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Intreduction

Many USeS fior MUSIC Separations systems:
s Autematic lyrics recognition; & alignment
s Singer identification

= Music infermation retrieval

s AUtematic mUSsIC transcription

SPEEchi separation has Been stidied
thoroughly. Caniwe;apply. the same
methoedolegy te: musIc separation: ?




Music Vs. Speech

Similarities: Differences

= Both are generated in the = The presence of the “singing
human vocal tract formant” in the range [2-3] KHz —

= Have voicedand unvoiced DU ?"_"'V INSOme [f'nds Off MUSIC.
sounds The “interference”, the music, is:

Broadband
Correlated
Harmonic

About 90%: ofi all sounds; are
voiced

A wider pitehl range [[80-1400] Hz
Different pitchr dynamics

Without extra
formant (speaking)




Auditory: scene; analysis (Bregman©0)

Based on the Gestalt psychological theory,

Many: similarities, betweenrauditionrand
vision (scene amnalysis)
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Auditory scene analysis @regmana)

LListeners are able to parse the complex mixture of
soundsiarrving at the ears In order'to retrieve a
mentall representation: off Eachi seundl SeUrce

» Ball-reem problem, Helmholtz (1863)

“complicated beyond conception™

» Cocktail-party problem, Cherry (1955)

Tiwo) conceptual processes off auditory, scene analysis
(ASA):
s Segmentation: Decompose the acoustic mixture; intoe

Sensory elements - ai collection: of local time-freguency.
riedions (segments)

Grouping: Combine segments; Into; stieams, se: that:
segments in the 'same group: are likely te originate from the
Same acoustic seurce

Primitive grouping cues: proximity, periodicity, onset/ofiset,
common spatiall location, smooeth transition




Other Seund separation appreaches
Vs CASA

Beamforming

s Disadvantages:
Configuration stationarity: (Ii* target moves)

Poor performance iif multiple sounds come fom direction: near the
target

BSS using ICA:

s Disadvantages:
Assumptionsi about the mixing| process

Tihe mixing matrix A needs tor be stationary. fior a period of time;in
order terallow’ estimation off a' large; number off parameters (like
configuration: stationarity: inf beamiorming)

Peor performance iff multiple sounds come fom direction near the
target
Speech enhancement techniques

= [rrelevant to our case — we need separation not enhancement.
Also it deals with the narrower perspective of speech + noise.




System Description

. Separated
Mixture | - ginging Voice | Predominant | Singing Voice | singing
detection pitch detection separation

Singing voice detection! isia CASA based! separation
system, previeusly’ Used to separate speech.

Pitch detection accuracy: isi critical for correct group
segments. An algoritnmi fior pitchi detectiontis
presented here, modified for singing VoICce.

Tihe system isiable to)separate; voiced sounds, only

We need to add a VAD! first to) filter out pertions
without vocals




SInging| veice detection

Goal: partition the Input interveeal and
NOAVOCal POrtIONS

Preblem 1 partitioning
x For each frame calculate short-time: features

Problem: 2: classification

sl MEFCC proved fitias for Use as features.
s Chosen classifier: GMM




Singing veice detection (cont.)

Article proposes a novellmethod for detection:

Tlake; advantage of raythmi (beats)) n music:

s Beats tendl to introduce streng spectral changes
(percussions)

s Partition inputi according te’these strong spectral
changes

WIthin  eachl portion, decide for each frame
according tor maximumi likelineod

Classifiy’ the portion nto) the class with the larger
overall likelihood




Predominant pitch detection

“Detecting Pitch Of Singing Voice In Polyphonic Audio™ / Li & Wang| 2005

Step 1: auditery periphery: model: filterng with
128-channel gammatone; filterbanks

Step 2: for eachnl channel compute arnormalized
correlogram
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rz(c,mT+n+r)

- — filter output for low freguency: channel
m - frame index
N - time step index




Predominant pitch detection

“Detecting Pitch Of Singing Voice In Polyphonic Audio™ / Li & Wang| 2005

Step 3k Different methods for highy/low
freqguency: channels:

s [Low! fireguencies - channel selection
s High freguencies - peak selection

Ste
Pro
Ste

Ste
the

p 4: Evaluation of pitchr hypoetheses
o)z]0)]/15Y
91 5: Pitchl tracking by HMM

p 6: The Viterby algorithm is used to decode
most likely' sequence off pitch hypotheses




SINGING VOICE Separation

Step 1:auditory: periphery: model

Step, 2:feature extraction: for each IE unit:
a EREeray

x| Autecorrelation

s Cress-chanmel correlation

s cress-chiannel envelepe correlation

Step 3: segmentation

s Segments are formed! by merging contiguous: IiE units
pased on| temporal continuity: andl cross-channel
correlation




Segmentation based on temporal
continuity’ and cress-channell correlation

Up ., = T-E unit of freguency channel ¢ anditime: fiame m
A (¢, m, ) — nermalizedl correlegrani response

¢ — the autocorrelation| time lag

L — maximumyilag ofi the; correlogram in: sampling| steps

Crossichannel correlation between U, - ooq Uy
L il
C(c,m) = %Z A(c,m,z)A(c+1,m,7)
=

Algorithm:
- Select U, . If A (¢;m,0) exceeds a certaini threshold

[teratively expand from aiselected T-F unit toiits selected
neighbours in time, and its selected neighbours in frequency. if
the cross-channel correlation exceeds a certain threshold. This

givesione segment:
Repeat step 2 untill all selected units have been considered




SINGING VOICE Separation

Step 4: labeling T-F units based on detected
predominant pitches.

Step: 5: greuping - Iff a segment has moere than
nalff ol its/firames marked as singing deminant,
than the entire segment: is labeled asi singing
veice dominant. Allfthe singing deminant
Segments’ are; grouped to; form the foregrouna
stream — the segregated singing.




I-F unit labeling

IR the) Iow-fireqUuency: range:

s A time-frequency. (T-F) unit i1s labeled by comparing
the periodicity’ of its autecorrelation with the

estimated target pitch
In the high-freguency range:

s Due; to their wide; bandwidths, Righ-frequency: filters
respond' to multiple harmoenics. Tihese HE respenses
are amplittide modulated, and their' envelepes
fluctuate at the freq” corresponding| tor the FO.

o A T-F unitin the high-freguency: range islabeleal by
comparing its AM repetition rate withi the estimated

target pitch




Resolved and unreselved harmonics

[FOr Volced speech;, lower Rarmonics; are reselved
While Righer RarmonIcs are Not

[For unresolvedharmenics, the envelopes of filter
eSponses! fillctuate at the fundamentall freguency: ofi
Speech

IHence we apply. different grouping mechanisms for

loW-Treguency’ andl high-fireguency. signals:

» lLow-freguency:signalsiare grouped based oni periodicity' and
temporall continuity

» High-freguency signals are grouped based on amplitude
modulation; (AM) and temporal continuity.




Results

Rock Music

Country MusIc

Mixture:
Vocals:

Mixture:
Vocals:

Mixture: .«
Vocals:

Mixture: *
Vocals:




Possible extensions

Lise ASA cues other tham piteh
(onset/efiset, common! freguency.
modulation) te erganize; the; scene — thus
enabling Unveiced segregation

SAuditery: Segmentation; Based on Onset
and Offiset Analysis™ / Hu & Wang 207




Finding enset/ofifiset

Convert the Canny: Edge Detector toratdio
Processing to find onset/offiset

s Convolve the intensity: with a derivative; off a
Gaussian filnction

s [dentify the peaks and valleys

s Mark these peaks that are abeve; a certain
thresholdlas ensets and thoese valleys; that are
below: al certain threshold as ofifsets




Possible extensions

Tihe pitch detection stage; Is based on
autocorrelation function. Hemnce, the freguency
reselution ini the high- frequency fiange Is limited.
As a result, the'system| cannot segregate high-
pitched singing VeIce, e.g. Operatic; VoIce.

Since; the; pitchr accuracy: s acute, use Ipltch
detection algoerithms especially: tuned for music

s Using “Transcrlptlon of the singing melody in
pelyphoenic audior /- Ryynanen & Kiapuril 2o

s Using "Efificient Pitch Detection Technigues; For
Interactive Music™ /' Cuadra, Master & Sapp; 2o




e end

Questions?




