. This has led to a wide

vgriety of short-timeprocessing methods. 1]} a GMM
ased classifier is used to segment the singer’s voice in an

into music fragments and applauses. Preliminary results
on recordings 19 concerts from matched microphones
show that the EER is about 17% for a resolution of 0.25
seconds. Further, a parameter called CUSUM is estimate
for the applause regions. The CUSUM values determine
the strength of the applause. The CUSUM is used to
characterise the highlights of a concert.

audio. Four different features are used, namely, shamt-ter
energy, zero cross rate, spectral flux and harmonic
dpoef'ficient. In P], a music piece is segmented into
different structural components. The paper uses a
combination of N-grams to model the sequential
dependencies in a musical piece, and acoustic properties
to segment a western music performance using the
transcription and acoustic waveform. 18] [different

1 features are compared for separating music and speech.

“APPLAUSE (Lat. applaudere, to strike upon, clap) is The fef'itures include amplitude, delta-amplit_ude, pitch,
primarily the expression of approval by clapping of delta-pitch, cepstra, delta-cepstra, zero-crossing aate

hands' according to the Encyclopedia Brittanica. delta-zero crossing rate. Gaussian Mixture models are

Applause is indicative of the collective approval of a built gsing each of the features. Im][has US?d
group of people for a performance. Although, initially the €volutionary programming based on genetic algorithms

applause can be asynchronous, the applause become;},nd smt;lated a_nnea(ljmg t(l) determine the"dllsct;wrlnr(;aéwe
rhythmic within a few seconds. Identifying applauses in a '€atures for music and applause. A manually labeled data

football video can be used to determine the highlights of set is used for this purpose. The discriminative featu_res
the play. Similarly, in an audio recording of a concert, are then used to chssﬁy the labeled segments into
identifying the location of applauses, duration of aPplausesand otherwise.

applauses can be used to archive the highlights of a In this paper, the focus is to determine the location of an
concert. In Western Music a performer is applauded at theapplause by processing the audio signal using appropriate
end of a concert, or at most at the end of a piece. Infeatures. Unlike speech and music, the characteristics of
applause and music have distinct spectral characteristics
This is primarily required for processing Carnatic Music
concerts.

INTRODUCTION

This
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kalpita sangitaandkalpana sangit45]. kalpita sangitain
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a concert corresponds to fixed compositions, to be have a similar structure. Although this is not discernible
performed as composed or taught, whikdpana sangita  in the time-domain waveform, it is evident in the
corresponds to improvisational parts of a concert. spectrum. Figures3 and 4 show the typical power
Kalpana sangitais also calledmanodharma sangitaa spectrum of a sequence of applause segments,
musical aspect where the creativity of the musician plays respectively. From Figure8 and 4, observe that the
arole. In a concert, the performer, generally illustrabes t  spectra of music and applause are quite different, For
various nuances of aaga by means of the following: applauses, it is observed that the spectra are quite flat,
Alapana, &nam, kalpana svarasand akirtana (song while for that of music, the spectra shows structure.
composed by a composer). Thdapana, anam and Although, there are differences in the time domain signal
kalpana svarasare the improvisational aspects of the too, since aaga continuously changes, it is difficult to
concert, whereas thértana is the fixed composition. Ina  characterise music in the time domain. Whereas, while
concert kutcher), applauses can be heard after each of the spectra of music also changes, it is observed that the
the improvisational aspects and tkigana. The audience  spectra of applause is more or less stationary. Further, the
occasionally applauds the artist in-between an spectra dynamic range of an applause is small owing to its
improvisational piece or even &rtana, when some  unpredictability. Music being predictable (based on the
aspect of the music appeals to them. The purpose of thepast) has a large dynamic range. An attempt is made in
work reported in this paper is to mar kthe locations of this paper to characterise the predictability of music
these applauses in a concert and use them as landmarkés-a-vis the unpredictability of applauses. An attempt is
for archival purposes. The applauses can be also be usedlso made to quantify an applause.

as a cue for segmenting a single concert recording into its
constituent pieces. Applause is a mark of appreciation by ~ 30000.0
the audience to the music. The location of the applauseo iggggg
can be used as an index to perform search.

Earlier work on identifying applauses uses energy and< °°°°°
zero crossing rate as criterig]] Although the energy -30000.0
during an applause is small compared to that of music,
and the zero crossing rate is high for an applause, these  35000.0
features are very noisy. In this paper, spectral 200000
characteristics of music and applause are used to segme@  ***°00
an individual recording into individual pieces. Liu et & -10000.0
al [7] show that spectral flux can be used efficiently to oo LW ML oo T
distinguish between music, speech and environment © 02 04 06 08 1 © 02 04 06 0.8 1
noises. It is observed that spectral flux and spectral
entropy are useful measures to distinguish between
applauses and music. As these measures are quite noisy, 8 10000.0
technique call CUSUM{] is used to smooth out the noise
and highlight the applauses.

In Section2, we discuss briefly the different features that
are used to identify music and applause. In Sec#@)
we discuss the technique based @b o highlight the “6000:0
applauses. SectioB gives a brief detail of the database -10000.0 ————l——l—— -10000.0 —_——l—l—i——
that was used in the study. In this Section, the results are

30000.0
20000.0
10000.0
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Figure 1. Typical sequence music segments (time domain)
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Amplitude

-6000.0

tabulated in terms of misses and false-alarms. In Section  *°°°°° 100000
4, an analysis of CUSUM is performed to categorise 6000.0 6000.0
applauses. A possible approach to applause classificatio§  zo00.0 2000.0
using the CUSUM triangles is suggested. Finally in g‘ 2000.0 2000.0
Section5, the concluding remarks are presented. 60000 60000 ]
-10000.0 L L L L -10000.0 L L L L
o 0.2 0.4 0.6 0.8 1 o 0.2 0.4 0.6 0.8 i
2. FEATURE EXTRACT'ON Time in seconds Time in seconds

_ _ ) _ Figure 2. Typical sequence of applause segments (time
In this Section, an attempt is made to derive features thatgyomain)

can distinguish between music and applause in a Carnatic

music concert. Figureg and 2 show thetime-domain

characteristic of a typical sequenceusic segmenand Given that the spectral properties of music and applause
applause segment Clearly, the time-domain signal are different, in this section, we describe two different
corresponding to music is more structured, while that feature extraction techniques that have been successful in
corresponding to that applause is rhythmic but not very detection of applauses and music. The general framework
structured. Although, music has structure, owing to its is adapted fromq]:

quasistationarity, the characteristics change with time,

albeit slowly. On the other hand, applauses across pieces Qs = T[Xa(e?)] (1)
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Figure 3. Typical spectra of a sequence of music segments
(spectral domain)
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Figure 4. Typical spectra of a sequence of applause
segments (spectral domain)

o

whereX(e’v), is given by

Xp(ed¥) = Z w(i — m]x[m]e 7 =m)

m=—0o0

wherew[n — m] is a sliding analysis window arid[.] is a
particular transformation. Typically the analysis window
overlap by more than 50%.

2.1 Spectral Flux (SF)

Spectral Flux SF is also called Spectral Variation. Spéctra

flux characterises the change in spectrum between adjacent

two frames of speech. It measures how quickly the power

1. No normalisation.

2. Power spectral density normalisation: In this
approachX Norm,,(w) is defined:
X, (w)
XNormy(w) = ——222 3
ormay, (w) T X () 3)

This normalisation gives the relative contribution of
different spectral components. Given that spectrum
of applause Figurd is relatively flat, while that of
the signal is relatively peaky, the spectral flux could
be significantly different.

3. Peak normalisation: In this approaghVorm,,(w)
is defined as:
XNormy,(w) = X () 4)

max, X, (w)

In music signals, certain spectral components and their
harmonics are emphasised in a melody, while others
components are not present. Again, we argue that since
applause has a flat spectrum, all frequency components
after normalisation will be close to 1.0, while that for
music will show a significant variation.

Figure5 (a), (b) and (c) shows'F' as function of time,
using all of the three approaches. It can be observed that
both “no normalisation” and “peak normalisation” seem
to show significant change at the boundary between music
and applause. But the dynamic range of “no normalisation”
is very high. We therefore use peak normalisation in our
analyses.

2.2 Spectral Entropy (SE)

Entropy is a measure of randomness of a system.
Shannons entropy of a discrete stochastic variable
X = {X1,Xs,..., Xy} with probability mass function
p(X) ={p1,p2,...,pn } IS given by

N
HX) = - Z p(x;)logs [p(w;)] )]

Given that power spectrum can be thought of a power
spectral density, the power spectral can be thought of as
a probability density function. The entropy of the power
spectral density function is then computed:

PSDu(w) = —nl@ iy
" fw | X (w) |2dw
SE[n] = —/PSD"(w) log PSD,,(w)dw (6)

spectrum changes. Spectral flux can be used to determind he continuous frequency becomes discrete, as the

the timbre of an audio signal.
SFIn) = [ (1 Xu(@) | = | Xuna(w) [Pde @
where X, (w) is the normalised power spectrumf the
nth frame of an audio signal. Three different

normalisations, were experimented with:
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signal is sampled and the discrete short-time Fourier
transform is computed for every frame:

| Xu[K] |”
> | Xalk] |”
—> " PSD,[k]log PSD,[k] (7)
B

PSD,[K]

SEIn|
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wherek is the index of a DFT bin. If Cusum[n] > O, then it suggests that there is a
Figure5(d) showsSE as a function of time. Observe that significant structural shift in the series. The valueszof

the spectral entropy is also distinctly different foragysea ~ and © have to be estimated empirically and may vary

and music. across different data sets. The method works on the
SE and SF are complementary features, in th&F is assumption that the underlying process is stationary, and

measured across frames, whi#E is measured within  has been successful in detecting certain kinds of

every frame. BothSF and SE are not smooth functions ~anomalies in network datd, 11].

of time, and therefore a simple threshold based approach

will not detect boundaries accurately. The functions

SE[n] and SF[n] are first smoothed using Eoving 3. EXPERIMENTAL ANALYSIS

:;ETZggeflge{eanwgzé gllgztézemuel::\% gﬁl::?:rtﬁz noefxtln thi; section, we first describe that the database that was

Section, which can be used to emphasise and characteris?sed in the study._ Next, we_evaluate_ the performance of

applauses. eatures extracted in the previous section, fit_the franed.lev

The manually marked applauses by a musician at the frame

1.6e+09

level are used as the ground truth.
é 1.2e+09 - (a) spectral flux of unnprmalised spectra
‘_.g 8.0e+08 |- B
& a0evos | . 3.1 Databaseused in the study
50008 S Nineteen concerts were taken for study. All the concerts
5 15e04 | (b) spectral {lux of power spectral density are live recordings of complete concerts. All were
£ 1oe0s IOVSUNV SIS 1 recorded using a Sony PCM-D50 recorder, The recorder
& 50005 - 1 was placed in the audience, and the recordings include
221;22 o 1 2 s 4 5 & 7 = environmental noise, conversations between people in the
P # (o) spactral flux of peak normalised spectra audience, etc. All the concerts are vocal concerts, in that
3 " 1 the lead musician is a singer. Each concert has about
& ooeor AN ] 15-20 applauses resulting in a total of 343 applauses.
0.00000 . L . L .
o] 1 2 3 4 5 6 7 8
= 3.60 T T 7 T T T T )
§ oM @spestangnuopy ] 3.2 Performance Evaluation
T)—E 2.80 i .
g .l MN | The featuresSF[_n] and SE[n]_ are smoothec_J using a
I NP e rectangular moving average filter. The moving average

Time in seconds

filter of length 15 is applied three times. This sort of
approximates a Gaussian window. A¢'[n| and SE[n]

are unidimensional features, a simple threshold is
employed to determine whether a given frame
corresponds to that of an applause or music. Fidure
shows the Detection Error Tradeoff curvee] obtained

for different thresholds on the rafE[n] and SF[n]. As
onsets of any event in musid][ are at least 0.5 seconds
long, a leeway of 0.25 seconds is permitted in the
2.3 Cumulative Sum(CUSUM) detection of the applause. The Equal error rates (EER) are
given in Tablel

Figure 5. Different measures of spectral analyses for
determining applause positions. The solid line correspond
to a boundary. The signal before the solid line corresponds
to an applause and the signal after the solid line
corresponds to that of music.

From Figuress it is clear that both parameters do show
significant change at a boundary. But a simple threshold
may not be sufficient to determine the duration and

strength of the applauses. To Compute CUSUME|n] Table 1. EER for applause detection
and SF[n] are thought of as time series. At the boundary Method EER
between music and applause, the time series becomes Spectral Flux (no norm) | 44.55 %
statisticallyinhomongeneousA non-parametric approach Spectral Flux (peak norm) 23.33%
discussed in§], can be used to identify the statistical Spectral Entropy 17.33%

inhomogeneity. This is achieved by sequentially
estimating a Cumulative Sum (CUSUM) on the time
series of the feature in question. CUSUM is estimated as From the Table, we observe that both spectral flux (peak

follows: norm) and spectral entropy are quite effective in detecting
Let X [n] be the value of time series at timg the applauses, while spectral flux (no norm) is not very
effective. Although in Figureb, there is a significant
Y[n] = X[n]-a change in spectral flux, when the signal changes from an
Cusumin] = { Cusum[n — 1]+ YIn], YI[n] >0 applause to music, clearly a threshold based method is
0 Otherwise inadequate.
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CUSUM can also be used to determine the strength of the
an applause. The height of the triangle is a measure of the
— strength of an applause. The CUSUM measure of
o tnves applauses can be used to characterise applauses.
Figure8 consists of a sequence of CUSUM triangles (for
a carefully chosen value af) for the entire piecé Eight
of the applauses in this piece are indicated by the location
of peaks. There are nine applauses in this concert. The
height and base of the triangle more or less characterise
the applausé .

Applause Classification Performance

Miss probability (in %)

08

07 |

06 |

05 |

2 0 B G B ®
False Alarm probability (in %)
0.4 -

Figure 6. Detection Error Tradeoff curves for applause
detection using different methods

03 |

CUSUM of spectral entropy

02|

o
o 1000 2000 3000 4000 5000 6000

4. CHARACTERISING APPLAUSES USING Time in seconds
CUSUM

The CUSUM was computed for both spectral flux (peak
norm) and spectral entropy. Figuveshows the spectral _ _
flux (peak norm) and entropy at the specific boundary Figure9 shows the applauses and CUSUM triangles at

between music and applause. Clearly the location of the®™ 1045 seconds and~ 2095 seconds of Figure8. The

Figure 8. CUSUM for a mgam, &nam, pallavi

applause that is marked by the solid black lineSi[n], first applause is short and not Ioud,' V\(hile the second is
andSF[n] of Figure5 are clearly visible ilCusum[n] of ~ 10ng and loud. From the Figure it is clear, that the
SF andCusum[n] of SE. CUSUM trianglecaptures both duration and strength of

an applause. Notice that the scale on batkaxis and
Y-axis are different for CUSUM of the applauses.

] Observe that the CUSUM for the second applause is about
{e) CUSUM of spectral flux ] 3 times that of the first applause. The first applause
corresponds to an aesthetic moment at the beginning of
the Alapana, while the second applause corresponds to
that of the end of theainam.
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As mentioned in the previous Section, the CUSUM is Figure 9. Types of applauses and the corresponding
computed on theSE[n] and SF[n]. The average of the  ~jguM of Entropy

CUSUM values were computed for the entire concert.
After experimenting with a number of concerts, the

parameter a was chosen 85 The CUSUM can be used further to categorise applauses

L5 % the average SF[n](SE[n]). © is chosen as 0. In by the size and shape of the triangle. Although this

Flgure7, the region where th_e C_ZUSUM crosses the zero technique has to be verified on a large database,

axis corresponds to the beginning of an applause. The

CUSUM continuously increases and drops back to zero. *A ragam, anam, pallavi is a particular kind of piece in Carnatic
. . . music concert that is replete with improvisation.

This location marks the end of the applause. CUSUM is 2 Since the duration is about 6000 seconds, the trianglesaaggse

quite effective in estimating the duration of the applause. peaks.
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Artist Name highlight 1 highlight 2 highlight 3
Abhishek Raghuram
& Jayatirth Mevundi tanam RTP jugalbandi
Bombay Jayashree vocal Alapana violin Alapana | RTP/@anam
Sanjay Subramanian| mridangam-+violin kriti tanam

Table 2. Highlights of concerts using CUSUM

preliminary analysis do show that the CUSUM

characteristics seldom change across concerts. The maj
drawback of the CUSUM based approach is the choice of
a. The choice of this parameter depends up the

stationarity of the signal. As music signals are
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