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Abstract Cancellationis a process by which an interfering source (the “jammerteis
moved from a mixture of sounds on the basis of its structuhés i part of the
task of “scene analysis” that confronts natural organisnusattificial devices.
Jammer cancellation is distinct from, and complementarytamet enhance-
ment. Time-domain cancellation filters are distinct fromg @omplementary to,
time-frequency analysis filters. The cancellation prifeig probably used by
the auditory system to analyze acoustic scenes on the Hdbis spatial or har-
monic structure of interfering sources. Itis related to erodechniques such as
ICA (Independent Components Analysis).

I ntroduction

The acoustic environment is often cluttered. The ears ofrgarasm sam-
ple mixturesof acoustical waveforms coming from multiple sources, eath
than the source waveforms themselves. Making sense of thi@ement on
this basis is a process known as Auditory Scene AnalysisS¥k Bregman,
1990). If the organism is interested in a particular soutttetarge?), the pres-
ence of other sourceammerg may interfere with target perception. Unfor-
tunately, perceptual models are generally designed tolbansingle isolated
source, and extending them to work within a complex envireninis a chal-
lenge. Similar problems arises when designing an artifaégice (such as a
speech recognizer) to work in an acoustically clutteredrenment.

Cues used by humans have been reviewed by Bregman (1990¢raBgn
speaking, they consist iregularitiesof the sources and/or the scene. These
include spatial location (correlation between ears or@ex)speriodicity (cor-
relation across time), onset (correlation across frequehannels), familiarity
(correlation with predetermined templates or patterns) Attificial systems
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have been built that use similar regularities (Cooke anid E1001). Tradition-
ally, most efforts have concentrated on regularities oténgetthat allow it to
be enhanced. This paper describes an approach that instesacegularities of
thejammergo suppress them.

Compared to target enhancement, jammer cancellation leadwantages.
First, in ideal situations, it providefinite jammer rejection, and thus an
infinite SNR improvement. In contrast, even in ideal comuli§ target en-
hancement usually offers limited gain (for example 6 dB fora-microphone
delay-and-add beamformer). Second, jammer cancellataksmwvell in sit-
uations where SNR is unfavorable, for which segregationdstmeeded. In
those situations, the structure of the jammer is easy tmagti while that of
the target is hard to estimate.

Cancellation has at least two weaknesses. The first is thagstalk” may
arise if the jammer is imperfectly structured and thus inplately suppressed.
Because of crosstalk the target may not be observable withiain tempo-
ral intervals or spectral bands. The second weakness isdhatllation may
“damage” the target, as a result of suppression of targepoaents that are
indistinguishable from the jammers. These two weaknessedistinct. To
be effective, cancellation requires techniques to dedh witomplete target
observations and to compensate for target distortion.

Jammer “structure” takes many forms. One or several jammmeng be
predictable, or periodic, or jammer components may be lzaa@ across sev-
eral sensors. These basic structures may be extended tménamplitude
variation, frequency modulation, moving sources, etc.hEatof exploitable
jammer structure opens a window through which the targebediglimpsed”.

The focus here is mainly on artificial systems (typicallycaunatic speech
recognition, ASR), but understanding how the auditory esyshandles such
tasks is also a goal, in itself and as a source of ideas foerbalkyorithms.
Conversely, effective algorithms may serve as models tdegair investiga-
tion of natural processes.

1. Task and context

The task is to recognize or recover a target source withinigyremviron-
ment. For simplicity, suppose that there are only two s@ifté&he “target”)
and.J (the “jammer”) that are observed indirectly via signalsandY mea-
sured from one or two microphones. This structure can bergéned to more
sources and/or sensors as needed. Sources and obseraatioakted via a
mixing matrixthat is convolutive: each matrix element is a transfer fiomct
(or impulse response) that represent the effects of prajpegdelay and dis-
persion from a source to a transducer (Fig. 1.1).



The Cancellation Principle in Acoustic Scene Analysis 3

T

mix
SN N y

J

Figure 1.1. Observed signal andY are related to targef' and jammerJ via a mixing
matrix.

Two subtasks are of interest. The first is to derive usefdrimftion about
the structureof the scene and/or the sources: intersensor correlatiamce
fundamental frequencieg{s), etc. The second is to recover a “clean” version
of the target. Structure estimationis usually a preretpicfitarget recovery. It
is often possible to derive an approximatithof the target from the observed
signals.T’ depends on both target and jammer:

T = J(1) + () LD

Ideally we'd like f() to be identity and() to be zero (no distortion and no
crosstalk, respectively). Arguably, of these two ideals fditter is the most
useful. Whereas target distortion is usually predictablg ean be compen-
sated, crosstalk is usually unpredictable and cannot.

Typical application contexts are ASR, conference systdmaying aids,
musical applications (recording, score following, intdiee systems), mul-
timedia indexing, etc.

2. Assumptions on sour ce and scene structure

Cancellation is usually applied in the time domain. At eagc$tants, an
estimate of the jammer waveformgabtractedrom the compound waveform.
Three cases are of interest, that differ according to whig¢hiegammer estimate
comes from (1) a predetermined template waveform, (2) ptsAalues of the
waveform being processed, or (3) the waveform of anothesaen

The first case (subtraction of a waveform template) is idatitdre. Exam-
ples might be a stationary jammer, or the stereotyped wavefd an instru-
ment note, either known beforehand or estimated from théegonit is ideal
because subtraction leaves the target undistorted.

The second case is that opariodicjammer.J; = .J;_p whereP is the pe-
riod. Suppose that the observed signal is the sum of thettangithe jammer
X; =Ty + J;. By subtractingX;_p, the contribution of/ is suppressed:

Ttl =Xy —Xy_p=T —Ti_p. (1-2)

The resultl” depends only o’ and not on/. It is spectrally distorted as a
result of the processing, but jammer rejection is infinite.



The third case is that of multiple sensors in an anechoigenmient. Things
are a bit simpler ifX andY are rescaled in time and amplitude so that the con-
tribution of J to each is the sameX; = J; + a,1_-,, Vs = J; + o T;_;,.

The contribution of/ is then suppressed by forming:

T =X, - Y = aTiery, — oy Ti_r,. (1.3)

The result” depends only ofi” and not onJ. It is spectrally distorted as a
result of the processing, but jammer rejection is againiitefin

These basic cases can be extended. For example the peaiouiieey model
can be extended toariable amplitudeperiodic jammer {; = a.J;_p). For
that, Eq. 1.2 is replaced By = X; — aX;_p. A variable frequencyammer
can be handled by time warping the observed signal beforepsing, a mov-
ing source by a combination of time warping and gain adjustiatc. These
operations may be performed within bands of a filterbankh wiefficients
that vary from band to band.

The basic cases can also be combined (e.g. multiple pesodices picked
up by multiple sensors, etc.). Cancellation fails in twoesaqa) the jammer
does not fit any structure model, and (b) it does, but the tditgethe same
model. The rest of this paper discusses how to handle thess.cBefore that,
we discuss the issue eftimatiorof the source and scene structure parameters.

3. Estimating sour ce and scene structure

Jammer template.  In some cases the jammer waveform can be completely
estimated. A simple example is a deterministic statioremymer such as hum
(power frequency harmonics picked up by low-level audicuis). Granted

the mild assumption that the target has intervals of low #omgbé, the jammer
template can be obtained from a fit to the waveform in thosevats. Granted
the further assumption that the jammer is indeed statioaadydeterministic,

the template is interpolated and subtracted from the ewtireeform. The ad-
vantage is that the jammer is subtracted, rather than filteu¢, and thus there

is no spectral distortion of the target. More complex exasplre possible but
not discussed here.

Periodicity. In other cases thperiodof the jammer, rather than its wave-
form, can be estimated. Cancellation itself can be usedhfemurpose. The
idea is to search the parameter space of a cancellatiorldittking for amini-
mum residual outputor example, to estimate the period of an isolated source
the filter defined by Eq. 1.2 is applied and its paramétés varied until a min-
imum is found. This principle was applied with success in Yi® method

of F, estimation (de Cheveigné and Kawahara, 2002). The sameiggn
can be extended to multiple sources (de Cheveigné and Kasal@09; de
Cheveigné and Baskind, 2003).
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Intersensor delay/attenuation.  The jammer waveform may lack structure,
but it may contribute to several observations with cert@lags and attenuation
factors. Again, these factors may be estimated by canimgilathe idea is to
search the parameter space of a spatial cancellation filtélr jeamformer)
looking for a minimum of the residual output. For exampleestimate delay
and attenuation of a single source supposing nondispepsdyEagation, the
filter defined byX; — aY;_, is applied to sensor signals and its parameters
andr varied until a minimum is found.

The principle can be extendeddspersive propagatioandmore than two
sources/sensollsy splitting the signals over a filterbank and working within
narrowband channels. More on this later. From interserem@mpeters one can
infer source positions (within surfaces of confusion). leer spatial param-
eters are not of direct use for cancellation unless we wishdlude spatial
constraints, for example within a multimodal system.

Joint estimation. Periods, intersensor parameters, and templates can be
estimatedointly. In this case, estimation of each aspect of the structure is
aided by other aspects. For examplg estimation may be aided by spatial
structure, and vice-versa. Joint estimation is computatlg expensive. This
issue is discussed later on.

4, Recovering the target

Supposing the scene fits a structure model, and its pararatknown, a
time-domain waveformi” can be obtained according to equations analogous
to Egs. 1.2 and 1.3. This waveform (or its equivalent spec)ns then fed
to a pattern-matching or resynthesis stage, together witltsre parameters
if needed. As pointed out in Section 2, cancellation allowdgrt jammer
rejection in ideal conditions. In practice these condisioray arise only within
limited time or frequency intervals

5. Local cancellation & missing data

A likely event is that cancellation is possible for a reggtttemporal inter-
val. For example if the jammer is voiced speech, harmonic ctatms can be
applied only during steady-state voiced segments, durlrigiwthe target may
be “glimpsed”. Cancellation might also be possible withireatrictedspec-
tral interval. For example, narrow-band noise may prevent cancellatitimirw
some bands. The target is “glimpsed” within the bands thaaie. Combin-
ing both ideas, one may apply cancellation within a regdspectrotemporal
region Note however that the efficacy of simultaneous bounds ir t&mnd
frequency is limited by the Gabor relation (Gabor, 1947).



Supposing cancellation is effective only locally, partstod target will be
missing. The parts that remain may nevertheless be sufficiea task such as
pattern-matching (e.g. ASRMissing data techniqudsave been developed to
address this situation (Cooke et al., 1997; Lippmann ets6ayl1997; Morris
etal., 1998). Missing features are either ignored, or (§giole) constrained by
bounds derived from the target + jammer mixture. These fgcies assume a
“mask” to tell them which intervals are missing. In the coiaf cancellation,
the mask is a by-product of the cancellation process.

A second problem is that the target “glimpses” are usualgcsplly dis-
torted by the cancellation filters. An option is to compeadat inverse filter-
ing, but a more general solution is to apply similar distoitio thetemplates
in the pattern-matching stage. Information needed for pogpose may be
available from the cancellation stage. Template (or moadjjistment is not
yet common among missing feature technigues (see de Ciméydi§93b, for
an early attempt).

6. Models

Pattern-matching is a special casenoddel fitting Once a model is fitted
(possibly on the basis of incomplete data) it alldmgrpolation The models
embedded in an ASR system (states, covariance matricamndides, etc.)
can be used in this way. Other useful models are articulatogftimodal,
linguistic, etc. Redundancyelations between features may allow accurate in-
terpolation when one feature is missing and the other not.

7. Power and variance partition

Obviously one must know which features are reliable and Wwhie not.
This section suggests one possible approach to obtairngigfarmation from
the observed signals. The idea is to partitionpbgerwithin a mixture into
parts that reflect various sources. This partition is alssfulsas a partition
of the power spectrunfthanks to Parseval’s relation). A partition of power
can also be interpreted as a partitionvafiance(sum of squares). Variance
estimates can then be used to parametrize statistical sfsdei which feature
reliability can be inferred.

As an example, consider a quasiperiodic jamehelt is possible to express
it as the sum of two signalg’ and./J”:

Ji = (Ji = Ji-p)/2, J{ = (Ji +Ji-p)/2 (1.4)

If .J is purely periodic with period”, thenJ’ = 0 and.J” = J. J'is non-
zero only if.J is not perfectly periodic, and in that sense we can galthe
“aperiodic” part ofJ, and.J” the “periodic” part.
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What makes this partition useful is that it is also a panitsd power. Defin-
ing the local power of a signal X (measured over a windowistgudt?) as:

t+W

X017 = (/W) Y X7, (1.5)

J=t+1

it is easy to verify that:
(1Sel? + [[Je=p*) /2 = 151> + 11571 (1.6)

The term on the left is the average of two estimates of the pofvthe jam-
mer (over slightly different windows), and the right hanthte are powers of
aperiodic and periodic parts respectively. Parsevalatia implies a similar
partition of power spectra Spectrally, the partition can be represented by the
transfer functiong — cos(27 fP)/2 and1 + cos(2n fP) /2.

In the context of cancellation, representsrosstalk If 7" is the cancellation-
filtered target, the output of the cancellation stagé”is- .J'. The quality of
the recovered target depends on the relative weightd'gf and||.J’||. These
cannot be observed, but there are several situations wieyean be inferred:

1 Jammer properties may be known well enough to put an upperdo
on the ratio||.7||/||.J]|. Using the power of the observed signgat ||
as a statistically conservative bound|p#||, we get an upper bound on
crosstalk powef|.J/||. Thanks to Parseval’s relation, this reasoning may
be applied to eacfrequency

2 Thetargettoo may be periodic. A full analysis is compkckand will be
outlined only briefly. CallingP? and() the periods of jammer and target,
the observable sighd can be expressed as the sum of four parts:

X! =(Xe— Xep— Xig + Xig-p)/4
X7 =(Xi+ Xi—p— Xi—g — Xi—qg-p)/4
)(753 =(X¢y— Xi—p+ Xi—g — Xi—g-p)/4
X} = (Xs+ Xo—p + Xi—g + Xi—g_p)/4 (1.7)

As above, this defines a partition of signal power. The firsirgity

X1 is zero iff target and jammer are perfectly periodic (quaegiX >

and X3 are zero if target or jammer are periodic, respectively)dé&in
certain assumption&! can be used as an estimate of the power that is
“unaccounted” for by a sum-of-periodic-signals model, i@osstalk.
Again, this reasoning can be applied to each frequencydbas®arse-
val's relation.

Similar operations can be performed in the multisensor aruith cases.
Power is defined as a mean sum of squares, and as such it islequito
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meanvariance Ratios of variance can be interpreted as measuring the-unce
tainty with which the target is observed withn in each fregpyeband, at each
time frame, and thus the power partition offers the oppatyof interpreting
observations according to a statistical model.

8. Relation with auditory models

Barlow (1961, 2001) suggested that the role of sensory saékato recode
incoming patterns in a way that minimizes numbers of neusahdéirges, and
thus metabolic cost, on average. Cancellation fits thisrgegm. A “neu-
ral cancellation filter” (e.g. de Cheveigné 1993a) minimei#ts output for a
periodic input, and at the same time characterizes the aggubf the input
pattern.

Durlach’s (1963) equalization-cancellation (EC) modedpgmsed that pat-
terns from one ear are subtracted from those from the otfier (eelay and am-
plitude scaling) to suppress correlates of a spatiallylined jammer. Culling
and Summerfield (1995, Culling et al., 1998) proposed a “fiedlEC” model
in which such cancellation occurs independently withingdesral filter bands.
In this model, EC parameters are determined from informatitthin a band,
and may differ from band to band. See also Breebart et al.1(2&id Akeroyd
and Summerfield (2000).

A monaural “harmonic cancellation” model was proposed bZteveigné
(1993a) and found to account for behavioral data on concuwavel identi-
fication (de Cheveigné, 1997). In particular it accountedctinditions where
one vowel is much weaker than the other, for which other exgilans fail.
A “cancellation model of pitch perception” was proposed ley Cheveigné
(1998). A model that explains pitch shifts of inharmonictizds (Hartmann
and Doty, 1996) was proposed by de Cheveigné (1999a).

Given the general functional usefulness of cancellatienaf@ued in this
paper) and the fact that some of these models account fateffeat no other
model accounts for, it is likely that the cancellation stgpt is used within
the auditory system. Understanding auditory processegaktbat is worthy
in itself. It is also a source for insight into effective pessing techniques,
and a great opportunity for interaction of mutual benefitleetn scientific and
technological fields. To constrain and develop such usehdets, there is
strong need for more data on natural systems via behaviohgkiological,
and imaging techniques.
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9. Relation with other processing techniques
Decomposition within the Time-Frequency plane

Many efforts have been devoted to computational models oA ASg.
Cooke, 1991; Brown, 1992; Ellis, 1996). A common approadio idgssume a
spectrotemporal decompositioheach sensor signal over a filterbagkoup-
ing together of filter bands that that belong to the target, apit segregation
of these bands from bands that belong to other sources. Bardsssigned
according to a time-frequency “map” that looks like a chebkeard.

The idea comes from the ASA rules reviewed by Bregman (199@m-
selves based on the principle of peripheral frequency arsathat originated
with Helmholz (1877). Strict Helmholtzian doctrine wouldve had it that
the outputs of the bands form collectivelgpectrunof slowly-varying values
(excitation pattern). Recent thinking, both in auditorydats and in CASA
systems, allows for each band to carrtemnporalstructure, that may be used
to decide how the band is assigned. Early examples are thehamnel system
of Lyon (1983), that drew on Jeffress’s (1948) localizatiodel to segregate
bands according to source bearing. Another is the singhenodl system of
Weintraub (1985) that drew on Licklider’s pitch model to segate bands ac-
cording to source periodicity. More recent examples areGASA systems
of Cooke (1991), Brown (1992) or Ellis (1996). Decompositiato time-
frequency “pixels” is also used in missing-feature teclmei (Cooke et al.,
1997; Lippmann and Carlson, 1997; Palomaki et al., 200&j}issical meth-
ods for time-frequency pixel assignment (Roweis, 20003206r multipleF
estimation (Wu et al., 2003).

There is considerable variety between systems based onfrepeency
analysis. Frequency analysis may be performed by a banlkudft@y” filters,
by a standard short-term Fourier transform, or by a morei@ekote-frequency
transform. The output is either a slowly-varying spectroma set of rapidly-
varying temporal waveforms filtered from the input wavefoseach instant
a band is assigned entirely to a source (“black and white”)roamnly par-
tially (“gray-scale” map). Common to all is that band aredfaic” in the sense
that they are not analyzed further.

The effectiveness of the time-frequency approach is lidniig the Gabor
relation: AfAt < constant. As an example, the response of a 1 ERB wide
gammatone filter centered at 1 kHz is still only 20 dB down (1 8wer) at
200 Hz away from the peak. Its impulse response is 20 dB dowhras
from the time of peak response. Spectral resolution can lpeowed only at
the expense of temporal resolution, and vice-versa, andrmgr rejection
cannot be perfect.

Cancellation is complementary with time-frequency anialys ideal con-
ditions if offers perfect jammer rejection , but these ideahditions may pre-
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vail only within a limited time-frequency region. Canceitamn cannot be sub-
sumed by time-frequency analysis, but the two approacleescemplementary
and may usefully be combined.

Enhancement

Enhancemeris the mirror image of cancellation. Rather than using jamme
structure target structure (periodicity, spatial position) is used to erteaa
structured target relative to an unstructured backgroEntiancement schemes
are much more common in the literature than cancellatiorweyer the SNR
improvement that they provide is generally limited. Forayeand-add beam-
forming it is 6 dB for two sensors, and greater improvemequies more sen-
sors. For harmonic enhancementitis 6 dB for a simple condy;fand greater
improvement requires filters with longer impulse respor(siesCheveigné,
1993a, Appendix A). Cancellation is distinct from (and cdempentary to)
enhancement.

ICA

Independent component analysis and cancellation aredel@he objective
of ICA is to produce outputs that are statistically indepamtd This can happen
only if each output depends on one source only, a goal thatsmead only if
contributions of all other sources are suppressed. Thagltfectives of ICA
and cancellation are equivalent, even if the means to dtieim are different.
The links between ICA and cancellation should be examinegkmeeply, and
it may eventually turn out that ICA and cancellation can bessumed within a
common framework.

It is interesting to note the similarity between Culling addmmerfield’s
mMEC model, and recent frequency-domain ICA techniques @&mgmueller,
2001). Both are congruent with the notion of “local” canatn described in
this paper.

10. Computational considerations

Estimation of structure parameters using cancellationpemrsive, because
(except in special cases) the parameter space must be egaxdmaustively.
Joint estimatiorof several parameters is particularly expensive. Teclesdo
reduce the cost are described in de Cheveigné (2001).

11. Putting it all together

Here are three example scenarii, of varying complexity,af kancellation
might fit together with other techniques to solve a probleprattical interest.
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ASR system with single channdl input. Cancellation is used for several
purposes: (1) for an isolated voice, to provig Fo-smoothed spectra, and a
time-frequency “harmonicity map” as features for ASR, @)tivo concurrent
voices, to provide “glimpses” of both voices, together withe-frequency re-
liability maps for both. These are used by the ASR stagesrstcain models
of one or more speakers. Spectral distortion caused by tatioe is compen-
sated in the ASR stage by adjusting spectral models.

Active multimodal recording system. A room (conference room or con-
cert hall) is equipped with a distributed network of switbleamicrophones
(or robot controlled microphones) and video cameras. CGhatiom is used to
analyze the acoustic structure of signals provided by tlveophones. The har-
monic structure of sources (voices, instruments) is uséalcibtate the acous-
tic analysis. Its result feeds a spatial model that is algarined by video and
any other relevant information. The spatial model is usesWitch or move
microphones, to optimize pickup and segregation of eactceaf interest, or
to produce a visual display of use to the sound engineer.&llation analysis
reveals that scene structure information is incompletegfample intersensor
correlation may be good only at note onsets, for which thelasie propa-
gation approximation is good). Incomplete informationrigerpolated using
missing data techniques constrairmodels Models are then used in the next
stage tdnterpolateacross missing parts. Models at all stages, including ASR,
can be merged and fit jointly (e.g. Nakamura and Herakledd@2® On the
basis of models, it may be possiblaésynthesizhigh quality speech or music
sounds (e.g. Kawahara, this volume).

Multimedia indexing and search. A major problem in dealing with mas-
sive volumes and fluxes of multimedia data, as they occuryiadandexing
and search. The conceptwietadatehas been invented for that purpose. Ar-
guably the most useful kind of metadata aomtent-basechs they are cheap,
reliable and ubiquitous (as opposed to text and other mpnpralduced meta-
data that are expensive and thus often absent). Conteattbzetadata can be
used to map out redundancies (e.g. copies of same data) asttan other
forms of metadata. They are essential for efficient search.

For mixturesof audio sources, it would be desirable that the metadata re-
flect the sources enough to support searchingnfdividual sourcesvithin the
metadata that label thmixture It is usually not possible to split audio data into
streams and label each stream. However itis possible tgmiesntent descrip-
tors so that they maximize information about componentesgairCancellation
is useful for such labeling. As an example, a single chanoriaining several
periodic sources can be processed so as to obtain (a) essifahe periods,
and (b) a periodicity-based decomposition of power and p@pectra. It is
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not necessary that segregation be perfect: anything tleatsapruning of the
search space is a sufficiently useful goal.

The power spectrum decomposition is also a decompositioravénce
and thus it fits well with statistical models that supportrarehical search (de
Cheveigné, 2002). It also fits well with the scalable metadaincept that
has been integrated into the audio part of the MPEG-7 stdr{darCheveigné
1999b; ISO/IECITC.1/SC29, 2001). The additive nature of variance implies
that “decomposed” and “standard” descriptions are corbfgatifogether with
the scalability of metadata structures (also based onnegja this ensures
interoperability and flexibility of the metadata descripts.

12. Conclusion

Cancellation is a useful “ingredient” to solve the problesfispeech separa-
tion and acoustic scene analysis. Other essential ingresdiee time-frequency
analysis, models, and missing-data techniques. The strefigancellation is
that it can provide, in ideal conditions, infinite jammerajon. Its weakness
is that these ideal conditions may occur only locally, ingiamd/or frequency,
hence the need for models and missing-data techniquesappisach should
benefit from future progress in signal processing techrsigueh as beamform-
ing and ICA, and also from being cast into a systematic pribistib frame-
work. There are arguments to say that neural processingimai@rganisms
is in part based on cancellation. More basic knowledge isie@@bout the
nature of these mechanisms, their anatomy and physiologytre behavior
that they allow.
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