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Abstract YN
In this paper, a machine-learning approach called Sparse @ ntation
u{% r

Classification(SRC) Viterbi Algorithm is proposed for atic ¢ gnition in
PC% w audio and
f

music. We extracted Pitch Class Profile(PCP) features 0
achieved sparse representation of classes via 0 inimization eature space to
recognize 24 major and minor triads. This rec n mo aluated MIREX'09

that entered the Music Information Retriev. aluation® ge (MIREX) in 2013 and
2014. Experimental results demonstrare\] our od%has good accuracy rate in

recognizing signal chord and has fevv<® datgaS\

Keywords: Chord Recogﬂ't@ Sparse, Representation Classification; Viterbi
*

dataset including the Beatles corpus. Our methed is also co;par with various methods

Algorithm; Log Pitch Class e

1. Introduction @ ’\'\Q
A musical cho@e defin a set of notes played simultaneously. A succession
of chords overQ orms t rmony core in a piece of music. Hence compactly

representin erall harmgnic’content and structure of a song often starts with labeling
every chor . Auto @ of chord labeling is also called chord recognition, which
h as music segmentation, music similarity identification, and

]. For these reasons and others, automatic chord recognition has
ields of interest in musical information retrieval (MIR) in the last

finds many applicati
audio thumb naili
been one of thesqa
few years.

The fe&q&;used in chord recognition may differ from a method to another but are in
most ¢ riants of the Pitch Class Profile (PCP) introduced by Fujishima [3]. PCP is
also @chroma vector, which is often a 12-dimensional vector, whose each component

s the spectral energy or salience of a semi-tone on the chromatic scale regardless

tave. The calculation of an audio recording into a chroma representation is based

either on the short-time Fourier transform (STFT) in combination with binning strategies

[4] or on the constant Q transform (CQT) [5]. The succession of these chroma vectors

over time is often called chromagram and gives a good representation of the musical
content of a piece.

The second part of the chord recognition is the chord labeling of each chord. Our chord
recognition system is based on the sparse representation-based classification (SRC) [6],
which has been proposed with amazing identification capability in recent years. Based on
a giving 12-dimensional PCP features, SRC discriminately selects the subset that most
compactly expresses the input signal and rejects all other possible but less compact
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representations. This classification has been applied into many applications and achieved
perfect performance. If it uses the transitions between chords, SRC could easily be
incorporated into Viterbi algorithm. This is the first time that we apply SRC and Viterbi
algorithm into chord recognition. Experiments demonstrate that its perfect discrimination
capability compared with some other classifications.

The remainder of this paper is organized as follows: Section 2 reviews previous the
state-of-the-art methods on this area; Section 3 gives a description of our construction of
the feature vector; Section 4 detailedly describes our sparse approach and Viterbi
algorithm; Section 5 gives results on MIREX'09 dataset and a comparison with the other
methods; In Section 6, we draw conclusions and directions for future work suggested.

2. Related Work

In audio chord estimation, it mainly includes the feature extraction, mogelling,
techniques, evaluation strategies and so on. Many features used, such as nonspe

’%msed
opular

least squares(NNLS) [7], chroma DCT-reduced log pitch(CRP) [8],
chromagram(LBC) [9], Mel PCP(MPCP) [10]. For auto chord analysis, th

feature is a chromagram, also known as chroma vectors or Rjtch Clas PCP). In
[3], Fujishima developed a real-time chord recognltlon , Wher rived a 12-
dimensional pitch class profile from the DFT of ormed pattern

ghal, P
matching using the binary chord type templates Whord templates,
this time for the 24 major/minor triads [11]. He duced a input feature called
Enhanced Pitch Class Profile (EPCP) usi armonic uct spectrum. Gémez and
Herrera used Harmonic Pitch Class Pro |I&) as thag.tre vector, which is based
on Fujishima's PCP, and correlated key model adapted from

Krumhansl’s cognitive study [12].
{Q/ uses t

In modelling techniques, it u Iates-flttlng methods [3, 13-15].

Besides templates-fitting meth |s WI used machine-learning methods such as
hidden Markov Model (H -20] and (Dynamic Bayesian Networks)[7, 9] for
this recognition process.

In our auto chord tion met like most of the methods, it is composed of
extracted features C gnition rd process.
3. Featur ﬁbr

First of e reco ystem extracts a sequence of suitable feature vectors from
the audio signal. In em, the feature vectors are PCP.

feature vector uMer and Ewert propose feature vectors 12-dimensional Quantized
PCP[8] whlih ids a possible frequency resolution and is sufficient to separate musical

notes of | quency comparing with others.
s

Like most % gnition systems, a chromagram or a PCP vector is used as the

ation of feature vectors PCP can be divided into the following steps: (1)
i constant Q transform to calculate the 36-bin chromagram; (2)Mapping spectral
gram to a particular semitone; (3) segmenting the audio signal with beat tracking

ithm; (4)Reducing the 36-bin chromagram to 12-bin chromagram based on beat-

synchronous segmentation. (5)Logarithm and normalization of 12-bin chromagram. Refer
to [19] for more detailed steps on how to calculate chromagram.

(1) 36-bin chromagram calculation. Using the constant Q transform, it can get X (k)

o x(m
of a audio signal ( ):
1 N, -1 —j2zmQ

chn(k):N_ x(mw, (m)e "

k m=

o

M)
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where K is the bin position, v, (m) is the hamming window and its

length Ne =Qf/Ts  aAnd f is the center frequency of the k bin and fs s the sample
frequency. In this paper, the music signal is down-sampled to 11025Hz.

By adding all XCq‘(k)that correspond to a particular frequency, then it gets 36-bin
chromagram of each frame. The specific formula is as follows:

QPCP(p)=)"|Xey (p+mb)|, p=12,...36 o
m=0
Where M is the total number of octaves and b is the number of bins per octave.
(2)Chromagram tuning. In the 36-bin chromagram, 3 bins represent one note in the
octave. Each spectral components of 36-bin is maped to a particular semitone. The
mapping formula is as follows:

p(k) =36+[ log, ( f,/N, *k/f,)]mod36 o

(3)beat-synchronous segmentation. In our system, it use the beat tracking
programming method proposed by Daniel P.W. Ellis [21]. This approach
to work very well in many types of music. Segmenting the ag osignal

algorithm has additional advantage that the chroma featur
rather than time.

(4)12-bin chromagram reduction. Finally, ave e @é components of
I

36-bin in beat segments and summing them s€mitones, the dimension of
chromagram is reduced to 12 from 36. TREMthe cmo@ram of audio music can
represented with these 12 dimensional vgct@

(5)Logarithm and normalization Q ram QPCR(P) is the 12-bin
chromagram. It can get the normali W‘Q\ rm and logarithm. The formula is
as follows: @

Q log ( p) :‘K@ *QPCPH( )+l) (4)
%Qpcpnorm®p Iog /"QPC Iog(p)" (5)

If it performs the Ia? m and fyormalization, the chromagram is called Log PCP. In
step (5), if ithas o ali is called PCP.

As can be_see igure 1, t ft picture shows a PCP of C major triad. The right one
shows its @ > Wsee, the strongest peaks are found at C, E, and G, since C
major triad es rlses tes at C(root), E(third), and G(fifth). From the Figure 1, it
can see that LPCP i an PCP.

fC Major Triad (b) LPCP of C Major Triad

k

OQUEMTROL>Zw

Il

[
0 1 Tinfe(s) 3 4
Figure 1. PCP and LPCP of C Major Triad

o

1 Tin?e(s) 3 4
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4., Feature Vectors

In our chord recognition method, the system includes two sections: (1) Sparse
representation-based classification (SRC); (2) Viterbi algorithm. If it uses labeled musical
fragments, then the system uses SRC method and only relies solely on frame-wise
classification. The method doesn’t need amount of training data. If it has amount of
training data, the system can add Viterbi algorithm by using transitions between chords to
recognize chords.

4.1 Sparse Representation-based Classification

= cee — PP MxN
First, if it selects matrix W =W, W, Wi 1=[C,5, G0+ G 1 €1 by

collecting training PCP features of all K chord classes, where M is the dimension of

ie [1, K] c MQ
§of test

(6)
where X, =[0,---...,0,¢,,, &%, ,

=LY, T TN & s is QV nt vector whose
entries are mostly zero except the values corr to the Nc ass

the feature set and N is the Number of the samples. Chord type

samples, its chromagram denoted by [Ci1:Cizv++Cin ] . For a given PCP
sample Y from subject chord I can be rewritten mtermso | trainingga
y=Wx, e R"

As the entries of the vector X, encode t |ty oft sample Y, it is tempting
to attempt to obtain it by solving the line ég m Eq@'j

Recent development in the em com sensing theory and sparse
representation reveals that if the X, SO sparse enough, the solution to the
system of Eq.(6) is equivalent tO\t |OWI L -minimization problem:

X, =arg min ectto y =Wx @

Actually, noise and émg error lead to small nonzero entries associated with
multiple object cI r each Qb%l one can approximate the given test sample Y as
is the characteristic function which selects the

¥, =W (%), (}
coefficients ed \élt i th class. We then calculate the residual between Y and

g,
O n(y)=y-ws (%), (®)

Finally, we E@y Y based on these approximations by assigning it to the object class
that minil%sth residual, as follows:
identity (y)=argmin, r, (y) )

r@ system two chord types are used, i.e., major and minor, and 12 for each chord
Qa ne each for all 12 members of the chromatic scales: C Major, C minor, C# Major,
C#¥minor... A# Major, A# minor, B Major, B minor. Each class contains 50 labeled
musical fragments which select from the Beatles albums. And the number of labeled
musical fragments is 1200. The training dictionary W is composed of 1200 labeled
musical fragments’ PCP feature. The given test sample is PCP feature of musical
fragment to estimate chord.
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4.2 Sparse Representation-based Classification

. . r .

In SRC method, it uses the residuals ,(y) to recognize the chord. The method
recognizes the chord on frame-wise classification. If it uses transitions between chords, it
can improve the recognition rates of chord. Our system uses the Viterbi algorithm.

Suppose the system has hidden N states, and we denote each state as Siiell: K]. The
observed events are Q.tell:T] . The current observed events
Q={Q Q... Q}t e[l:T]. A represents the probability chord S jump to chord S :

At an arbitrary time point t, for each of the states Si, a partial probability 5(S) is

defined to indicate the probability of the most probable path ending at the state Si, given0

Q. 8(8) =max(3,4(5,)- A(S;,8) - P(Q S)

we assume that we already know the probability 5“1(81) for any of the jire

. <
SJ at time t—1, PQIS) is the current observation ~o%jlity. A ving all the
objective probabilities for each state at each time point gorithhy seeks from the very
f

end backwards to the beginning to find the mos le p w es for the given
v, (i) = arg[max (s 8 A(S,-,S§\

sequence of observation events MWhere ¥t () indicates
which state is the most optimal state at tirb ased on’@obability computed in the
*

first stage. \
The Viterbi algorithm is as follows;
t(i) =0
*

the current observed events QAQ; -

Algorithm 2: Vertibi algorithm

1: Initialization: d(si)znipﬁ .
5.(8)=max©@a ,)-A(@ 1S), 2<t<T

2: Recursion: I<ig ,
wt(i),qgg(m(%}%s, )

%gmax * — max[s. (S
3: Terminati:b mgN[a@' ax[3 ()1
NS 22 CFD t:T—l.T—Z...ll

<ixK

In our method, ‘ tialization observation probability I is equal to 1/24. The

observed even@PCP features yt, where Yi is the PCP feature of tth frame. And

current omé@tion probability is { (y‘) and replaces the P(Q1S) in Viterbi algorithm.

Sire s the chord | €17 K] ,where K is the number of chord and set to 24.
2 is the comparison of ground truth chord and estimated chord of the Beatles

@Misery. In the top figure, it only uses the SRC method to recognize the chord and the
bottom uses SRC and Viterbi decoding. The ground truth chord is represented in pink and
the estimated chord labels are in blue. From the Figure 2 it can see that the estimation is
more stable when it uses the Viterbi than without.
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(a) AComparison of Groud Truth Chord and Estimated Chord of SRC with PCP
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Figure 2. A o@rlson round Truth Chord and Estimated Chord

5IEwMu1'I'
For evaluation, the MIREX’09 dataset in Audio Chord Estimation task of

MIREX. The dat nsists of 12 Beatles albums (180 songs, PCM 44 100Hz, 16 bits,
mono). BeS|de t eatles albums, in 2009, an extra dataset was donated by Matthias
Mauch whi ists of 38 songs from Queen and Zweieck.

To e the quality of an automatic transcription, a transcription is compared to
ground created by one or more human annotators. According to \citePauwels2013

d @) symbol recall (CSR) is a good metric to evaluate performances of good results.
%cause pieces of music come in a wide variety of lengths, we will weight the CSR by

théAength of the song when computing an average for a given corpus. This final number
is referred to as the weighted chord symbol recall (WCSR). In the paper, recognition rate
and CSR are equivalent for a song. And recognition rate and WCSR is equivalent for a
given corpus or dataset.

Our method is also compared to the following methods that entered MIREX 2013 and
MIREX 2014.

MIREX 2013:

-CB4 and CB3: Taemin Cho & Juan P. Bello[22]

-KO1land KO2: Maksim Khadkevich & Maurizio Omologo[23]

-NMSD1 and NMSD2: Yizhao Ni, Matt Mcvicar, Raul Santos-Rodriguez[24]
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-CF2 : Chris Cannam, Matthias Mauch, Matthew E. P. Davies[25]

-NG1 and NG2: Nikolay Glazyrin[26]

-PP3 and PP4: Johan Pauwels & Geoffroy Peeters[27]

-SB8: Nikolaas Steenbergen & John Ashley Burgoyne[28]

MIREX 2014:

-KO1: Maksim Khadkevich & Maurizio Omologo[29]

-CM3: Chris Cannam, Matthias Mauch[30]

-JR2: Jean-Baptiste Rolland[31]

More details about these methods can be found from the corresponding MIREX
websites - http://www.music-ir.org/mirex/wiki/MIREX_HOME.

Figure 3 presents the results with SRC method on the MIREX'09 dataset. In the Figure
3, the method SRC plus Viterbi with LPCP feature has better performance than others.

I \Vithout Viterbi [l With Viterbi |

76.36 75.48 =R ?NV

<

N

3

Recognition Rate(%)

N

=

LPCP
* oF es
Figure 3. A Comparison of SRC' nition Rates with Different Features

Figure 4 presents sults olytainéd by these chord recognition systems on the

MIREX'09 datase e Figuredsthe SRC method is referred to SRC+Viterbi method.
The rates of r ttion sho at’our SRC method with LPCP features has high
nm

recognitio st gfystate of the art. More specifically, our SRC(LPCP) approach
is lower 3.\psfcent th§ best score method (KO1) in MIREX 2014. But our SRC
i than previous methods.

method has fewer tr?b

6. Conclusi

In this%% we have presented a new machine learning model SRC+Viterbi for chord
estimati comparison with previous work, our new approach presents good
perf . The main ingredients of our new approach are calculation of PCP features,
presentation classification and Viterbi algorithm. Our method need fewer train
nd parameters than most of HMM method.

s for perspective, we envisage the following lines of work. First, this paper only
involved maj-min chord estimation which is a part of chord transcription task. Future
work will consider adding recognition of more complex chords to our work. This will find
many applications in the field of MIR such as song identification, query by similarity or
structure analysis. Second, in this work we take the effect of different features in SRC. So
Improving PCP features to make them more suitable for chord recognition have a long

way to go. Finally, we can use the SRC method when the audio music is a piece of
fragment not a whole song.
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NMSD1(2013)
NMSD2(2013) |

SRC(LPCP) | 79.01
SRC(PCP)
JR2(2014)
CM3(2014)
KO1(2014) 82.2
SB8(2013)
NG2(2013)
PP4(2013)
PP3(2013)
NG1(2013)
CF2(2013)
KO2(2013)|

CB3(2013)
KO1(2013)
CB4(2013)
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