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ABSTRACT

A novel method to segment stereo music recordintgs formal musical structures such as verses andusbs is
presented. The method performs dimensional reductiva time-azimuth representation of audio whedults in a
set of time activation sequences, each of whichesponds to a repeating structural segment. THiased on the
assumption that each segment type such as vecd®mirs has a unique energy distribution acrossttreo field. It
can be shown that these unique energy distributadorg with their time activation sequences are ldient

principal components of the time-azimuth repredéna It can be shown that each time activationusege

represents a structural segment such as a vectmnrs.

particular instrument within the piece, or a kdyythm

or tempo change for example. In [1], Foote utilises
audio similarity matrix in order to find the boumtes

L . . . . between different consecutive self-similar segments
Music |_nformat|o_n retnevall isconcerned W'th. theOther methods utilise Hidden Markov Models to
automatic extraction of mult|_—lleve_l features f“?'“"dw segment the audio by clustering sequences of timbre
for the purposes of classification, comparison angtates obtained from a dimensionally reduced cahsta

segmentation. In particular, musical segmentatio& representation of the audio [2]. Goto presents a

algorithms attempt to segment the audio timelin®e in method which detects the chorus of a song by uaing
perceptually salient events, such as the onset of a

1. BACKGROUND
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chromagram representation [3]. The method aims fctivation sequence. This will be illustrated irctgmn
find the chroma vector which repeats most oftethan 2.2. Only the time basis functions are retained for
song. In [4], the similar segments are detecteddiyg further processing. Each time basis function isnthe
MFCC features from overlapped audio frames. Perhapmoothed using a low-pass filter. At this stageshea
one of the most useful forms of segmentation woultime basis function already exhibits a significanmtount
allow the identification of the formal structurahits of of structural information, whereby each one clearly
a musical piece, such as verses, choruses andebridg represents a particular structural unit of the ssunch as
example. Segmentation in this form would have verse or a chorus. A final process is then agplie
applications in audio thumbnailing as well as fastlio whereby for any time instant, only the single latge
browsing. Significantly fewer algorithms exist fthis value amongst all time basis functions is assigned a
level of segmentation although [2][3] do approauk.t  value of one and all others a value of zero. This
effectively enforces orthogonality between the fiors
which ensures that only one segment is active gt an
2. METHOD given point in time. Each of th& functions is now an

In this paper, a novel approach to structurdndependent binary sequence which represents the
segmentation is proposed, using the “azimugranthas on/off sequence of a particular structural compormgn
mid-level feature representation from  whichthe song such as a verse, chorus, bridge or solo fo
segmentation is derived. The azimugram is a timexample.

azimuth representation of stereo audio which eiffebt

No. Basis

shows the distribution of energy across the stéiedd Functions
with respect to time. In this highly condensed dioma L :
i H H H e ) 7 calculate
source location and intensity are clearly identia Ry STFT | | asmugram | 7] PCA [ 1CA

Common music composition and production techniques

often use additional or reduced instrumentatioheiald "

a section transition in a song. This would sugdbat V el I Rl o
source location and intensity will be highly coateld in )
similar sections within a given song. The distinct
advantage of using the azimugram is the fact that i
invariant to both key changes and melodic variation

within similar sections.

Figure 1: Block diagram of the music structure
segmentation system.

2.1. The Azimugram

Dimensional reduction in the form of PCA (principalHere, we coin the term “azimugram” to refer anydim
component analysis) followed by ICA (independenazimuth representation of an audio signal. Such a
component analysis) [5] is then applied to theepresentation shows the distribution of energysr
azimugram. This combination of PCA followed by ICAthe stereo field with respect to time. Azimugram
is commonly referred to as ISA (independent subspacepresentations can be created in various ways
analysis). ISA has traditionally been used in seurcdepending on the mixing model assumed. Much of the
separation problems [6][7] but we show here that thearly work concerning azimuth calculation was based
techniqgue has uses in segmentation also. Performing models of binaural perception, whereby the
ISA on the azimugram results in a setJdhdependent azimugram is calculated by carrying out a cross
basis function pairs wheré@ is an estimation of the correlation between the left and right inputs o€ th
number of unique structural components presenhén tsystem on a multiband basis. The maximum outputs of
song, typicallyd < 5. Each of thd basis function pairs the cross correlation functions correspond to theet
consists of one azimuth basis function and one timag of either the left or right input which can tesolved
basis function of dimensionx 1 andt x 1 respectively, as an angle of incidence. An overview of binaural
wherer x t is the dimension of the azimugram. Takingprocessors can be found in [8]. Later work in sound
the first pair as an example; the azimuth basistfan source separation [9][10][11], although not explici
corresponds to the most reoccurring energy digdidhu constructed azimugram variants from the short-time
profile over time. The corresponding time basiscfion  Fourier transform of stereo signals. Equationshietdw
shows the activation sequence of this azimuth bagiitine a basic technique to calculate an azimugram
function. Each successive pair of basis functioné w assuming an intensity stereo mixing model.

correspond to a unique energy distribution and time
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Firstly, the log ratio of the left and right magrde where, 1<r<2R, and wherek represents the left or
spectra is calculated resulting in a matrix of mixi right channel indexed by 1 and 2, respectively. éren
coefficientsA(n,t) as in equation 1, wheresn<N, and accurate way to calculate the azimugram can bedfoun
N is the analysis frame size. These mixing coeffiie in [8]. This method uses phase information in addit
are in dB format, whereby positive values refer td0 magnitudes resulting in slightly better locdiisa for
components which are dominant in the left channel a concurrent sources overlapping in time and frequenc
negative values refer to components which are damtin

in the right channel. For segmentation purposes, the time resolutionhef t
azimugram must be coarse enough to capture a
|X1(n t)| repr_esentative energy dis_tribl_Jtion for a segment.
A( n, t) = 20'—0910—, (1) Typically we use a frame size in excess of 3 sdson
|X2(n, t)| with a 50% overlap. Having a finer temporal resolut

leads to details of instrument dynamics being eggdos

. which can have adverse affects on the PCA stage use
where, X (n,t) andX,(n,t) are the complex short time next

Fourier transforms of the left and right channels

respectively. Theoretically(n,t) will have values in the The assumption is that a similar stereo energy
range of -96dB to +96dB for a 16bit recording. distribution can be observed over the course ohgles
segment, and that the same energy distributionldhou
Following this, a weighted histogram of the mixingbe apparent whenever that segment is active. bness
coefficients is created on a frame by frame b&sistly, verse 1 is assumed to have a similar stereo fieddgy
the resolutionR, of the histogram is defined, wheRe distribution to verse 2 for example, and likewisighvall
specifies how many histogram bins are used to septe other segments.
each half (left and right) of the histogram. Foample,
if R = 32, this will result in 2x R discrete azimuth As stated previously, the distinct advantage ofigishe
locations between far left and far right. EquatiBn azimugram representation is the fact that it isairant
below, converts the log spaced dB values into lineao both key changes and melodic variation within
spaced discrete bin values which are used to ptpulaimilar sections. Typical values f& are in the region
the histogram created in equation 3. of 20 to 30 points, resulting in an azimuth resolutof
2 x R With this time and azimuth resolution, the
_ 1 azimugram for a 4 minute song would be of dimension
A(nt) = Ri( R—[Wx %J (2) 40x 160 Such a compact representation facilitates fast
27" segmentation in the following stages.

where, R is the resultant histogram resolution and
where] | denotes rounding up to the nearest integer. | *

equation 2 above, the term in brackets, preceded, by
assumes the same sign as the current valégnod) .

The matrixA(n,t) now contains the mixing coefficients
in a normalised integer format such thet A(n, t)< 2R.

. . . . . 10 Y.l k] L] 50 60 70 a0 90 100 10
Using equation 3, each bin of the histograu,r,t), is Time (frames)

then populated by accumulating only the elementsf Figure 2: Azimugram of Romeo and Juliet — Dire Bra

X(n ywhere A(n.§=r. 2.2. Independent Subspace Analysis

LI The next stage involves performing Independent

AZ(T, 1) =Z Z| X<(Ei” t)| ) Subspace Analysis on the azimugram. ISA is a

k=l i=L technique used for dimensional reduction which

_ involves performing PCA followed by ICA. The model

whereB=n A(nf)=r assumes that the information contained within aa dat
set, in this case the azimugram, can be represdmnted
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lower dimensional subspaces, the sum of whichverlap between the components. Logically, only one
approximates the original data set. In the cas¢hef structural segment such as a verse or chorus stauld
azimugram, each subspace is the result of the ptadu active at once, and so theoretically, the basistfans
two latent basis functions of dimensiox 1 andt x 1 should be mutually exclusive. In order to approtus,
respectively, wherer x t is the dimension of the ICA is now performed on the time basis functions
azimugram. Formally stated, it is assumed that thehich results in a set of independent components as
azimugram can be decomposed into a sum of outeppose to just decorrelated components. Figurddwbe
products as in equation 4. shows the first 3 basis function pairs after PCAl an
ICA.

J J
AZZZAZI':ZH'T @

Time

where T indicates the transpose of the matrix. &trix o<
notation, the azimugrarAz, is represented as the sum
of J independent azimugrams, each one correspondi
to a particular structural segment of the song. 0

0
s
22

The basis functions are obtained by carrying OLE”
singular value decomposition, commonly known a =
PCA, on the azimugram. This essentially transfoems
high dimensional set of correlated variables imons
number of lower dimensional sets of uncorrelate c«
variables which are known as the principal comptsen
The principal components are ranked in order ¢«
variance, so the first principal component contahmes ?
maximum amount of total variance present in th&igure 3: The decomposition of the azimugram inifig
azimugram and each subsequent principal componéhinto its first 3 independent subspaces. Heendt are
represents the maximum remaining variance in thihe latent azimuth and time basis functions re$pegt
azimugram. Referring to equation 4, the principalhe independent subspaces are the result of ther out

function pairs represent the stereo field enerdx 1nown
distributions and the time activations of eac

n issue with the use of ICA is that the

S . . . ndependent components returned can be arbitrarily
dls_trlbutlon rgspecuvely. One .Of the known 'st.'m_ caled and/or sign inverted. For this reason, the
using PCA is that of choosing how many principa ndependent components are normalised and positivel
components to use to represent the data. In tlB

licati h b ¢ s i b tiented before proceeding to the next stage of
application, the number of components, is set to be processing. Following this, a lowpass filter is kgxhto

the expected number of reoccurring structures with|eaCh of the time basis functions in order to avibie
the song. Typically, we use 3 principal COMPONeNtYyataction of short segments in the next processinge.
expecting that there will be verses, choruses ahero  \,,iher issue associated with the use of ICA is the
where other will represent anything which is natease components could be returned in any order. For

or c_horus. of course many other possibilities exist segmentation purposes, the components are ordered
musical composition, but 3 components should b

S : 9nrono|ogica|ly, i.e. in the order of time activati We
sufficient to express the general structure of @icgl will refer to these normalised and lowpassed
song.

independent components eﬁsct) .
In order to perform segmentation, only the timeidbas
functions,t; , are retained. At this stage, the time basig-3. Forcing Orthogonality

functions are decorrelated but not independent. A

limited t of struct is alread it At this stage, some structure is apparent from the
imited amount of structure Is aready apparentini independent components whereby each component
the time basis functions, but there is still adiwa

effectively represents the activation of a paracul
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structure such as a verse or chorus but the bosdarcomponents. Performing ICA in the following stage
between the segments are still unclear. In orderdate clearly disambiguates this segment.

the segment boundaries more precisely, the independ

components are converted into a set of binary fonst For this example, the algorithm achieves a highreleg
by employing an ‘all or nothing’ scheme whereby forof accuracy, correctly identifying the presence adif
any time instant, the time basis function with thesegmentation points with a maximum error of -6
maximum energy is assigned a value of 1 and aélrsth seconds, corresponding to the early detection ef th

a value of 0 as in equation 5. second chorus. This is attributed to the fact it
build up into the second chorus is quite prolongdte
1 if To-Lo instruments are layered more gradua!ly.pr_ior to the
to= ! m jzm (5 actual onset of the second chorus. This is ideuii
! 0 otherwise from the chorus plot in figure 4. Essentially therso

field distribution at the end of verse 2 is monaitar to
for 15 j <3 , where is the number of basis functions the distributions observed _in the choruses anda® h
TiEEe - ) "been grouped as such during the PCA stage. The tabl
This effectively enforces mutual exclusivity. Thiedry  pejow shows the automatically generated segmergtons

time basis functions now represent the on/off segee times along with the deviation from the manually
for each structure such as a verse or a choruaré~§) gnnotated results.

below illustrates how each stage of processingslead

the resulting structural segmentation. Segmentation resultsfor Romeo & Juliet
T T | Segment | Actual* | Algorithm* | Deviation*
utomatic Segmentation of Romeo uliet - Dire Straits . N .
[~ Pca —ica — ICA ((P) — BINARY | 1 lIntro 0:00 0:00 0:00
% o TOue : ‘ ‘ 2 Versel 0:22 0:20 -0:02

2 Verse 2

2 Verse 3

1 Inst. 4:09 +0:02
2 Verse 4 4:24 0:00

1 Outro ; 4:45 -0:01
*time in minutes : secondsg

2

o5 1 Table 1: Comparison of manually annotated segment
5 Bl i ® 0 = onset times (Actual) with automatically generated
Figure 4: First 3 time basis functions after PCBAl  segment onset times (Algorithm). Also indicatedhis
lowpassing and binary selection. Note how the fionst manually annotated segment name. T indicates this ba

attain more structure after each stage of procgssifunction in which the segment was active.
Labeling was achieved manually.

5

ol
05
-

Given that the time resolution used in this exanipld
3 RESULTS seconds per frame, the maximum error from the table
above, -6 seconds, corresponds to only a singlaefra
error. All other segmentation points have beentifled
within the correct frame with the exception of dakse
detection at 4:42 which does not correspond to any

ajor structural change. This false detection cen b

explained by the momentary addition of an ornamenta
gyitar line at that point in the song. The positarthis
guitar in the stereo field is such that the aldonit
incorrectly attributes it to a chorus activation.

Referring to the example in figure 4 above, thanka
size was set to approximately 6 seconds with anlave
of 50% resulting in a time resolution of 3 secordsis
essentially means that if a segmentation point
correctly detected within a frame, it will only be
accurate to within 3 seconds of the actual segme
onset. Analysing the above figure, it can be séwmt t
using PCA alone leaves a significant amount of @iutu
information in the last 20 frames of the first 2ngipal

AES 123rd Convention, New York, NY, USA, 2007 October 5-8
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The algorithm was also applied to a limited tespos 4. CONCLUSIONS

of popular recordings. The segment onset timesdoh

recording were manually annotated. The automatian algorithm capable of achieving automatic streaitu
segmentation algorithm was then applied to eaakegmentation on stereo audio signals has been
example and the results were compared. A correptesented. The approach is shown to work well on
detection was deemed to be within 6 seconds (Z/sisal intensity stereo recordings and to a lesser degree
frames) of the manually annotated segment onset. dnvolutive recordings. The clear advantage of gusin
detection outside this range was considered as #ve azimugram as the mid-level representatiorhas it
incorrect detection. In this limited test case, thés invariant to key and melodic modulation which is
algorithm was able to achieve acceptable segmentaticommon in music composition. Several problems still
results 65% of the time. Table 2 summerises theltges exist with the technique however. There is still a

obtained. difficulty in knowing the exact number of principal
components to use in the PCA stage. Added to ttigs,
Toral parameters of the lowpass operation after the I24es
arit Some Avoten_| Dotctons | Detetons_| Corree are still set manually.
Jimi Hendrix (sj;j:es e 8 6 2 75%
Busta Rhymes ‘Whats it gonna be 7 4 3 57% 41 Future Work
Whitesnake Day Tripper 12 8 4 67
FooTighters | Everlong 1 10 A Other approaches for matrix decomposition such as
AcDe Highway To Hell 12 s 3] locally linear embedding and non-negative matrix
LedZoply | o Quater 7 : Gl factorisation may be used instead of PCA. Althotigh
Meslica Mats 5 ] 5| current formulation is not applicable to mono retiogs
Fugari No Suprise i i L ) the same segmentation technique may also be aplglica
Frask Zappa | Peaches Ba Regalia i d A [—-T to other midlevel representations such as the
= == Tl owm] om chromagram for example. At present, the automéical

Table 2: Automatically generated segment onsetdimegenerated segmentation points are near to the lactua
compared to manually annotated segment onsets. segment onsets but as yet are not perfectly alignitd
lower level musical events such as bar lines otsbea
Although not the focus of this paper, someThis will be the topic of further work.
consideration should be given to the presentatibn o
segmentation data to the user. The figure belowvsho
the time alignment of the time domain waveform, thg'
azimugram and a suggested visual representation
structural segmentation. Such a representationsgive
user the ability to quickly navigate to importarntints
within the musical piece.
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