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ABSTRACT
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The separation of percussive sounds from harmonic sound: 7%}
in audio recordings remains a challenging task since it has 6000
received much attention over the last decade. In a previous
work, we described a method to separate harmonic and per
cussive sounds based on a constrained Non-negative Ma
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trix Factorization (NMF) approach. The approach distin- 2000L 1

guishes between percussive and harmonic bases integra | | - ==

ing percussive and harmonic sound features, such as smoo 0~—; i = —
ness and sparseness, into the decomposition process. | 0 ! 2 Tme© 5 6

this paper, we propose an online version of our previous

work. Instead of decomposing the whole mixture, the on- Figure 1. Magnitude spectrogram of a mixture composed
line proposal decomposes a set of segments of the mixtureyf percussive and harmonic sounds. It can be seen that

selected by a sliding temporal window. Both percussive percussive sounds form vertical lines while the harmonic
and harmonic bases of the next segment are initialized us<sgynds form horizontal lines.

ing the bases obtained in the decomposition of the previous

segment. Results show that an online proposal can provide

satisfactory separation performance but the sound qualityanisotropy of harmonic and percussive sounds in a max-
of the separated signals depends inversely on the computaimum a posteriori (MAP) framework. Fitzgerald’s sys-

tion time of the system. tem [8] extracted percussive sounds using the anisotropy
smoothness by means of a median filtering. In this man-
1. INTRODUCTION ner, the harmonics are considered to be outliers in a tem-

poral slice. Recently, Canadas et. al [9] proposed a NMF

Separating percussive sounds from harmonic sounds in Muapproach that automatically distinguishes between percus
sic remains a challenging problem since it has receivedsjve and harmonic bases by integrating spectro-temporal
much attention over the last years. Percussive sounds, e.Geatures, such as anisotropic smoothness or time-freguenc
snare drum, are impulsive and have a structure that is versparseness, into the factorization process. Results were
tically smooth in frequency and sparse in time. Harmonic promising but the approach requires offline processingsinc
sounds, e.g. bass, are quasi-stationary and have a s&ructuiit is necessary to decompose the whole mixture signal.
that is horizontally smooth in time and sparse in frequency | this paper, we propose an online version of our pre-
(see Figl). Several music information retrieval applica- ious work [9] where instead of decomposing the whole
tions could benefit from this separation such as music tran-imixtyre. a set of segments of the mixture are decomposed
scription or onset detection. using a sliding temporal window. Once a new segment is

Although many algorithms have been developed to sep-sejected and decomposed by a constrained NMF, the slid-
arate percussive and harmonic sounds from monaural MUing window is shifted by one segment. Using a small size
sic [1] [2] [3] [4] [3], one of the trends in percussive and 4 segment implies a faster NMF convergence. Percussive
harmonic separation is based on the concept of anisotropiang harmonic bases are initialized randomly and updated
smoothness which is related to the difference in the di- i, the decomposition of the first segment. However, the
rections of continuity between the spectrograms of har- pases of the next segments are initialized using the bases
monic and percussive sounds. Ono et al. [6] [7] sepa- gptained in the previous segment.
rated harmonic and percussive sounds by exploiting the -, sider the term latency as the time elapsed between

receiving the input audio mixture and starting to perform
Copyright: ©2015 F. Canadas-Quesada, P. Vera- geparation in order to clarify the terrofling, online and
Candeas, N. Ruiz-Reyes et al This is an open- realtime The termofflineindicates a latency equal to the
access article distributed under the terms of the duration of the whole input mixture because the whole in-
Creative Commons Attribution 3.0 Unported License which put mixture is necessary to app|y the constrained NMF [9]
permits unrestricted use, distribution, and reproductionany The termonline indicates a latency equal to the duration
medium, provided the original author and source are cratlite of the segment because 0n|y each segment is necessary
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to apply the constrained NMF [9] and obtain both per-
cussive and harmonic signals related to the segment pro-
cessed. However, none of the aforementioned terms pro-
vide a realtime separation. The terealtimeindicates that

the latency plus the computation time is about 30-40 mil- W W (WH)~2 o X)HT 4
liseconds providing to the user the sense of an immediate - © (WH)P-1HT (4)
output. The computation time is the time elapsed between

starting to perform separation and obtaining each sephrate Tisth he Had q
percussive and harmonic signals. ces,’ isthe transpose operatorrepresents the Hadamar

The remainder of the paper is organized as follows. Sec- (element-wise) multiplication and the division is alsosént-

tion 2 introduces NMF and its application to sound source wise.

separation. SectioBdescribes briefly our previous offline Considering that the sourceis composed of a set df
harmonic/percussive separation work. Sectiaietails the components, the separated magnitude spectrogram of the

online harmonic/percussive separation proposal. Experi-SOUrcez can be reconstructed as follows,
mental results and performance analysis are shown in Sec-

WT((WH)?2 6 X)

H«H
“HYTwrwa)p
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whereW andH are initialized as random positive matri-

L
tion 5. Finally, conclusions are reported in Sect@n X, = 2.1 Wil X, (5)
WH
2. NON-NEGATIVE MATRIX FACTORIZATION where the temporal signal (¢) is computed inverting the
(NMF) FOR SOUND SOURCE SEPARATION spectrogranX , to the time-domain using the phase of the

. . o . original mixture.
Non-negative Matrix Factorization (NMF) [10] is a tech-

nigque for multivariate data analysis which aims to obtain
a parts-based representation of objects, by imposing non- 3. OFFLINE HARMONIC/PERCUSSIVE
negative constraints. Given a matdxof dimensiong" x SEPARATION

T with non-negative entries, it is possible to model it as
linear combinations ok elementary non-negative spectra.
Therefore, NMF is the problem of finding a factorization:

Unconstrained NMF cannot discriminate between percus-
sive and harmonic bases. To overcome this problem, we
proposed [9] an unsupervised system that can separate per-
X ~ X — WH ) pussive and. harmonic sounds in monaural m_usic integrat-
. ’ ing percussive and harmonic sound features into the NMF
whereX is the estimated matrildW € R"** isthe ma-  decomposition. For that purpose, an objective function is
trix whose columns are the bases or components. Thesgjefined to decompose a mixture spectrog&nnto two
bases represent characteristic spectral patterns active i separated spectrogram¥&,» (a percussive spectrogram)
input spectrogramH € RX*""is a matrix of component  and X (a harmonic spectrogram). Each separated spec-
gains for all frames. These gains represent the temporakrogram exhibits specific spectro-temporal features for pe
interval in which the spectral patterns are active. In typi- cussive or harmonic sounds. The factorization model is
cal audio applications, the matriX is chosen as a time-  given in eq. 6),
frequency representation (e.g., magnitude or power spec-
trogram), f = 1,..., I denoting the frequency bin and X~ Xp+Xy=WpHp+WyHy, (6)
t =1,...,T the time frame.

In the case of magnitude spectra, the parameters are rewhereXp, Xy, Wp, Hp, Wy and Hy are non-negative
stricted to be non-negative, then, a common way to com-matrices.
pute the factorization in eq.1) is generally obtained by The percussive constraints used to model percussive sounds
minimizing a cost function defined as assume smoothness in frequency (the energy slowly de-
creases in frequency) and sparseness in time (most of the

rr signal energy is concentrated over short time intervals).
X|X Z Z d( Xft|Xft (2) Two constraints, spectral smoothness$)M and temporal
f=ri=t sparsenes$'S P, are associated to the percussive matrix
whered(alb) is a function of two scalar variableg, is Wp.

typically non-negative and takes value zero if and only The harmonic constraints used to model harmonic sounds
if @ = b. Using the3—divergence cost [11], some of assume smoothness in time (amplitudes that vary slowly in
the most popular cost functions are the Euclidean distancetime) and sparseness in frequency (spectral peaks). Two
(6=2), the generalized Kullback-Leibler divergenge() constraints, spectral sparsen8s$s” and temporal smooth-
and the Itakura-Saito divergenge=0). The costfunctions  nessT’SM, are associated to the harmonic matfi; .

are non-increasing using < 3 < 2 [12]. In practice, The global cost functio® uses thes-divergence cost;,
Févotte et.al [11] observed that the criterion is still non  the percussive constraintS.SA/, T'S P) and the harmonic
increasing for3 <1 andS >2 but no proof is available. constraint§ SSP, TSM),

An iterative algorithm based on multiplicative update sule

is proposed to obtain the model parameters that minimize

the cost function. In general, the update rules can be de- D =dg(X[(Xp+ Xp)) + KsspSSM+

. 7
fined as follows [11], +KrspTSP + KrsyTSM + KsspSSP, "



where the parametefSssys, Krsp, Krsay, Kssp deter- sive components, can be synthesized inverting into the time
mine the degree of control of each constraint in the NMF domain via inverse Short Time Fourier Transform (STFT)
procedure. However, the system requires offline process-using the phase of the segmeitof the mixture. In a sim-

ing since it is necessary to decompose the whole mixtureilar way, the harmonic signaly, ;(t) is synthesized taking

signal X. More details can be found in [9]. into account the harmonic componefijs;.
Considering a segmerst;, the timeT,. defines the com-
4. ONLINE HARMONIC/PERCUSSIVE putation time to obtain both separated percussiye(t)
SEPARATION and harmonicy, ;(t) signals associated with the segment
Si.

We extend our offline harmonic/percussive separation work '
to the case online. In the online proposal, a constrained
NMF [9] is not applied to the whole mixture spectrogram 5 EXPERIMENTAL RESULTS

X. The whole mixture signal of duraticdhisecondsis seg- 5.1 Data set, metricsand State-of-the-art methods

mented inL = [le segmentss; using a non-overlapped A gata set, composed of nine monaural real-world music
sliding window of duratioril; seconds as can be seen in excerpts, taken from the Guitar Hero game [14] [15], has
Fig. 2. been created to evaluate the performance of the proposed
method as can be seen in TallleEach music excerpt con-
tains percussive and harmonic instruments and a duration
about7=30 seconds. All of the signals were converted
from stereo to mono and sampled at 16 kHz.

f NMF, | NMF, | NMF, Identifier Title Artist
S[RVY W W M1 Hollywood Nights | Bob Seger & The Silver Bullet Band
B w” fw™ M2 Hotel California Eagles
g2 H.2 i3 M3 Hurts So Good John Mellencamp
M4 La Bamba Los Lobos
M5 Make Tt Wit Chu Queens Of The Stone Age
N6 Ring of Fire Johnny Cash
L MT Rooftops Lost prophets
PI— S—— mel) e — WE] Sultans of Swing Dire Straits
T T T, Ti T M9 Under Pressure Queen

Figure 2. Online percussive/harmonic proposal. It can
be seen that each segmeiitis decomposed using a con-
strained NMF [9] obtaining the percussive matfri’ ; and
the harmonic matriXVy ; related to the magnitude spec-
trogram of the segmers;.

Table 1. Identifier, Title and Artist of the files of the
database

The assessment of the performance of the online proposal
has been performed using the metrics Signal to Distortion
Ratio (SDR), Signal to Interference Ratio (SIR) and Signal
to Artifacts Ratio (SAR) [16] [17] widely used in the field
of sound source separation. Higher values of these ratios
indicate better separation quality.

The separation performance of the online proposal is eval-
uated using different duratioris; (seconds) of the seg-
ment: Online-1{; = 1), Online-2 (; = 2), Online-3
(T; = 3), Online-5 (; = 5), Online-10 {; = 10) and
Online-15 (; = 15). Moreover, these online propos-
als are compared with the offline method [9] (the offline
method assumes that the whole mixture has a duration of
T seconds) and the two recent state-of-the-art percussive

nd harmonic sound separation methods. The first one is

e method HPSS [7] and the second one is the method
FS [8].

When the magnitude spectrogra¥n of the first segment
S is computed, the matricé®’p 1, Wy 1, Hp1 andHpy 3
are initialized randomly and then are updated using [9].
In this manner, we obtain the matrices of the percussive
Wp,1 and harmonidV ; bases related to the first segment
S1. Next, the sliding window is shifted by one segment
and a new segment is selected to apply the method [9].
Taking into account the next segmeéht the gains matrices
are randomly initialized but the bases are initialized gsin
the bases obtained from the previous segn$ent, that is
WPJ' = Wp,i_l, WHJ' = WH,i—l for: = 2...L. The idea
is to use a better initialization in the next segment from the
values of the bases obtained in the previous segment. Th
reason is because these previous bases reflect properties
percussive and harmonic sounds and it could find a bette
minimum local in the NMF decomposition [13]. A small
number of iterations is sufficient to the NMF convergence
due to the size of the spectrogram related to the segmeniThe normalization process [9] is applied taking into ac-
S, is relatively small compared to the whole spectrogram count not the size of the whole mixture but the size of the
X of the mixture. segment. Most of the parameters used in [9] are also used

Instead of reconstructing the whole mixture as occurs in in the online proposal. Specifically, a frame si¥e=1024
[9], each percussive,, ;(t) or harmoniczy, ;(t) temporal samples, a time shiff =512 samples and the optimum
signal related to the segmesitis reconstructed. The sep- valuesg = 1.5, Krgp = Kggp = 0.1 andKpgy =
arated percussive signaj ;(¢), composed oL, ; percus- Kgssn = 0.2. The convergence of the online proposal is

5.2 Parameters



empirically observed using a number of iteratiddgx [ ter
= 50. Compared to the offline version, the online proposal
needs a lower number of iterations to converge due to the g e
lower size of the spectrogram of the segment to decom- ‘ ‘ ‘
pose. ) : B o
Considering the optimum number of percussig, ;... N
and harmonid;,, ,,,,. components used in [9], the num- 80
ber of percussivé?,, . . and harmonidzy, compo-
nents used in the online proposal is computed as,
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T;- Rpoffzme
Rpontine = { T ’ (8) Figure 3. SDR (top) and SIR (bottom) percussive separa-
tion performance related to the offline method and online
Ti- Rhtiime roposals.
Rhonline = \‘ Tffl J ) (9) prop

It seems that a lower number of percussive and harmonicSDR and SIR along the segments. This effect of replace-
components will be necessary to decompose a segment ofment seems to be more critical in the separation of har-
shorter duration since a lower number of sources will be monic sounds compared to percussive sounds (see3Fig.
active. More details can be found in [9]. and Fig.4).

5.3 Results

Fig. 3 shows SDR (top figure) and SIR (bottom figure) . .
percussive results evaluating the database for the online
proposals and the offline method in function of the dura-

tion of the segment. Percussive SIR results improve using
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a very long durationq; >5) of segment. Initially the per- T B 1
cussive SDR and SIR improves using short segments but 5L . . e o
this improvement cannot be compared to the other online T pettete, 3o tiaet

proposals with a long segment (see percussive SIR results)
The initial SDR improvement of the Online-1 reports that
using bases that contains typical features of percussive an Figure 4. SDR (top) and SIR (bottom) harmonic separa-
harmonic sounds achieves to find a better minimum local tion performance related to the offline method and online
in the NMF decomposition. This minimum local obtains a proposals.
set of bases that reflect higher musical sense similar as per-
cussive and harmonic sounds are perceived in the nature. Fig. 5 shows SDR and SIR separation performance re-
The improvement in SIR between the proposal Online-1 lated to the offline method, online proposals and the two
and Online-2 is about 4dB in average so, SIR results im- state-of-the-art percussive and harmonic sound separatio
prove significantly using a segment of duratidoh >1. methods. Each percussive bar is computed using the mean
A drawback of the proposal Online-1 is that it captures a of all of the separated percussive signals of the database
high amount of harmonic sounds in the separated percusevaluated. In a similar way, each harmonic bar is com-
sive signal but these harmonic sounds are attenuated if guted taking into account the separated harmonic signals.
longer segment is used. The reason is because a longeEach group of bars in the left figure refers to percussive re-
segment provides more useful information to model cor- sults and each group of bars in the right figure refers to har-
rectly the sounds active in the mixture. The improvement monic results. Comparing the offline method and the on-
in SIR between the proposal Online-2 and the others is ap-line proposals, the best percussive and harmonic SDR and
proximately 2.5dB in average and approximately 1dB be- SIR results are obtained by the offline method. As can be
tween the proposal Online-3 and the other online methods.seen, a longer duration of the segment shows a better sep-
Finally, the percussive performance using a segment of du-aration providing higher quality of the separated signals.
ration7; > 3 is similar. It means that a constrained NMF improves the separation
Fig. 4 shows SDR (top figure) and SIR (bottom figure) performance using sufficient information of the mixture in
harmonic results evaluating the database for the online pro order to model correctly the sounds active. Although the
posals and the offline method in function of the duration of percussive SDR and the harmonic SDR and SIR are sim-
the segment. Unlike in the percussive separation (as can bdar using the method Online-1 and Online-2, the method
seen in Fig.3), the online proposals show a slight negative Online-2 achieves a significant percussive SIR improve-
slope in the harmonic SDR and SIR results. This behav- ment of about 4dB compared to the method Online-1. This
ior could indicate that some harmonic bases that correctlyimprovement reports that a segment of duration equal to
model the harmonic sounds of the previous segment are reone second cannot model correctly harmonic sounds. For
placed by the new bases obtained in the update process athis reason, a high amount of harmonic sounds are captured
the next segment providing a fluctuation of the harmonic in the separated percussive signal by the method Online-1



minimizing the percussive SIR as shown in Fi§.(bot- the next segment with bases that reflect properties of per-
tom). cussive and harmonic sounds.

Percussive and harmonic SDR and SIR results show that
a longer duration of the segment shows a better separation
providing higher quality of the separated signals. It means
that a constrained NMF improves the separation perfor-
mance using sufficient information of the mixture in order
to model correctly the sounds active.

The initialization of percussive and harmonic bases us-
ing spectral patterns that model the energy distribution of
these types of sounds seems to find a better minimum lo-
cal in the NMF decomposition. This better minimum lo-
cal means that it provides bases that reflect higher musical
sense similar as percussive and harmonic sounds are per-
Figure5. SDR (top) and SIR (bottom) percussive and har- ceived in the nature. A drawback of the online proposals
monic separation performance related to the online, offlineis that some bases that correctly model the percussive or
and state-of-the-art percussive and harmonic sound separanharmonic sounds of the previous segment are replaced by
tion methods. The letter P in theaxisrefers to percussive  the new bases obtained in the update process of the next
results while the letter H in the-axisrefers to harmonic  segment providing a fluctuation of the separation perfor-
results. mance. This replacement of bases with “good properties”

is more critical in the separation of harmonic sounds com-
The computation time of the online proposals is shown in pared to percussive sounds.

Table2 which has been computed using Matlab on a PC |n the future, we plan to work on two extensions to im-
with Intel Core i5 CPU of 2.5 GHz and 4 GB of RAM.  prove the sound quality of the online proposal. The first
It can be observed that the Computation time of the online extension is based on measuring the S|m||ar|ty between
proposals increases with the size of the segment. More-consecutive segments. In this manner, the percussive and
over, the processing factét» defined as the ratio between harmonic bases of a segment will be initialized with ran-
the computation time and the duration of the segment alsodom values if a low similarity is obtained regarding to the
increases with the size of the segment. Specifically, iteang previous segment. However, the percussive and harmonic
approximately from al/5 to 2/3 of the duration of the  pases of a segment will be initialized with the harmonic
segment processed. Although the method Online-15 ob-and percussive bases computed in the previous segment if
tains the best SDR and SIR results comparing the onlineg high similarity is obtained regarding to the previous seg-
proposals, the method Online-3 can be considered the besfent. The second extension is based on a new update of
choice because it provides the best trade-off between sounghercussive and harmonic bases. The idea is to keep fixed
quality and computation time. along the segments those bases that have correctly model
percussive or harmonic sounds in previous segments.
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Online proposal | Computation timel’,. (sec) | Pr = %

Online-1 (Isec) 0.25 0.25

Online-2 (2sec) 0.43 0.22 ACknOWledgmentS

82::222 gzgg %g’g 8;%3 This work was supported by the Andalusian Business, Sci-
Online-10 (1T0sec) 3.02 0.30 ence and Innovation Council under project P2010- TIC-
Og'f'frl‘lﬁj?Sglsis'c‘;C) 1%852 8-22 6762 (FEDER) and the Spanish Ministry of Economy and

Competitiveness under Projects TEC2012-38142-C04-01,
TEC2012-38142-C04-03 and TEC2012-38142-C04-04.
Table 2. The computation time of each online proposal
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