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Identifying the individual sources present in a real-world sound recording isdif cult: Almost
without exception, sounds of interest are embedded in a context of competing sounds, and itisrare
to be given an unobstructed view of an ideal, isolated target. Human listeners, in common with
other auditorily-equipped animals, are adept at handling such mixed signals, but our best compu-
tational audition systems  for instance automatic speech recognizers  are highly vulnerable to
added interference, even at levelsthat listeners barely notice.

This program is about developing algorithms and systems for the analysis of sound mixtures
in the context of automatic multimedia scene analysis. In comparison with video and image anal-
ysis, there has been little work on the general problem of organizing everyday sounds into the
objects and events perceived by listeners. Unlike noise-robust speech recognition, which seeks
simply to minimize the impact of the nonspeech components on the derived signal features, sound
organization involves identifying and separately characterizing each signi cant contribution in a
sound.

Central to the proposed approach is the idea of sound fragment recognition: Although a sound
mixture may not afford unobstructed views of an entire sound source (voice, telephone ring, mu-
sical instrument), there will often be limited ‘glimpses’ in time and frequency when part of the
signa can be observed relatively undistorted. By identifying and grouping such regions, and em-
ploying recognition algorithmsmodi  ed to make correct classi  cations under incompl ete observa-
tions, the combined sound mixture can be successfully interpreted as the combination of different,
separatel y-modeled sounds.

Technical advances in pattern recognition and machine learning, increasingly illuminating re-
sults from neurophysiology and experimental psychology, and enormous advances in available
computation power, make this a particularly pro table time to advance automatic sound organi-
zation, while the rapid growth in the volume of available multimedia content makes it urgent for
better automatic content-based analysis tools to become available, e.g., to be ableto nd a partic-
ular event in arecording of the previous month’s day-to-day activities.

The impact of this project includes the education of the graduate students who will conduct
the research and other students who will pursue projects at the Laboratory for Recognition and
Organization of Speech and Audio (LabROSA). Thisnew lab will offer aunique agendaof anaysis
and abstraction of sound in all its forms from music to meetings. Results and illustrations will be
transferred into courses at both undergraduate and graduate level, and used as demonstrations at
Open House events aimed at the diverse local high school population in New York City.

The ability to analyze and describe complex soundsin terms of the different eventsthey contain
will facilitate a wide range of novel applications in content-based multimedia indexing, machine
perception systems for robots interacting in human environments, and prosthetic devices for the
perceptually impaired. These eventual outcomes will have an enormous impact on a broad section
of the general public.
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1 Introduction: The problem of machinelistening

Imagine that you are on the edge of a lake[...] Your friend digs two narrow channels
up fromthe side of the lake [ ...] Halfway up each one, your friend stretches a handker-
chief[...] Aswavesreach the side of thelake, they travel up the channelsand causethe
two handkerchiefsto go into motion. You are allowed to look only at the handkerchiefs
and from their motion to answer a series of questions [ such as] How many boats are
there on the lake and where are they? [ ...] Solving this problem seems impossible, but
itisastrict analogy to the problem faced by our auditory systems.

Albert Bregman, Auditory Scene Analysis (Bregman 1990), pages 5 6.

The sense of hearing exists because it providesinformation that helps an organism to adapt and
thrive, by identifying opportunities and threats in the environment. In order to analyze acoustic
information, the information speci ¢ to each independent active sound source must rst be sep-
arated, yet the overwhelming majority of research in sound recognition  typi ed by work in
speech transcription  has assumed that the target sound isisolated, i.e. it isthe only signi cant
component in the received acoustic eld. This may be a reasonable assumption when the signal
comes from a head-worn microphone, but it is almost never true in a natural environment, where a
distant source of interest will be competing with other simultaneous distractor sources.

To survive in such a densely populated world, the organism must be capable of segre-
gation, [which] allows a cat to hear the faint sounds made by a mouse in the rustling
grass, and might be of use to the mouse in that same situation [...] The hypothesis
explored hereisthat the auditory systemisin large part designed for that task.

Alain de Cheveigne, The Auditory System as a Separation Machine (de Cheveigne
2000).

This proposal consists of a program of research and learning to establish a radically new ap-
proach to extracting information from sound  one which, like the auditory systems of human
and other animals, treats the organization of the received sound into features attributable to differ-
ent sources as a central and indispensable aspect of the sound processing problem. As discussed
below, this results in a problem that is signi  cantly more complicated than the traditional speech
transcription or acoustic event classi  cation paradigm, yet it isinescapable: a sense of hearing that
ceases to work when more than one sound source is active has little or no practical use.

1.1 Recognizing sound mixtures

Machine recognizers|...] cannot currently be used in normal environments without a
close-talking or directional microphoneor without using a push-to-talk switch because

1



desired speech inputs cannot be separated from other environmental sounds. Common
transient and inter mittent environmental sounds may be interpreted by many modern
high-performance recognizers as well-formed sentences.

Richard Lippmann, Speech recognition by machinesand humans (Lippmann 1997).

The current state of sound recognition, in which it is assumed that signal segmentation is un-
necessary because only asingle sourceis present, has arisen because even giventhissimpli cation,
the problems of sound recognition, such as classifying the myriad realizations of a given word as
representing the same item, have proven to be very challenging (Gold and Morgan 2000). More-
over, preliminary investigations have revealed the problem of separating signals, such as reducing
background noise in a speech signal, to be very hard (Cooke and Ellis 2001), even though people
perform it effortlessly.

Recent advances in the basic speech recognition mechanisms mean that for many applications
theinterference of competing noiseisthe most important challenge. Unlikethe studio-quality read-
speech of the early 1990s, speech recognition tasks devised in the past few years have involved
high levels of real-world background noise as a mgjor feature (Pearce 1998; Singh, Seltzer, Rqj,
and Stern 2001), and have exposed the vulnerability of the *all one source’ assumption of the
current recognition paradigm.

At the same time, computational models of the kinds of source-separation tasks performed
by listeners (known as Computational Auditory Scene Anaysis or CASA) have been increasing
in sophistication. For example, recordings of music involving two or three instruments can now
be transcribed into score-like representations with usable levels of accuracy (Goto 2001; Klapuri
2001). An increased understanding of the psychological basis of source segregation in listeners,
coupled with an improved appreciation of how these processes can be simulated by and related
to algorithms, means that the time is ripe for a concerted effort to nd practical, general-purpose
approaches to making sense of complicated sound mixtures.

1.2 Theneed for sound organization

Although speech recognition provides the most visible example of the sound mixture problem, the
basic ability to organize sound scenes is necessary for any kind of device that aimsto approximate
an intelligent, human-like response to an unconstrained natural environment. This includes future
portable and autonomous devices that may need to distinguish between spoken commands and
other possible sounds, or to adapt to their changing contexts based on their senses, just as animals
do. The envisaged sound organization technology would enable a ‘semantic hearing aid’ that
could provide a textua or otherwise re-represented version of the ongoing acoustic environment
for hearing impaired individuals, alerting them to situations they might not notice (Goldhor 1992).

The same process of converting a complex sound into a high-level abstract description can
substitute for the human annotators (such asdocumentary Immakers) who, at present, must review
audio-visual material in order to provide a searchable index. Even arelatively crude automatic
solution to this problem would make large archives of media content  whose limited interest
makes the economics of human annotation infeasible  useful and available for scholars and
other interested parties.



2 Research

As aconcrete target on the path to afull simulation of a human listener, our goal in this project is
a system that can recognize a wide range of sound-events mixed in with noise, voices, music etc.
The sound events to be recognized will, at least initialy, be based on sets of training examples,
but the recognition must succeed despite enormous differences between the context of training
and test examples. Our principle target application will be the identi cation of salient events
in large audio archives for description (summarization) and indexing (retrieval). We will work
with recordings of ‘personal space’, continuously collected by a portable audio memory aid, and
with the soundtrack of video content such as the corpus used in the TREC Audio-Video spoke
(NIST/TREC 2001). Hence, the most signi cant technical problem is the question of nding an
ef cient way to apply the existing tools of pattern recognition when the combinatorics of multiple
sound sources make enumeration intractable, but when the overlap of the different sound signals
preclude direct recognition of each one.

2.1 Background

Work on automatic recognition for real-world nonspeech sounds has taken a global-features ap-
proach rather than trying to isolate the properties of individual sources. Muscle Fish (Wold, Blum,
Keidar, and Wheaton 1996) devel oped an early content-similarity-based browser for sound effects,
and examples of similar work include applications to similar general sound databases, (Li 2000;
Zhang and Kuo 2001), vehicle noise (Couvreur and Bresler 1998), and machine sounds (Atlas,
Ostendorf, and Bernard 2000).

Soundtrack segmentation into a few classes (such as speech/music) has been important for
speech recognition applications. Variousfeaturesand classi  cation schemes have been proposed in
(Saunders 1996; Scheirer and Slaney 1997; Siegler, Jain, Rgj, and Stern 1997; Chen and Gopal akr-
ishnan 1998) among others; we have also worked in thisarea, tightly coupling classi cation to the
speech acoustic model (Williams and Ellis 1999).

Work on separating simultaneous sound sources has been pursued from the perspective of
modeling the perceptual phenomena described in psychology (Bregman 1990), which is known
as Computational Auditory Scene Analysis (CASA) (Cooke and Ellis 2001). Most often, signdl
cues of harmonicity (e.g. for voiced speech) and common onset (across frequency channels) are
used to group together time-frequency cells apparently relating to the same source. Our work has
investigated the use of top-down * prediction-driven’ constraints (Ellis 1996; Ellis 1999).

CASA isoften contrasted with blind source separation through Independent Component Anal-
ysis(ICA) in which aparameterized separation algorithm is adjusted to maximize the statistical in-
dependence of the ‘unmixed’ outputs (Bell and Sejnowski 1995; Hyvarinen and Oja 2000). ICA’'s
elegant simplicity is also a weakness, in that more esoteric, arbitrary constraints (such as prior
source models) and the need for multiple alternative solutions cannot easily be incorporated.



2.2 Technical Approach

Our approach starts with the idea of a set of models of the individual sounds that can occur in our
mixtures, similar to the models used in speech recognition. The classical application of statistical
pattern recognitionisto nd amaximum a-posteriori probability t across arange of class models
M; to a set of signal features X i.e. the features are interpreted as an instance of the model M
where:

M = argmaxP (M;jX) (1)
Mi

Rearranging via Bayes' rule gives:

M = argl\TaxP(XJFlz/l(fg(Mi)
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where the prior term P (X) does not vary across the models, so can be dropped. Individual classes
M; are thus represented by distribution models P (XjM;), which are a convenient way to represent
prior class knowledge: The feature values observed in a set of training instances are generalized,
typically as Gaussian mixture models (GMMs). The implicit assumption is that observations at
classi cation time will be fully and directly comparable to the training examples on which the
distribution models are based.

In the case of sound mixtures, however, any singletarget sound may appear inanin nitevariety
of acoustic contexts, formed by different combinations of different background sounds. We may
describe this mathematically by de ning a new variable, Y, as the actual feature observations of
the total, compound mixture, and our classi cation problem becomes:

M = argmaxP (M;jY) = argmax P (Y]M;)P (M;) 3
M; M;i

One approach to recognizing the target sound buried in a mixture is to directly train distribu-
tion models, P (Y]jM,), to include the ‘typical’ effects of background sounds, either by training
on noisy tokens (the ‘multicondition training’ paradigm used, for instance, in the Aurora task
(Pearce 1998)), or by synthetically combining model representations of clean targets with models
of isolated interference sounds to predict the appearance of various possible forms of corruption
(known variously as‘HMM decomposition’ (Vargaand Moore 1990) or ‘parallel model combina-
tion’ (Galesand Young 1993)). It is, however, dif cult or impossibleto construct atraining corpus
with any kind of generality: not only are an uncountable number of possible background sound
objects, but when combining models the absolute signal level can no longer be simply normalized
away: instead, any pair of sounds must be modeled at an enumerated range of relative levels. This
combinatoric explosion results in models that are either overly broad (because a single model is
being made to stand for a broad range of noise or levels), or prohibitively expensive to create and
to use (because a very large number of individual models must be tested).

The aternative approach is retain P (XjM;), the clean feature distribution model, as the basic
representation of each source, but to further model the relationship between the clean features X
and the compound observations Y. In general, we can integrate the P (M;jY) term in equation 3



over the unknown values of X: 2

P(MijY) = P(M; XjY)dX 4)
YA
= P(MiX;Y)P(XjY)dX ©)

The rst term in the integral reduces to P (M;jX), since the value of total observation Y isim-
material given the target features X. To express this in terms of our original distribution model,
P (XjM;), we can apply Bayes' ruleto this rst term to give:

Z

P(MiY) = P(M) P (xiMy) P9

P (X)

(Noteinthiscasethat P (XX) isnot aconstant, and cannot be dropped.) Inthisform, therelationship
between target source features X and composite observations Y isde ned by P (XjY)=P (X), the
changein the likelihood of a particular value of X given knowledge of Y.

When the multidimensional distributions P (XjM;) are represented as mixtures of diagonal-
covariance Gaussians (GMMs), the likelihood of each mixture component can be calculated as the
product of the likelihoods of the individual feature dimensions, e.g., for amixture of Q Gaussians
indexed by k, over P dimensionsindexed by j, we have:

- X - V -
PXjM) = P(kjM)  P(xjjk; M) (7)
k=1 j=1

dX (6)

where X; is a scalar element of the feature vector. Assuming a similar decomposition of the prior
P (X), we can use this to decompose equation 6 to give:

X vl
PMjY)=P(M;)  P(KkjM;) P (Xjik; M;)
k=1 j=1

P(XiiY)

=) (XJ) dXJ (8)
where each P (x;jk; M;) isasimple unidimensional Gaussian. The relationship between observed
and target features has thus been decomposed to alikelihood change of theindividual target feature
elements due to the observations, P (x;jY)=P (x;)

Even with this factorization, evaluating the full integral over every dimension of X will be
tractable only under certain specia conditions. In the ‘missing data’ approach to speech recog-
nition (Cooke, Green, Josifovski, and Vizinho 2001), it is assumed that some elements of the
observation feature vector are likely to be dominated by the target sound, thereby enabling at |east
part of the clean-signal model to be used unmodi ed. Thisis agood match to the situation if our
features are spectral energies. Many sounds concentrate their energy at any moment into a few
frequency bands (such as the formants in speech), and these bands can ‘ poke through’ the energy
of background sounds to permit largely unobstructed observations of those parts of the spectrum.
This is in contrast to the more commonly-used cepstral features, where a change in any single
frequency band will, in general, change every cepstral coef cient.

Given a way to decide which observation elements reliably re ect the underlying target fea-
tures, and which ones have been corrupted, we have several choicesfor eval uating the per-dimension
integral in equation 8:



For dimensions considered reliable, P (x;jY') isaDirac delta at the assumed value R, so the
integral reduces to

P (XjiK; Mi)=P (Xj)jx; =2 (9)

If, for a particular element, the masking due to energy from other sound sources meant that
nothing could be inferred about the underlying Xx;, P (X;jY)=P (x;) would be unity, and the
integral over the complete pdf P (x;jk; M;) would also reduce to unity.

Even if the target signal is masked at a particular frequency, we know the observed spectral
energy at that frequency, and we can infer that the actual target energy is not more that
this value. Thus a more accurate treatment of such dimensions is given by the ‘bounded
marginalization’ approach (Cooke, Green, Josifovski, and Vizinho 2001), where P (X;jY)
is zero for X; greater than some ceiling Xmax. While the bounded distribution of x; may be
dif cult to express, the ratio P (X;jY)=P (X;) can be given a simpler form: zero for x; >
Xmax and a constant value F for x; Xmax, Where F is the normalization constant that
preserves P (X;jY) asatrue pdf, i.e.:

1
F = RXmax
1 P(Xj)de

which is simply alookup of avalue of the error function erf when P (X;) is a Gaussian.

(10)

More complex assumptions about the relationship between Y and X; can be accommodated
through other relationships. For instance, in ‘soft missing data’ (Barker, Green, and Cooke
2001), the true value of X; is taken to be close to the masking ceiling in regions adjacent to
unmasked energy.

Thus, we seethat using spectral feature models, a simple masking assumption, and some mech-
anism for distinguishing between masked and unmasked elements, the model likelihoods in equa-
tion 8 can be evaluated in most cases with high computational ef ciency.

The outstanding question is how to identify which frequency channels should be considered as
reliable, and which to treat as corrupt. Here, too, there are several alternatives:

We could infer a simple model of the interference, for instance by estimatinga xed ‘noise

oor’ in each frequency band. Energy that exceeds the oor is taken as belonging to the
target sound. Thisisthe approach taken in the basic ‘ missing data’ approach to recognizing
speech in noise (Cooke, Green, Josifovski, and Vizinho 2001).

We could treat the reliable/unreliable segregation as part of the inference problem, i.e. solve
for the largest posterior value P (Mj; SjY), where S represents a particular segregation hy-
pothesis, indicating the elements of source model X believed to have been reliably observed.
This approach is taken in the ‘ speech fragment decoder’ described in (Barker, Cooke, and
Ellis 2002).

We could use information from the observed signal, perhaps beyond that being modeled by
P (XjM;), to indicate which parts of the signal belong to different sources. Thisis one way
to introduce the organization cues of Computational Auditory Scene Analysis (CASA) into
a probabilistic sound-understanding framework (Barker, Cooke, and Ellis 2001).
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Figure 1. Word error rate vs. signal-to-noise ratio for several approaches. HTK clean training
uses conventional modeling and recognition, trained on clean data only. HTK multicondition
uses conventional models, but where the training examples have been mixed with noise similar to
that used in the test conditions, at similar levels. MD Soft SNR uses models trained on clean
data only, but using a ‘ soft’ variant of the missing-data recognition to do the classi cation.

2.3 Preliminary results
2.3.1 Missing data speech recognition

Figure 1 shows example results from the missing-data approach used for the standard Aurora
noisy digitstask (Pearce 1998). In thistask, uent digit strings (e.g. eight one seven three oh )
are arti cially mixed with various real-world noise backgrounds (restaurant, car, airport etc.) at
arange of signal-to-noise ratios (SNRs). There are two alternative training sets: the clean set
consists only of the digits, to test how well systems can deal with completely unanticipated noise;
the multicondition training set includes training examples mixed with noise at a range of SNRs
from cleanto 5dB. Thetest set consistsof distinct digit strings mixed with four noisetypesat seven
SNRs (clean to -5 dB) for atotal of 28 conditions (separate test sets include noise less similar to
the noises in the multicondition set, and channel coloration). The task also speci es a ‘baseline
recognizer’ built from the well-known HTK toolkit, using astandard (but somewhat optimized) set
of features and parameters.

The missing-data system used spectral features (instead of the Mel cepstra of the baseline)
and estimated a static background noise level from the rst 100 ms of each sound e in the test
set; time-frequency cells signi cantly above the noise oor were taken as reliable, those below
were subjected to bounded marginalization, and cells whose energy was within a few dB of the
estimated noise oor made a’soft’ contribution to overall likelihood, calculated as alinear mix of
reliable and masked estimates (Barker, Green, and Cooke 2001).

Figure 1 shows that using the same clean-data models as the baseline recognizer, missing data
recognition achieves a substantial reduction in the word error rate for higher signal-to-noise ratios,
bringing performance close to that achieved by multicondition training  but, unlike the multi-
condition system, without any prior knowledge of the corrupting noise styles, making it far more
robust to variation in test conditions.

In this system, the connection between observed features (Y in the exposition above) and target
feature (X) is made via the bounded missing data assumption, and the xed noise oor model. In
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subsequent work, we have investigated additionally comparing different segregation choices to
nd the most likely one, with some promising results (Barker, Cooke, and Ellis 2002).

2.3.2 Alarm sound detection

A second preliminary investigation into the fragment-recognition approach focused on the alarm
sounds generated by many man-made devices such as telephones, sirens etc. (Ellis 2001). Alarm
sound recognition would be useful in aportable warning devicefor hearing impaired users, but only
if it is able to operate with very unfavorable signal-to-noise ratios. Alarm sounds are designed to
be easily heard and readily recognized, making the task less daunting.

With no prior work, we had to build our own database and our own baseline system for com-
parison. A collection of 50 example alarms was assembled from CDs and the web, including car
horns, re alarms, doorbells and telephones. For the test set, these examples were mixed with a
range of real background sounds at 0 dB SNR (equal power in alarm and noise during the ‘ active’
alarm segments). Since alarms often have sparse, sustained spectra, they were usually quite easily
to hear against the noise.

The baseline system used a global-feature approach, consisting of a multi-layer perceptron
(MLP) class er trained to discriminate between time windows with and without alarms. The
training set was a collection of alarmsin noise, similar to the test examples (although the noises
and alarms were different).

The second, fragment recognition system operated as follows: First, the sound was subject to
a time-frequency analysis emphasizing the narrow, sustained harmonics typical of alarm sounds.
These concentrations were then represented with sinusoid models, and tracks starting at about
the same time and with similar shapes were grouped together into composite objects. In this
way, the preprocessing approximated the psychoacoustic grouping principles of common onset
and common modulation.

Each grouped object was summarized by parameters such as average frequency variation, av-
erage magnitude decay, amplitude modulation depth etc. This representation relies implicitly on
partial observations of thetarget darms  the discrete frequency peaks  andislargely indepen-
dent of the background noise level, until the alarm sound is entirely buried. These parameters are
then passed to aclassi er based on properties extracted from the training set to decide if the object
isanaarm.

The outputs of the two alarm detection systems are illustrated in Figure 2. The output of the
MLP classi er showsarapid variation in the classi cation of individual, short frames; smoothing
this result and median Itering yields detected alarms, shown by the thick boxes. Because the
neural network can only generalize across the noise backgrounds used in training, it is vulnerable
to the many false alarms seen here. The fragment-recognition system exhibits many fewer false
alarms, but has also missed one of the true alarms.

In a complete test presenting the 25 test alarms each in four different noise backgrounds, the
overall error rate of both systems was large  192% for the MLP system, and 197% for the
sound-object based system. The breakdown by error type and noise conditionsreveal ed interesting
differences. the MLP system made half as many false-rejects as the object-based system (22%
vs 50%), which made more than 90% of its false-dlarms (insertion errors) against a pop-music
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Figure2: Exampleof thealarmdetectionsystemsTop panelshons spectrogranof threeexample
alarmsfrom thetestset;theseconganelhas restauranthoiseaddedat 0 dB SNR.Thethird panel
shawvs the outputof the MLP frame-level classi er, which detectghe alarmsbut alsoexperiences
numeroudalsealarmsdueto differencesetweenthe restauranhoiseandthe noisesusedin its
training set. The bottom panelshows the soundobjectsclassi ed asalarmsby the preliminary
fragment-recognitiosystem.Therearemary fewer falsealarms,althoughoneof thetruealarms
hasbeenmissed Blue boxesoutline detectedalarmeventsin bottomtwo panels.

backgroundwhich containedmary sustainedpitchesto trigger the alarm object detector(Ellis
2001).

In this example,noisy obsenationsarerelatedto cleantargetmodelsthroughthe soundobject
extractionsystemwhichrejectsatanearlystageary acousticenegy notbroadly alarm-like' (nar
row spectralpeak,sustainedrequengy andmagnitude).The systemcanin theoryrecognizesven
partial extractionof thesealreadyfragmentarydescriptionsif theremaining,extractedharmonics
still form a patternvhosecompositecharacteristics thelearned alarms'class.

2.4 Reseachplan

The researctpart of this programwill focuson extendingour preliminary resultsin fragment-
basedrecognitionto extracta higherdegreeof informationfrom a wider rangeof soundsources
andconditions.Sofar, we have shavn resultscomparabldo standardapproache$or two special
cases,but improved implementationsmodel representationsand particularly segregation cues
(asdiscussedbove) shouldreveal the dramaticimprovementsobtainablevhenthe mixed nature
of soundis directly addressed Developingthe core recognitionenginewill involve mary sub-
projects;our speci ¢ plansinclude:

Recognizingmultiple sourcesat once: In bothpreliminarytasksthegoalwasto identify a
single,speci ¢ taget,andignorethe remainder The analysis however, is completelysym-
metricoverthelabelingof foregroundandbackgroundany numberof simultaneousources



