A PERCEPTUAL REPRESENTATION OF AUDIObyDaniel Patrick Whittlesey EllisB.A.(hons) Cambridge University, 1987Submitted to theDepartment of Electrical Engineering and Computer Sciencein partial fulfillment of the requirementsfor the degree ofMaster of Science in Electrical Engineering and Computer Scienceat theMassachusetts Institute of Technology5th February 1992Ó Massachusetts Institute of Technology, 1992. All rights reservedSignature of author _____________________________________________________Department of Electrical Engineering and Computer Science5th Feb 92Certified by ____________________________________________________________Barry L VercoeProfessor of Media Arts & Sciences, MIT Media LaboratoryThesis supervisorCertified by ____________________________________________________________Thomas F QuatieriResearch Scientist, MIT Lincoln LaboratoryThesis supervisorAccepted by ____________________________________________________________Campbell L SearleChair, Department Committee on Graduate Students

Dan Ellis25 Feb 92

Dan Ellis35 Feb 92AbstractA PERCEPTUAL REPRESENTATION OF AUDIOby Daniel Patrick Whittlesey EllisSubmitted to the Department of Electrical Engineering and ComputerScience on Feb 5th 1992, in partial fulfillment of the requirements forthe degree of Master of Science in Electrical Engineering andComputer ScienceThe human auditory system performs many remarkable feats; we only fullyappreciate how sophisticated these are when we try to simulate them on acomputer. Through building such computer models, we gain insight intoperceptual processing in general, and develop useful new ways to analyzesignals.This thesis describes a transformation of sound into a representation withvarious properties specifically oriented towards simulations of sourceseparation. Source separation denotes the ability of listeners to perceivesound originating from a particular origin as separate from simultaneousinterfering sounds. An example would be following the notes of a singleinstrument while listening to an orchestra. Using a cochlea-inspiredfilterbank and strategies of peak-picking and track-formation, therepresentation organizes time-frequency energy into distinct elements; theseare argued to correspond to indivisible components of the perception. Theelements contain information such as fine time structure which is importantto perceptual quality and source separability . A high quality resynthesismethod is described which gives good results even for modifiedrepresentations.The performance and results of the analysis and synthesis methods arediscussed, and the intended applications of the new domain are described indetail. This description also explains how the principles of source separation,as established by previous research in psychoacoustics, will be applied as thenext step towards a fully functional source separator.Thesis supervisors:Barry L Vercoe title:Professor of Media Arts & Sciences, MIT Media LabThomas F Quatieri title:Research Scientist, MIT Lincoln Laboratory

Dan Ellis45 Feb 92AcknowledgementsFirst and foremost my thanks go to Barry Vercoe for persuading me that there wasanything interesting about perception in the first place, but also for his faith, supportand advice over the two and a half years I have worked in his Music & Cognitiongroup at the MIT Media Lab. I could not imagine a more agreeable supervisor. Bothhe and the many others instrumental in creating the Lab deserve enormous credit forhaving built such a marvellous place to work and learn.Secondly I am eternally indebted to Tom Quatieri for his limitless patience andconscientiousness in discussing this work with me regardless of his many othercommitments, and his unfailingly solid advice even though my own weaknessessometimes prevented me from taking full advantage of it.I want to thank all my colleagues from Music & Cognition, past and present, forhaving provided a very rare kind of stimulating and supportive environment.Particular thanks to Alan, Andy, Betty-Lou, Bill, Dave, Janet, Jeff, Joe, Judy, Kevin,Marc, Mike H, Molly and Shahrokh. However, every member of the group must takecredit for the atmosphere since each one has a part in creating it.For moral and emotional support, I am very grateful to Bill Gardner, AmyBruckman, Dave & Kim Rosenthal, Alan Ruttenberg, Paul Resnick, Karen Flint,Paul Smith and Graham Johnson. Special thanks go to Bill for being an unbelievablytolerant officemate, and as an endless source of excellent technical advice andinsight, including very valuable comments on this thesis. Special thanks also to Amyfor tolerance of my neuroses beyond the call of duty.For material support during this work I am indebted to the Commonwealth Fund ofNew York, in particular Roy Atherton and Robert Kostrzewa, for the HarknessFellowship that originally brought me to MIT. I am also grateful for support fromNichidai corporation, the Television of Tomorrow consortium, and ESL.Finally my thanks and love go to Sarah, so much a part of me I cannot see whichparts to thank you for. Suffice to say that they are the essence and core that allowme to go on working.

Dan Ellis55 Feb 92Contents1Introduction.................................................................................................. 71.1The goal of this work: A representation for source separation................... 81.2A more rigorous definition of source separation.......................................... 101.3An outline of this thesis................................................................................ 122Background................................................................................................... 132.1Primary auditory sensation.......................................................................... 132.2Subsequent auditory processing................................................................... 142.3Previous work in source separation............................................................. 162.4Requirements for a functional source separator.......................................... 173Design Overview......................................................................................... 203.1Design motivation......................................................................................... 203.2Block diagram................................................................................................ 214Filterbank Design....................................................................................... 234.1Choices in filterbank design - frequency axis.............................................. 244.2Window shape................................................................................................ 244.3Multirate implications of varying bandwidth subbands............................. 274.4Filtering......................................................................................................... 284.5Recursive downsampling............................................................................... 284.6Storage of samples......................................................................................... 284.7Recovery of a given spectrum....................................................................... 295Track Formation......................................................................................... 305.1Relation to auditory physiology.................................................................... 305.2Pragmatic motivations.................................................................................. 315.3Implications of the underlying constant-Q transform................................. 325.4Details of the implementation...................................................................... 345.5Peak picking.................................................................................................. 345.6Track forming................................................................................................ 356Track Resynthesis...................................................................................... 396.1Iterative inversion......................................................................................... 396.2Direct inversion............................................................................................. 406.3Considerations of phase................................................................................ 426.4Phase extraction/interpolation..................................................................... 446.5Track onsets and offsets................................................................................ 46

Dan Ellis65 Feb 927Results and Assessment........................................................................... 477.1Nature of the analysis of some sounds......................................................... 477.2Quality of resynthesis................................................................................... 578Comparison with Sinusoid Transform................................................ 598.1The McAulay/Quatieri Sinusoid Transform................................................. 598.2Coding of formants by the STS and the CQSWM........................................ 608.3Comparison of time-domain waveforms....................................................... 619Track Domain Processing........................................................................ 649.1Track smoothing............................................................................................ 649.2Noise labelling............................................................................................... 669.3Performance extraction................................................................................. 6810Track-Based Source Separation............................................................ 7010.1Basic source separation strategy.................................................................. 7010.2Cues to source separation............................................................................. 7010.3Common onset............................................................................................... 7110.4Harmonicity................................................................................................... 7110.5Proximity....................................................................................................... 7110.6Common modulation..................................................................................... 7210.7Spatialization................................................................................................. 7310.8Conclusions.................................................................................................... 7311Conclusions and future work.................................................................. 7511.1Unresolved issues for future examination................................................... 75Appendix A : Filterbank Analysis...................................................................... 77Appendix B : Peak Picking Analysis................................................................. 82Appendix C : Computing Environment........................................................... 86References................................................................................................................... 87

Dan Ellis75 Feb 921IntroductionWhen we try to build computer systems that mimic human functions of perceptionand cognition, we rapidly discover a paradox: Òeasy things are hardÓ [Mins86]. Intrying to build a model of a process one is aware of performing, it becomes apparentthat there are several basic components required that were not even recognized aspart of the problem. Minsky introduces it in reference to accounting for ÒobviousÓconstraints such as not reusing blocks from the bottom of a tower to extend it at thetop. But it applies in the fields of visual and auditory perception with equal validityand for the same reason : particularly difficult processes cannot be left to theconscious mind, but instead require the evolution of special-purpose machinery. Thisseparation means that we are not consciously aware of that machineryÕs function.Since the role of perception is to inform us about the outside world, and since it issuccessful most of the time, we often overlook the distinction between reality and ourperception of it, so the processes of perception are completely ignored.The motivation for this thesis is the desire to have a computer that can ÔunderstandÕsound in the same way as a person. By this we do not mean language recognition,but refer instead to something that occurs at an earlier stage : before any sound canbe recognized, it must have been isolated and identified as a complete and distinctentity, and not several simultaneous sounds, nor some subcomponent of a morecomplex sound. This is the kind of unexpected and very difficult problem that, atfirst, we might not have expected to need to solve.This thesis considers how to program a computer to perform source separation. Itdescribes our first stage of such a program, the initial analysis and representation ofsound. Source separation is the process of hearing a mixture of overlapping soundsfrom different physical sources and being able to detect this multiplicity of origins,and indeed focus oneÕs attention on a meaningful subset. Examples of this rangefrom continuing a conversation in a noisy room (the Ôcocktail party effectÕ), tofollowing the part of a single instrument in an ensemble, to hearing an unseen busapproaching over the noise of other traffic. In this thesis, we describe atransformation of sound into a new representation which is suitable for theapplication of known principles of source separation. These have been discovered

Dan Ellis85 Feb 92over the past few decades through carefully designed psychoacoustical experiments.Although the transformation is all we have built, we will describe in detail why andhow it is the necessary first stage of a full simulation of human processing of sound.One reason for giving computers human-like perceptual capabilities is to allow themto interact with people in a natural manner. Current speech recognition systems areeasily confused by background noise, and this can only be overcome by goodemulations of sound segregation. Building a successful separator will require us togain a deep understanding of how sound information is used and represented withinthe brain. This understanding will have many other benefits ranging fromsophisticated compression schemes that transmit only the truly important aspects ofa signal, through to new sound production methods allowing composers to evokenovel and precisely calculated responses from their audiences.1.1THE GOAL OF THIS WORK:A REPRESENTATION FOR SOURCE SEPARATIONSource separation is a process of extracting particular information from a signal, andwould appear to fall firmly into the field of signal processing. However, the kinds ofoperations involved in this and other examples of cognitive information processingturn out to be rather different from the rigorous and uniform techniques we normallyencounter in engineering.There are many components required for a full simulation of auditory signalprocessing, and we list some of them at the end of chapter 2. It was beyond the scopeof the current project to build a complete source separator, but that continues to beour ultimate goal. The first step towards such a goal is to consider the nature of theinternal representations used for processing sound in the brain. The innovation ofthis thesis is the design of a transformation of sound that is a useful model of theserepresentations. It has the following key properties:-¥The sound is analyzed into perceptually atomic elements, i.e. subsets of thesound that we assume will always be perceived as coming from just onesource, and broken up no further during perceptual organization. Eachelement is representing a particular ÔpacketÕ of acoustic energy, and it isregarded as indivisible because this energy has such uniform frequency andamplitude over its duration that the only reasonable hypothesis is that it wasgenerated by a single physical process. In order to satisfy this minimum

Dan Ellis95 Feb 92assumption, many of the elements will be necessarily small compared tocomplete acoustic events, but they are still very large compared to thesamples of the continuous representation of the sound that they describe. Inthis way, forming these elements may be considered a structuring ororganizing of the acoustic information. This move towards a more symbolicrepresentation of a continuous physical property is a common feature ofmodels of perception and cognition [Dove86].¥The transformation must exhibit and encode all perceptually significant cues.This requires it to have fine time resolution, since short time effects such asÔjitterÕ have been shown to be important in distinguishing sources [McAd84].Such qualities should follow automatically from our perceptual modeling; wemention it specifically because it is a weakness of other representations suchas the phase vocoder [Dols86] or the McAulay-Quatieri Sinusoid TransformSystem [McAu86].¥The representation is intended to be invertible to a perceptually equivalentsound. This feature is particularly motivated by our goal of an ideal sourceseparator as described below. It is a motive for homogeneity and againstnonlinearity in the processing stages. It was necessary to balance this motiveagainst our desire for an accurate model of auditory processing, which is farfrom linear.

Dan Ellis105 Feb 921.2A MORE RIGOROUS DEFINITION OF SOURCE SEPARATIONWe can make an initial list of the kinds of information that may be employed whenhuman listeners separate sources:-a)spatial cues (both binaural such as interaural delays, and monaural such aspinna-derived coloration) i.e. perceived physical origin of the sound;b)recognition of a learned sound or pattern - employing specific experience;c)visual cues (e.g. lip reading);d)non-spatial cues to common origin somehow intrinsic to the sound.Of these (d) seems to be less obvious, but as is so often the case with introspectionregarding perception it is possibly the most basic effect. We can imagine a musicalexample to demonstrate that such intrinsic cues do exist: It is easy to generate afragment of sound using computer synthesis which will leave most listeners inconfident agreement over the number of different ÔsourcesÕ or instruments involved -even though the sound was generated solely by the computer with unfamiliar tonequalities and perhaps played through a single speaker. Thus all of the abovestrategies except (d) can be defeated, since there was no spatial distinction betweenthe sources, the different voices did not have a previously-learned quality, and therewas no visual component. Yet by employing sufficiently distinct timbres andorganizing them into well-defined (if overlapped) events, the impression of a specificnumber of instruments is successfully conveyed. It is this problem, the recognitionand tracking of distinct events, that must be solvable through the representationdeveloped in this thesis; as a convenient restriction of the domain, we are only goingto deal with this final class of intrinsic cues.

Dan Ellis115 Feb 92To further clarify the problem, we can sketch a block diagram of auditory sourceseparation:-

EarCochleaBrainSources

SeparatorPerceptsfigure 1.1 - Schematic block diagram of monaural source separationThe points to note about this figure are :-¥There are (just) two separate sources of sound on the left, but they aresuperimposed into a single sound channel before reaching the ear.¥There is only one ear.¥We have drawn the images in the brain (the ÔperceptsÕ of the differentsources) as identical to those sources, but they are only impressions orreduced representations.This last point deserves clarification. The percepts in the brain do not contain all thedetails of the source to which they relate. There are many minor modifications wecould make to a source and have it generate an identical percept. (We can establishthat two percepts are identical by asking listeners if they can tell the differencebetween them). Thus we are not suggesting that the brain or any source separatorcan analyze a mixed sound back into the precise waveforms that were addedtogether; this is mathematically impossible in general. However, the brain does formsome idea of what the individual sources would sound like alone, and it is meaningfulto try and reconstruct a signal out of the mixture which exhibits all the qualitiesattached to the brainÕs partial impression.So this is the paradigm towards which the representation developed in this thesis isdirected: a black box with a single input accepting complex sound mixtures, and a

Dan Ellis125 Feb 92series of outputs each presenting the signal for just one of the input components.Such a realization is many years away, but we have argued that it will eventually bepossible and that we are moving the right way towards it.1.3AN OUTLINE OF THIS THESISThis is chapter one, the Introduction, which presents our basic orientation andintroduces the problems we addressed and why they were of interest.Chapter 2, Background, surveys the theoretical underpinning of this work andother research in the field of source separation. It then considers what will be thenecessary parts of any computerized source separator.Chapter 3, Design overview, introduces the main stages of our transform . Each isconsidered in more detail in the subsequent chapters (4 - Filterbank design, 5-Track formation, 6 -Track resynthesis).Chapter 7, Results and assessment, considers the nature of some analysis andsynthesis by the system, and chapter 8, Comparison with the SinusoidTransform, contrasts it specifically with that system, upon which it is heavily based.Chapters 9, Track domain processing, and 10, Track-based source separationpresent our as yet unimplemented plans for employing the representation.Chapter 11, Conclusions and future work, ties up by summarizing the success ofthe project and highlighting some important outstanding issues for attention.

Dan Ellis135 Feb 922Background2.0INTRODUCTIONIn this chapter we survey the previous results upon which the current work is based.We start with results of investigations into the human auditory system, from lowlevel sensory processing through to recent results in perceptual sound organization.We then consider previous work in separating simultaneous sounds. Finally, weassemble some basic prerequisites for any computational system capable of imitatinghuman source separation.2.1PRIMARY AUDITORY SENSATIONIt is generally accepted that hearing is a process involving many layers ofinformation analysis and processing. One is repeatedly surprised by the differencesbetween perceived qualities of sound, filtered through these layers, and objectivemeasurements of related properties of the sound, revealing how seamlessly ourperceptual machinery presents its own construction of reality as the thing in itself.Despite this large gap between ÔrealÕ and perceived sounds, we can at least chip awayat the very lowest levels in the chain with the tools of dissection, directmeasurements of nerve firings, and perceptual experiments designed to defeat theinterference of the impossibly-complicated higher layers. Several decades ofexperiment are beginning to give us a reliable understanding of the basic informationextracted from a sound and passed to the subsequent stages.This is not the place for a detailed tutorial on the physiology of the ear (see insteadthe section on preprocessing of sound in [Zwic90]) but rather to summarize what areconsidered the significant results. Sound incident upon the two ears is converted intonervous impulses by the hair cells of the cochlea. The hair cells detect motion of thebasilar membrane, which is mechanically organized to distribute the spectral energyof its excitation along its length; thus the firings of a nerve connected to a particularhair cell show a band-pass response to the input signal. The density of firings for aparticular fibre vary with the intensity of the stimulus over a certain range.Inconsistencies in measurements of absolute threshold and frequency selectivitymake a passive, linear model of the cochlea impossible, and it implies the existence ofactive nonlinear feedback mechanisms to improve sensitivity for quiet sounds -- not

Dan Ellis145 Feb 92least because a small proportion of fibres in the auditory nerve are carryinginformation from the brain to the cochlea. Just how much influence higher-levelperceptual processes can have on the properties of the cochlea is open to debate;[Zwic90] presents a feedback model that is local to the lower levels but verysuccessful in explaining several auditory phenomena.Asking subjects when a particular tone becomes audible can give consistent resultswhich we may assume to reflect the ultimate performance of this basic machinery (forinstance, the absolute threshold in quiet across frequency). Similar experiments withcombinations of sounds reveal the important phenomenon of masking, wherestimulation at a certain point of the basilar membrane by a ÔmaskerÕ sound reducesthe sensitivity in that region so that other sounds, audible in the absence of themasker become unnoticeable or ÔmaskedÕ when it is present. This effect extendssomewhat before and after the strict temporal extent of the masker, known astemporal masking as distinct from simultaneous masking. These effects have beenexploited very successfully to hide quantization artefacts in recent audio compressionschemes [Veld89].A curiosity in perception is that the relative phase of sine tones is largelyimperceptible, except where the tones fall into the same critical band, i.e. areperceived as an interfering unit rather than separate partials [Patt87]. None theless, perception of spatial direction is strongly influenced by small phase differencesbetween tones at the same frequency presented to different ears [Blau83], so thisinformation is being represented at some level but not at others.2.2SUBSEQUENT AUDITORY PROCESSINGOnce we start trying to understand auditory function above the basic level, itbecomes much harder to make sense of the results. A recent contribution to this fieldwhich has been a major influence on the current work is BregmanÕs Auditory SceneAnalysis [Breg90]. In this he presents the results of many years of experiments intohow people organize simple auditory sensations into higher level perceptions.Bregman investigates the phenomena of fusion and streaming, and the competitionbetween them. ÔFusionÕ refers to the process of distinct elements of acoustical energy(such as different harmonics) being assembled into a single, often indivisible,auditory sensation (such as a note played on a musical instrument). ÔStreamingÕ isrelated to selective attention; if a series of acoustic events can be concentrated upon

Dan Ellis155 Feb 92amidst other events which are ignored, the events are said to belong to a singlestream. Since this ability varies considerably with intention, it is typicallyinvestigated by generating signals that the subject cannot help but hear as severalstreams i.e. they cannot ÔlistenÕ to the sounds as if they are coming from the samesource. That different streams are irresistibly formed can be confirmed by thesurprising result that it is very hard to make judgements about the relative timing ofevents in different streams.The intention is to build a comprehensive set of the rules and principles that governthe conversion of raw sound stimulus into these percepts of ÔeventÕ and ÔstreamÕ. Themodel is that the sound at the ears is broken down into its Ôbasic elementsÕ, and thensubsets of these elements are ÔrecognizedÕ as some particular event, thereby giving afused percept. In a typical experiment using gated sine tones, each simple tone is abasic element; it turns out that in most cases such an element can only contribute toone percept : once it is fused, it is unavailable for other recognizers.The properties that lead to elements being fused or assembled into a single stream,as described in [Breg90], are:-¥Spatial location i.e. sounds perceived as originating in the same place;¥Common fate i.e. features shared between elements reflecting their commonorigin. This has two main instances: first, common onset and offset, wherecomponents appear and/or disappear at the same time, and second, commonmodulation where different components have synchronized and parallelchanges in frequency or intensity.¥Harmonicity - partials that fall into a pattern as harmonics of some commonfundamental pitch;¥Proximity in pitch and loudness (similarity) between successive elements orevents;¥Conformity to some previously learned sound pattern.These characteristics are related to the ideas of perceptual grouping from Gestaltpsychology, but Bregman nicely justifies them on the basis of what he calls ecology;hearing is not some bizarre and arbitrary sense, but exists simply for theevolutionary advantages it confers. This ensures that within the constraints ofavailable data and processing potential, it will do a good job of building perceptualobjects that closely reflect actual external events, these being the inescapable facts

Dan Ellis165 Feb 92that we need to deal with to survive. Any spurious or error-prone rules of groupingwould make the sense much less useful. But the rules that work depend totally uponthe kinds of stimuli which we have to deal with i.e. the environment that we haveevolved to survive in, so these rules must reflect profound or reliable regularities inthe sounds of the Ôreal worldÕ1.2.3PREVIOUS WORK IN SOURCE SEPARATIONThe problems of crosstalk in telephony and other communication systems, as well asthe apparent tractability of the problem have led to a number of efforts at separatingsimultaneous sounds. Initially, many of these focussed on separating two humanvoices sharing a communication channel, and within that problem set aboutsegregating the harmonic spectra of two superimposed vowels based on theirdifferent fundamental pitches [Pars76]. This is a nicely limited problem, but despitea fair deal of attention has had limited success because it ignores many of the othercues employed by human listeners.This was improved in [Quat90] by using interpolation between unambiguous timeframes to resolve poorly conditioned frames that occurred between them. This reliedon having some sense of the continuity of peaks in time, furnished by their use of theMcAulay-Quatieri Sinusoid Transform System (STS). Clearly the constraint thatseparation of voices must be consistent across time is a powerful aid to success. TheSTS encodes sound as the maxima in its short-time Fourier transform, and formslinks between peaks in adjacent time frames considered to be continuations. As such,it is the basis of the representation developed in this thesis. The STS was also usedin [Mahe89] to separate musical signals in a duet i.e two superimposed signals withreasonable time stability.The orientation of this project is rather more grandiose than the highly constraineddouble-vowel problem. The problem of general-case auditory organization hasreceived less attention, but in the past few years it has been addressed by severalresearchers, mainly inspired by the ideas of Bregman described above. Cooke1There may be a clue to one ÔreasonÕ for music in this realization: our machinery ofauditory organization is ÔtickledÕ by the fact of several instruments making soundswith aligned onsets (i.e. in time) and common harmonics (in tune), violating many ofthe main assumptions for distinguishing sources.

Dan Ellis175 Feb 92[Cook91] is addressing this problem, and cites MarrÕs work [Marr82] in visualperception and organization as a good example to follow. Cooke has built a system tomodel general human auditory organization and implemented several groupingheuristics, but without such a strong emphasis on resynthesis. Although he doesconvert his representations back to sound, it is more as a diagnostic than a seriousattempt to create an equivalent perception. CookeÕs Ôsynchrony strandsÕ bear a starkresemblance to the time-frequency energy tracks of the current work, although theyare derived in a very different manner based on firing-rate synchrony of a complexauditory model [Patt91].Mellinger [Mell91] has also sought to build a computer model of auditoryorganization, focussing on feature detectors and the architectural problems ofcombining their outputs. He has made a careful consideration of the problems ofcombining the information from different cues, as well as in depth consideration ofwhat certain of those cues would be and how they should be used, again inspired byBregman. Mellinger employs the very detailed and accurate auditory modeldeveloped by Lyon [Slan88], which has also been used as a basis for modellingperceptual grouping by comodulation in [Duda90].2.4REQUIREMENTS FOR A FUNCTIONAL SOURCE SEPARATORIn this section we will describe several elements that we consider prerequisites of anysimulation of human auditory source separation on a computer. It is intended thatthis discussion be free of considerations tied to a particular implementation, althoughit would be difficult to claim to be without interest or bias. However, since theproblem is defined in terms of the performance of existing human listeners, wewould expect limited flexibility in possible approaches; it will be difficult to simulatethis skill in much detail (especially in the cases where it is simplifying or mistakingthe actual sound origins) without taking essentially the same approach as our brains.The principles described by Bregman are very appealing in that they seem consistentwith our experiences and they are well supported by experiment. But if we are toemploy them, we must have some method of breaking down input sounds into

Dan Ellis185 Feb 92indivisible elements; the principles are essentially synthetic i.e. they relate to thereassembly of such elements into plausible separate sources2.One important ecological principle is known as Ôold plus newÕ : when the sound signalÔchangesÕ, it is most likely that only one event has occurred i.e. either one source hasstopped, or one has been added. In the latter case, we can ascertain the qualities ofthe added source by forming the difference between what we hear and what weÔexpectedÕ to hear based on the ÔoldÕ sound. This important principle presentsdifficulties in realization since it requires a sophisticated sense of what to expect,well beyond a simple first-order difference along each input channel.Research in both vision and hearing supports the significance of features -- qualitiesof a signal defined over a local region. The general principle seems to be that a widevariety of heterogeneous features is employed in concert to reach conclusions aboutthe signal they reflect. More important than the detection of any particular class offeature is the problem of integrating this wide variety of information to givemeaningful composite results. Much of the robustness of human perception, clearly ahigh priority in evolution, comes from its independence from any one kind ofinformation and flexibility to integrate different cues. Good computational solutionsto this have yet to be developed; at the moment we are typically reduced to projectingeverything onto a single dimension (most often a probability of that set ofobservations under a particular hypothesis) which seems too narrow.Probably the hardest part of any complete source separator will be the simulation ofthe functions served by memory and experience in human listeners. It is not clearhow well we would be able to organize and segregate composite sounds if we did notalready have a good idea of the character of the individual sources based on previousexamples. We can imagine many roles of previous knowledge in hearing. One is theconstruction of special recognizers that are attuned to a particular sound i.e. if thepitch and decay sound like a plucked guitar string, then a recognizer might look forand capture the noisy ÔpluckÕ sound at the beginning which it has learned to expect,2It is possible to imagine the auditory system working in a more analytic way; forinstance, by initially assuming that the whole sound was one source, then graduallyintroducing divisions to remove contradictions. These two approaches, synthetic andanalytic, might be difficult to distinguish by their successful results alone.

Dan Ellis195 Feb 92even though there may be competing streams (based, for instance, on similarity) towhich the pluck could belong.Another function of this kind of knowledge, known as Ôauditory restorationÕ [Hand89],is even harder to include in a machine that seeks to regenerate the soundcomponents as perceived by the human listener. If the guitar pluck noise wasessentially masked by some simultaneous loud event, the auditory system willtypically make its best estimate that the pluck was there even if it was notspecifically identified, and very often the segregated percept will include thisÔassumedÕ sound just as if it had been clearly evident in the sound -- the listener willnot be aware of the illusion. Bregman describes an even more alarming version ofthis effect: Take a simple spoken phrase, replace an easily-inferred phoneme bysilence, play the modified sound to a listener with some kind of noise burst maskingthe deletion; the deleted portion will be perceptually restored, implying thatfeedback from the highest levels of language processing influences perceived sound.So we must conclude that a fully functional source separator needs to solve the rathertough problems of recognition (to make a recognizer for specific sounds) and, indeed,language understanding! This kind of co-dependency is a general problem inmodelling human cognitive processes; as engineers, we like to break up problems intoindependent simplified modules to be solved one at a time. The human informationprocessing function, freed from constraints of conscious design or debugging, hasevolved to be hugely interrelated, obeying no rules of modularity or stratification,making its analysis vastly more demanding.

Dan Ellis205 Feb 923Design Overview3.0INTRODUCTIONThis chapter introduces the analysis-synthesis system, explaining the basic designmotivations and the broad relations of the separate parts. Chapters 4 through 6 thendescribe these parts of the system in more detail.3.1DESIGN MOTIVATIONIn order better to explain the design, it is worth describing some of the majorinfluences. Primarily, this system is modelled after the McAulay-Quatieri SinusoidTransform System (STS), which it closely resembles [McAu86]. But there wereseveral aspects of existing STS implementations inappropriate for the intendedfunction of auditory modelling. Most significantly, the STS employed a fast Fouriertransform (FFT) based frequency transform, resulting in fixed-bandwidth frequencyresolution -- a very significant divergence from the observed behavior of the cochlea.For this reason, we used a bank of bandpass filters with constant Q instead (i.e. afixed ratio of center frequency to bandwidth), with all the attendant implications ofmultirate output signals.1.One specific objection to the consistently narrow bands of the FFT in the STS is thatthey sacrifice fine time resolution, coding it instead in the phases and amplitudes ofmore slowly moving harmonics. Yet evidence of source segregation based on short-term variations in period (jitter) suggests that time-domain features important tosource separation exist on a scale smaller than that observed by the STS, but easilycaptured in the high frequencies of a constant-Q filterbank. This comparison isexpanded in chapter 8.1The uniform bin bandwidth B of an ST model means that each band must besampled every 1/B seconds, so that the data can be stored as parameter points for allactive tracks at each multiple of 1/B. For a variable bandwidth system, the requiredsampling rate for a track will depend on its exact frequency at that moment, and willtherefore be different for each simultaneously active track : the data can no longer beorganized along a common time base.

Dan Ellis215 Feb 92Our system is particularly interested in breaking sound into spectral energyconcentrations with a direct correspondence to perceptual objects, since we areplanning on modifying the sound at the level of these objects; this is not a concern forthe STS. In our system, we would like to be able to resynthesize any single elementof the representation, and have the resynthesis clearly sound like part of only onesound, not the combination of several sounds in the original. At the other extreme,we would also like this single-element-resynthesis to avoid being stripped down so faras to be completely meaningless and denatured, but to be recognizable as a particularcomponent of the input sound. In a system that lacked this property, thecombination of several elements might be required before the nature of the originalsound emerged, as is the case for for high harmonics in a fixed-bandwidth systemwho exhibit properties of the original sound only through mutual interference. Themotivation for breaking up a sound into such perceptually indivisible or atomicelements is of course to create a domain suitable for the application of Bregman-stylerules of sound organization.3.2BLOCK DIAGRAMThe complete system is represented by the diagram below:-Constant-QtransformPeakpickingTrackformingTrackhistoriesTrackcorrelationandsegregationResynthesischannel 1Resynthesischannel 2Input 1Output 1Output 2FrequencybinsPeaksTracksTracksInput 2+AudiochannelAudiochannelsfigure 3.1 - Block diagram of the overall systemThe time waveform of the input sound, here shown as the sum of two sources toemphasize the application to separation, is converted into excitations in differentfrequency bands by the constant-Q transform (described in chapter 4, filterbankdesign). This generates spectral magnitudes at different sampling rates as a result ofthe different bin bandwidths. These are combined into instantaneous spectra, whichare then reduced to their peak values alone, discarding information on the shape ofthe peaks or the valleys in between. Peaks from successive spectra are organizedinto tracks, which collect all the peaks from a contiguous energy concentration in

Dan Ellis225 Feb 92time-frequency. (These functions are described in chapter 5, track formation). Thusthe one dimensional sampled sound is converted via a two-dimensional sampled time-frequency distribution to a set of discrete tracks standing for what are identified asthe most important parts of the sound.The next block, track correlation and segregation, is an example of the kind ofprocessing that could be applied to the sound in the track domain. Chapter 9, trackdomain processing, describes some general ideas for this stage, and chapter 10 dealsspecifically with processing for signal separation. None of these has beenimplemented, but as they are the motivation behind the representation, it isimportant to include their description.The remaining modules show resynthesis of plain sound from the processed tracks.This is accomplished with simple sinusoid oscillators following the magnitude andfrequency of each track. This simple scheme gave very satisfactory results, so moresophisticated inversion was not required. Chapter 6, track resynthesis, describes thisfunction.The nature of the tracks formed and of the resyntheses are presented in chapter 7,results and assessment.

Dan Ellis235 Feb 924Filterbank Design4.0INTRODUCTIONThe conversion of a single-dimensional variable, instantaneous sound pressure, into atwo dimensional distribution of time-frequency energy is a very beneficial strategy onthe part of our perceptual equipment. For while a single neural pathway is limited todetecting variations up to at most a few tens of events per second, the resonant haircells of the ear allow us accurately to characterize sound pressure variations almostone thousand times faster than this. Clearly, the cochlea, by performing this radicaltransformation, must influence very strongly the entire auditory modality; the sameis true for the corresponding module in any computer simulation. The poor matchbetween the ubiquitous Fast Fourier Transform and the mammalian cochlea was oneof the main motivations behind this project.Research has created a wealth of knowledge describing the basic function of thecochlea. These results are obtained by direct experimentation upon and dissection ofcochleas from cadavers, neurological experiments on the auditory nerve of livenonhuman mammals (mainly cats) and psycho-acoustical experiments on humansubjects. This gives us the basic limits of intensity sensitivity and frequencydiscrimination etc. It has proved slightly more difficult to assemble these results intoa single model, since the ear has many nonlinear properties, and indeed may vary itscharacteristics under the control of higher brain functions (via the efferent fibres ofthe auditory nerve). Nonetheless, many computational models have been builtexhibiting good agreement with particular experimental results.The filterbank used -- a uniformly-overlapped, constant-Q array -- was chosen as thebest match to these results that still retains, in some loosely defined sense, linearhomogeneous features. A more accurate model would vary its behaviour across thefrequency axis and incorporate a time-varying nonlinear magnitude response,making inversion much harder. The exponential frequency sampling of a constant-Qfilterbank tallies with our intuitive perception of pitch distance - an octave soundslike the ÔsameÕ pitch distance over a wide range of frequencies. This is an equivalentdefinition of a constant-Q filterbank.

Dan Ellis245 Feb 924.1CHOICES IN FILTERBANK DESIGN - FREQUENCY AXISWe had three choices for the frequency axis : uniform spacing (as returned by theFast Fourier Transform), exponential spacing (a constant-Q or wavelet transform) orperceptually-derived spacing (for instance the Mel or Bark scales, which aresomewhere between the other choices). The principle advantage of uniform spacingis the efficiency of calculation afforded by the FFT; a secondary advantage is thateach filtered subband has the same bandwidth and can thus be sampled at the samerate, leading to a simpler architecture. The disadvantage is that this is significantlydifferent from the transform effected by the ear. The choice of a psychoacoustically-derived scale is, implicitly, the closest we can come to modelling the ear. Since it hasan empirical basis, it has no simply expressible properties and must be calculatedand downsampled explicitly for each subband. The compromise of the constant-Qfilterbank is a good approximation to standard cochlea models (at least between 1kHzand 6kHz) but has a simple mathematical characterization. This simplicity gave usno processing advantage; since we evaluated the filter outputs by direct convolution,a totally arbitrary filterbank (or one based more closely on cochlear responses) wouldhave been almost as easy. Instead, by using a transformation that wasmathematically homogeneous, it was possible to deal with the data in a more uniformfashion. In this question of the frequency axis, it is unlikely that the differencebetween exponential frequency and a ’true’ psychoacoustic scale would have anysubstantial impact on our results.4.2WINDOW SHAPEHaving chosen the basis for spacing our filterbank elements we must choose theshape of each filter in either the time or frequency domain. We then have to choosethe number of filters per octave, but this is largely defined by the filter contour sincewe will be looking for uniform frequency-response crossover between adjacent bands,with the ultimate objective of being able safely to interpolate between our frequencysamples.Filter shape is once more a compromise between psychoacoustic accuracy andsimplicity of implementation and interpretation. One common area of concernrelated to filter shape is sidelobes. In general, a filter with finite time support willhave a main lobe in its frequency response flanked by sidelobes of a certainprominence. Finite time support is unavoidable if the filters are to be implementedby the convenient and flexible method of direct convolution (FIR filters), but even

Dan Ellis255 Feb 92low-magnitude sidelobes are particularly undesirable for an algorithm that issensitive to local maxima in the spectrum, such as the peak picking of the nextchapter. These sidelobes, although presumably reduced in amplitude compared tothe mainlobe, will tend to form parasitic tracks of their own and clutter the trackbased processing. Thus smoothness was more of a priority than the morecommonplace consideration of compact frequency support (narrow mainlobe). In thefigure below, a typical ÔnarrowÕ window shows its many flanking magnitude peaks,whereas the Gauss window shows side peaks only at the noise floor.

-100 -90 -80 -70 -60 -50 -40 -30 -20 -10 0

0 1 2 3 4 5 6 7 8 9 10

frq / kHz mag / dB figure 4.1- Comparison of spectra of 255 point Hamming (solid) and 511 pt truncatedGauss (dotted) windows showing comparison of mainlobe width and sidelobe height.Gauss sidelobes result from quantizing to 16 bits.Having chosen our time support (i.e. the number of points in our convolution kernel),we could have chosen from the Kaiser window family to push our sidelobes down tosome arbitrary noise floor and taken whatever mainlobe width that gave us. Instead,we used a rectangularly-windowed Gaussian envelope - a sub-optimal compromisebetween sidelobes (from the rectangular windowing) and mainlobe, but an easywindow to design and predict. A true, unbounded Gaussian has the attractiveproperty of smoothness in both time and frequency (no sidelobes). The corresponding

Dan Ellis265 Feb 92disadvantage is that it is finitely supported in neither domain. The combination ofGaussian width and FIR length we used gave us the smoothness we desired.The characteristic Q of the filterbank was chosen to approximate observed cochlearresponses. This is a slightly ill-defined situation, since hair cells show a considerablevariation in tuning as a function of level. Also, the earÕs filter responses differsignificantly from our Gauss envelopes, and neither is particularly well characterizedby a conventional measurement of Q using -3 dB bandwidth. Glasberg and MooreÕsequivalent rectangular bandwidths for auditory filters suggest a Q of about 10[Glas90]. As an ad-hoc match between the different filter shapes, we specify ourGauss filters by requiring the bandwidth at the 1/e2 or -17.4 dB points to be one-quarter of the center frequency. This gives a -3 dB bandwidth-based Q of 9.6.The magnitude responses of one octaveÕs worth of filters and the composite impulseresponse for a 6 octave system is shown below. See appendix A for a mathematicaldescription of the filterbank system.

-100

-80

-60

-40

-20

0

0 2 4 6 8 10 12

frq / kHz mag / dB figure 4.2- Magnitude responses of one octave of individual filters (solid) andcomposite impulse response of six octaves (dotted).

Dan Ellis275 Feb 924.3MULTIRATE IMPLICATIONS OF VARYING BANDWIDTH SUBBANDSSince we are dealing with discrete-time systems, sampling rates are always aconsideration. As we mentioned above, a fixed bandwidth filterbank requires thesame sampling rate for each of its output channels for a consistent Nyquist margin :this is typically effected by calculating an entire short-time spectrum, using an FFT,at the period required for the sampled subbands. For the kind of system we aredescribing where each subband has a different bandwidth, each will require adifferent sampling rate for a consistent aliasing margin. Note that the smoothGaussian window approaches zero rather slowly, so we cannot talk about a Nyquistrate that completely avoids aliasing (other than that of the original sampled signal).Instead, we choose a low but acceptable aliasing distortion, and seek to apply itconsistently to each of our subbands.We stated above that the filters we used were designed to have a Q of 4, subject toour particular definition of bandwidth. This would imply a critical sampling rate ofthe center frequency divided by the Q (i.e. the same as the bandwidth, since it is aÔtwo-sidedÕ bandwidth). In practice, the Gauss filters pass considerable energyoutside of this band; to avoid problems of aliasing at this early stage, we doubled thissampling rate for safety to make our sampling rate for a given band half the centerfrequency. As can be seen in figure 4.2, a 4kHz band around the 8kHz-centeredbandpass response (i.e. 6kHz to 10kHz) contains all the mainlobe energy down to the-90 dB noise floor This was very conservative, but furnished useful leeway ininterpolation along time.This requirement for unique sampling rates for each subband complicates theimplementation. Instead, we reach a compromise between consistent sampling andsystem complexity by breaking the subbands into blocks one octave wide (from f0 to2f0), and sample all the subbands in that range at the same rate. (This constrainsour filterbank spacing to provide an exact number of bands in each octave, which isacceptable.) We then have a set of sampling rates where each is exactly double andhalf of its lower and upper neighbors respectively, and each octave block of subbandsis sampled consistently with the others.

Dan Ellis285 Feb 924.4FILTERINGAs mentioned above, the filters were implemented as sine and cosine modulatedtruncated Gaussian windows. The filtering was implemented by direct convolution ofthe filter kernels with a section of signal.4.5RECURSIVE DOWNSAMPLINGAs we have described, the subbands were arranged into octave-wide blocks with aseparate sampling rate for each. The filter kernels for the prototype octave (thehighest) were precalculated and applied as an ensemble against a segment of theinput signal. This segment was then hopped forward to the next appropriate sampletime for that octaveÕs sampling rate, and the next set of coefficients for that octave’ssubbands was calculated.Subsequent (lower) octaves would have required both filter kernels and (since thesubband sampling rate was halved) input signal hops twice as long. But a simpleralternative was to low-pass filter and downsample the original signal by a factor oftwo, then apply the exact same top-octave processing to this new signal. By changingthe sampling rate of the signal, the effective location of the filters moves down exactlyone octave, and the fixed hop-size translates in to the correct, doubled samplingperiod. This process can of course be repeated for as many octaves as desired.4.6STORAGE OF SAMPLESThe fact that data is produced at different rates in different frequency bands presentsdifficulties for storing these results, for instance on disk. Given that we are going towant to reconstruct complete spectra from particular instants, we will need to accessall the subband samples from the different octaves relevant to that instant. Butsince each octave is generating samples at a different rate, we need to index into eachoctave’s sample stream at a different point. We could store each octave in a separatefile, and then keep separate pointers in to each, but if we want to store the data in asingle (linearly-organized) data file, we need a scheme to interleave the blocks fromthe different octaves so that information local to a particular time is storedcontiguously in the data file. Apart from anything else, this means we can performanalysis of arbitrarily long input files in a single pass, with finite buffers for inputand output. The block sequence was derived from the order in which the different

Dan Ellis295 Feb 92sized frames at each octave were completed, given that the initial frames have thecenters of their time supports aligned, as shown in the following diagram:-0,00,10,20,30,40,51,01,11,22,02,13,00,01,00,12,00,21,10,33,00,41,20,50time123OctaveTime supportFrames written to disk0 (highest freq.)figure 4.3 - The ordering of spectral data frames on disk. The upper diagram showshow each octave has a different region of time support. The lower boxes show theframes in order on disk. The order is derived from the order of conclusion of theframes. The pairs of numbers refer to the octave followed by the sequence index.4.7RECOVERY OF A GIVEN SPECTRUMTo find the spectrum at a given instant in the sound, we need to interpolate thesampled streams for each subband. Each octave block has a series of time samples,and the interval between samples depends on the octave. Interpolation to calculate aclose approximation to the exact filter output at a point between two samples isaccomplished with a dynamically-calculated FIR filter applied to the eight nearestvalues; for each octave, these eight values for each bin in the octave can be obtainedby grabbing the eight relevant coefficient frames spread variously over the disk as infingure 4.3. Since a similar situation exists for each octave, but with differentdistributions of frames on disk, accessing the various frames can get complicated andindeed present quite a challenge to the disk controller. Therefore, a single, integratedfunction was implemented that caches the coefficients to reduce the expected diskaccesses. This cover function handles all the interpolations and returns a completespectrum precisely centered at the requested time. This makes using the filterbankoutput files very convenient, although potentially inefficient if the requests do notconform to the expectations of the caching logic.

Dan Ellis305 Feb 925Track Formation5.0INTRODUCTIONThe output from the filterbank described in the last chapter is still a completerepresentation of the sound (albeit across two dimensions, frequency and time); withan appropriate set of inverse filters, we can completely reconstruct our input signal(within the frequency extent of our filterbank, and ignoring any aliasing that mayhave been introduced in downsampling the subbands). But one of our design goalswas to build a representation that was not complete, insofar as certain details of asound have negligible perceptual impact; these irrelevant features should not beencoded.The next stage of processing implements such a perceptually-sufficient, imperfectlyinvertible transformation. The basic assumption is that at some low level the humanauditory system is ’looking for’ sonic elements which are stable in energy andfrequency over some time interval. In our two-dimensional distribution, thiscorresponds to ’ridges’ of locally maximum energy approximately parallel to the timeaxis. If we are correct to assume that such features form the basis of soundperception, then we can record everything we need to about a sound by characterizingthese details alone. This is the approach we implement.5.1RELATION TO AUDITORY PHYSIOLOGYOne recurrent phenomenon in neurology is lateral inhibition, where the output of abank of nerves mapping a perceptual dimension is made more selective by a positivefeedback mechanism : the output of the most strongly stimulated element inhibitsoutputs from its neighbors and thus increases its relative prominence [Sham89]. Wecan imagine this occurring along the frequency axis of the auditory nerve. Theexpected result would be that the presence of a strong spectral peak would make theear less sensitive to sounds of about the same frequency. This is indeed the case, andthis experimental result is the well-known critical-band masking effect [Zwic90].While there is no sufficient, direct model of critical band masking by lateralinhibition (in particular, the effect is not strictly local in frequency), the phenomenoncertainly supports the general principle that if a spectral peak is accurately

Dan Ellis315 Feb 92reconstructed, one need not worry unduly about the adjacent spectral valleys, sincethey will fall under the masking envelope. (Critical band masking has been appliedmore directly to sinusoid models of speech by [Ghit87]).This supports coding instantaneous spectra as simply a collection of peak frequenciesand amplitudes. The second part of tracking is to group successive peaks along timeinto tracks. There is no compelling neurological evidence to support this association,but there is psychoacoustical evidence that two separate time-frequency events willbe perceived as a single sound if they are joined by a frequency glide [Breg90]. Wecan also make an ÔecologicalÕ argument that, barring coincidences, continuity in time-frequency must arise from a common source.5.2PRAGMATIC MOTIVATIONSThe principle gain from this approach is the reduction in complexity. First, by codingthe instantaneous spectra by its peaks alone, we are reducing the raw data. Theexact proportion depends both on the signal and the intrinsic smoothness of thespectrum (arising from the window transform) but must be better than 50% (a peakneeds a valley to separate it from its closest neighbor). Note that this is not strictlyan argument for data compression in terms of raw bits (that possibility has not beenpursued in the current work). Rather, we are simply observing a reduction in thenumber of parameters, regardless of resolution.Secondly, by organizing these frequency peaks into tracks, or contours through time,and stipulating that these contours shall be treated as units through subsequentprocessing, we massively reduce the number of choices that have to be made, forinstance by a source separation algorithm. We can imagine an algorithm that goesthrough every time-frequency sample of a complete representation and allocates allor part to each possible output source. A similar algorithm in the track domain isonly required to make choices once for each track. There are very many fewer tracksthan time-frequency samples, since each track can contain a significant amount ofinformation. This processing advantage arises because we have assumed that eachtrack comes from only a single source.Let us consider the case when a track is formed by an erroneous amalgamation ofsignal energy from two sources. If this track is assigned wholly to one source, therewill have been incorrect energy assigned to that source. If the captured regions aresmall and errors are few, we may be able to get away with it -- the degradation of the

Dan Ellis325 Feb 92reconstructed source may be minimal. But if a long track is formed by mergingdifferent harmonics significant to both sources, the seriousness of the impact of suchan error should make us very careful about how much variation we allow within atrack before ending it and starting afresh, and also perhaps make us provide somemechanism for breaking tracks later on in the processing if several other cuessuggest it.On the whole, we might feel tempted to make our system very conservative in thematter of building long tracks i.e. tracks representing a significant chunk of spectralenergy that is going to be treated as indivisible henceforth. For instance, with anextremely narrow criteria for ending a track i.e. deeming a particular time-frequencyenergy concentration too irregular to be coded as a single object, we might end uprepresenting a component that is really part of a single continuous event as threesequential tracks. It might be easier to successively allocate these three fragments tothe same source than to recognize and segment three sounds that have beenmistakenly amalgamated into a single track. But the disadvantages of unnecessarybreaks in the tracks are significant. Firstly, it makes the subsequent processingmore arduous (since the number of elements to be considered has grown). Secondly,it increases the possibility of error, since there may not be sufficient cues in afragment taken alone to establish its true source; had it remained rightfullyattached, its source might have been obvious. Thirdly, it turns out that the phasecontinuity algorithm used to resynthesize a given sinusoid component fares muchbetter (in terms of artefact-free output sound) with continuous tracks than for thosewith frequent breaks. Phase continuity can only be applied within tracks, and thebreaks may give rise to spurious noise from the uncoordinated offset and onset of thetracks on either side. In short, we have many reasons to be careful to get the trackformation ’right’ to the best of our ability.5.3IMPLICATIONS OF THE UNDERLYING CONSTANT-Q TRANSFORMThe multirate nature of the underlying time-frequency distribution, where eachfrequency has a different critical sampling rate, has a similar effect on thedescription of the tracks. For a track at a fixed frequency, it is necessary to storesamples of the trackÕs frequency and magnitude at the rate determined by thebandwidth of the filter passing that frequency -- i.e. at the sample rate of theunderlying representation. This will of course avoid aliasing the amplitude-modulation information of such a track, since we are essentially copying the output of

Dan Ellis335 Feb 92the fixed-frequency filter onto the magnitude contour of our track. Potential aliasingof the frequency modulation contour is a more worrying problem -- it is notimmediately obvious what the intrinsic bandwidth limitation of the peak frequency ofa ridge will be. However, since a periodicity in the frequency contour will require thesame periodicity in the magnitudes of the bands it crosses, we can argue that thebandwidth of frequency modulation will be limited to the (magnitude modulation)bandwidth of the associated subbands1. Note that for a track that moves infrequency, this means that the sampling rate for that track will vary betweensamples, i.e. it is nonuniformly sampled.The qualitative nature of the tracks that are formed should be distinguished fromthose that would result from a fixed-bandwidth model. Since the filter bandwidthsmay vary by several orders of magnitude across the signal’s spectrum, we see verydifferent kinds of tracks. Consider pitched voice: At the low frequency, we see theslowly moving sustained fundamentals familiar from narrowband analysis. But atthe high end we see pitch-pulse-aligned energy bursts at the formant peaks thatwould appear poorly modelled by sinusoids. (To some extent, this is a question ofscale : when we expand the time dimension sufficiently, we see a picture broadlycomparable to our previous low-frequency tracks). For the tracks modelled on theoutputs of the broad filters, the time sampling is extremely rapid (to capture the fullbandwidth) and a great deal of information is being carried in the amplitudemodulation. This situation is different from similar models (such as the McAulay-Quatieri STS) which try to keep the amplitude contour relatively slow-moving(narrow bandwidth). However, the rapidly modulated tracks of the current modelmust have a correspondence to excitation of the similarly broadly-tuned hair cells inthe cochlea. Later, we may speculate about how this wideband information isbandlimited by the neural channels.1The magnitudes of the subbands must periodically show peaks each time they arecrossed by the frequency contour i.e. each time that band contains the local maximumenergy along the frequency axis. This argument implies that the upper band on theperiodicity of subband magnitude (the subband bandwidth) will also be the upperbound on the period of any frequency modulation. However, to use it as a basis forthe sampling rate ignores the possibility of harmonics higher than the fundamentalin the frequency contour, which has not been precluded. Despite this, theassumption has been successful in practice.

Dan Ellis345 Feb 925.4DETAILS OF THE IMPLEMENTATIONThis section describes the technical detail of how the tracks were grown on theconstant-Q time-frequency transform.5.5PEAK PICKINGPicking peaks from spectral slices is a relatively common problem (see [McAu86],[Serr89]). However, the first obstacle is actually obtaining the spectrum itself, sinceeach frequency band will, in general, have a different set of sampling instants.Fortunately, this is dealt with by the front end to the multirate spectral data filesdescribed in the previous section -- it handles the loading of the relevant data framesand the necessary interpolation between time frames at different octaves.We then have a spectrum, sampled across frequency, of our input sound, centered atsome specific instant. The sample points are exponentially spaced, but since thefilter bandwidths are uniform in such a projection, the spectrum is ÔconsistentlyÕsampled -- plotting the samples on a uniform axis gives a curve that is consistentlyÔwigglyÕ over its full extent. The use of Gaussian filters which fall off relatively slowlymakes choice of sampling always difficult, and we have tended to err on the side ofcaution. Even so, the low Q factors of the filters (typically with center frequency fourtimes the bandwidth measured at the 1/e2 or -17.4 dB points) make 12samples/octave an adequate coverage, so each spectrum is only 72 or 84 points (6 or 7octaves).2The peak finding algorithm looks for a simple local maximum (magnitude larger thantwo neighbors). Although longer windows were tried (i.e. a peak as largest of five orseven local points), the simplest three-point approach gave entirely satisfactoryresults. A parabola is fit to the three points, and the exact frequency and magnitude2The sampling argument here is to consider a spectrum of arbitrarily high resolution(requiring arbitrarily dense sampling for accurate representation) as having beenconvolved with the frequency magnitude envelope of the Gauss filters. (Theseenvelopes will be uniform across frequency on the logarithmic axis of the spectrumunder consideration.) This convolution will limit the frequency content of thefunction representing the spectrum thereby allowing it to be adequately representedby a finite sampling density in frequency. This concept of the frequency content ofthe spectrum H(w) treated as just another function, is reminiscent of cepstra,although it does not involve a logarithm term.

Dan Ellis355 Feb 92of the peak are taken as the maximum of this curve . Note that this is interpolatingalong the frequency axis.

magnitudefrequencyspectral samplesquadratic fit to 3 pointsinterpolated frequency and magnitudefigure 5.1 - Locating a peak by fitting a quadratic to three points, and finding themaximum of the fitted curve.We are also interested in the phase of the spectrum at the peak, since we wish to usephase to guide our resynthesis. This is a little harder to interpolate, since the phasesof our spectral samples have been folded into +/-p (principle values). We make alinear interpolation of the phase between the two nearest samples, but record twophases being the two most likely unwrapping interpretations. This normallyincludes the ’correct’ phase, or as close as we can get to it. The problems of phaseinterpolation and reconstruction are discussed further in the next chapter whichdescribes track resynthesis.5.6TRACK FORMINGThe process described above turns an instantaneous sampled spectrum into a list ofpeaks. The next job is to organize these peaks into tracks -- lists of peaks atsuccessive times which appear to be part of a contiguous time-frequency energyconcentration.The basis of the algorithm is as follows, derived from [McAu86]. At any moment, wehave a list of the tracks which are currently active (specifically, the peak records forthe most recent sample in each track). We then advance our time pointer by one click(discussed below) and fetch a new peak list for this new time. We then go through a

Dan Ellis365 Feb 92matching algorithm that seeks to associate the new peaks with the peaks at the endsof the existing tracks.The matching is achieved by a simple algorithm similar to that used by the ÔdiffÕutility in unix. The ’distance’ between to peaks is calculated simply on the basis oftheir frequency separation, although it might be desirable to introduce a magnitude-matching element as well for certain ambiguous cases. The existing and new peaksare sorted by frequency into two lists, and matches made by simultaneouslydescending both lists and making links between local minima in distance. Whilethere are some situations where this will not generate the maximum number of links,it has proved sufficient.After this matching, we are left with three lists : existing peaks which have beenlinked to new peaks, existing peaks for which no extension was found, and new peaksthat were not allocated to any existing peak. The tracks for which no new peak wasfound are regarded as having finished and are removed from the list of currentlyactive tracks. The new peaks that were unclaimed are seen as the beginnings of newtracks, and are added into the list of current tracks as such. This then completes onetime tick, and after the peak trimming, which we describe below, the process repeats.As described in section 5.3, the sampling interval required for a track is the samplingrate of the bandpass filter lying under the trackÕs instantaneous frequency. This filtersampling rate is chosen as half that frequency, but the particular filter involved, andhence the sampling rate, will vary as the track moves in frequency. The samplinginterval doubles for each octave descended in frequency, giving a factor of 64difference between largest and smallest possible intervals in a six-octave system.But the single tick of the algorithm described so far will add peaks to each track atthe highest possible sampling rate. To avoid unnecessary oversampling of tracksbelow the very highest band, a procedure is employed to remove excess samples : Ifthe time interval between the previous and new peaks is less than the minimumsampling interval for that track at that time, the new peak is deleted, and theprevious tail is left as the basis for the match in the next time frame. The process ofdeletion may repeat for several ticks until enough time has cumulated to warrant anew sample for that track.Having a single time tick for the whole spectrum represents a considerablecomputational inefficiency in the creation of the tracks. Since the tick must be rapid

Dan Ellis375 Feb 92enough to allow complete sampling for the broadest frequency bin, it examines thenarrowest bands much too often. It would be possible to compute the tracks far morerapidly by having several different basic sampling rates for tracks in differentfrequency bands. This process is of course complicated by the fact that each trackhas a different ideal sampling rate, and the gains in execution time were not ofsufficient interest for this to be pursued.freqtimemagfigure 5.2 - Spectra from eight adjacent time clicks with the peaks marked, showinghow tracks are formed by connecting similar peaks in successive frames. Thisdiagram shows peaks for each track in every time frame; in practice, the peaksrecorded for the lower frequency tracks will be many fewer since most will be deletedby the process described above.

Dan Ellis385 Feb 92figure 5.3 - Diagram showing several tracks at different frequencies for a fragment of acomplex sound. Each track has a variable sampling interval depending on itsinstantaneous frequency, although there are no clear instances of variable samplingwithin a track; they are difficult to see on this scale. The sample points are visible assmall ÔxÕs on the tracks, and can be seen to be less frequent at lower frequencies.

Dan Ellis395 Feb 926Track Resynthesis6.0INTRODUCTIONWe have stated that this representation was to be invertible, and that even aftermodification we hoped to be able to work back to sounds that bore some significantperceptual relationship to the original source. A key component in achieving this isthe method of converting a track-domain representation into a sound. This chapterdiscusses the choices available for this inversion, and the algorithm that we used.6.1ITERATIVE INVERSIONWe have described an analysis method for transforming a sound into a time-frequency track representation that is highly nonlinear and deliberately lossy i.e.incapable of perfect inversion. Although we cannot expect to be able to work back tothe exact input sound, it is still meaningful to try and reproduce the sound ’mostlikely’ to have resulted in the representation we see. Further, since the informationlost in our representation was specifically intended to correspond only to inaudiblefeatures, we should be able to invert what remains to a perceptually equivalentsound.Given that there is no single ’correct’ inversion, we must specify what exactly we arelooking for in our inverted signal. The obvious choice is to produce a signal whose re-analysis matches the representation we are inverting. In general, there may bemany signals that meet this requirement, but if our representation is perceptuallyadequate, they will all give the same acoustic impression, so any one is appropriate.One common strategy when trying to work backwards through nonlinear systems isiterative approximation. If it is possible to get a sense of the error between twosignals from the differences in their representations, then an estimate of the invertedsignal can be improved successively until it is arbitrarily close to an optimalinversion. (An optimal inversion is one whose representation matches the target, oris maximally close in the case where the target representation does not correspond toa realizable signal). This is a minimum-assumption system : all that is required is

Dan Ellis405 Feb 92some way of converting an error in the analyzed domain into a modification to thesignal domain. The better this loop is, the faster the convergence.6.2DIRECT INVERSIONHowever, if we are prepared to put stronger interpretations on the elements of arepresentation, we may postulate a closed-form inversion i.e. one completed in asingle pass without going to the computational expense of re-calculating itsrepresentation. In any case, some first guess of this kind is required as a startingpoint for an iterative scheme. The representation we have is a set of time-frequencycontours, so if we make the simplifying assumption that they have beenindependently and accurately measured by our analysis, we could form a resynthesisby superposing sinusoids generated according to each track.This is consistent with what we have claimed for the representation - that it hasidentified regions of time-frequency energy concentration. Certainly by superposingsinusoids, we are putting energy ÔunderÕ each of our contours. The result is only anapproximation because the peak energies do not, in fact, superpose independently -instead, adding two signals together will, in general, shift the energy peaks of bothcomponents. However, if the sinusoids are well separated in frequency compared tothe relevant analysis filter bandwidths, the interaction is slight.These arguments for the near independence of different frequency peaks are implicitin our treatment of the tracks as equivalent to individual time-frequency energyphenomena. To understand better how this independence is violated, consider asignal consisting of two sinusoids. Let us assume that in a particular analysis frame,they are of similar phase (since they are at different frequencies, their relative phaseis constantly changing, and in a later frame they may have precisely opposite phase).In this case, the ’tails’ of the envelopes of the two peaks will tend to bring both peakscloser together in frequency i.e. away from the actual frequency of the underlyingsinusoids. When these tracks are resynthesized at the frequencies measured bypeak-picking, the spectra peaks will again interact, so that peaks picked from thereanalyzed frame of resynthesis will be even closer together. If the original phaseshad been closer to opposite, the effect would be reversed.

Dan Ellis415 Feb 92

0

0.2

0.4

0.6

0.8

1

1.2

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

x x x x

frq mag figure 6.1 - Superimposing two peaks may affect the location of their peak amplitudes,shown by the xÕs above. In this case, the complex peaks are aligned in phase.It should be possible to compensate for these effects by consideration of possibleinteraction between peaks. There are two places where such compensation could beintroduced. We could run our sinewave oscillators at frequencies slightly differentfrom those of the contours so that the uncompensated reanalysis would match. Butthen we would be acknowledging that the track parameters were only approximatelycorrect. If we want the values associated with the tracks to have a precise meaning,it would be better to compensate the frequencies during the analysis, such that anuncompensated resynthesis gives us what we want. This keeps the interpretation ofour new representation simple.There are two more points to be made in this regard. Firstly, we are not primarilyconcerned with a representation that can be simply inverted, but one that genuinelyreflects perceived composition of a sound. If we believed that the kind of interactionthat made our frequency peaks drift actually occurred in audition, we should notmodify the frequencies in analysis, since we might expect that these distortedfrequencies would accurately reflect the tones as perceived : to resynthesize a singletone from a mixture closest to how a listener would expect it to sound alone, weshould use the distorted rather than the true frequency. Such a perceptual effect,where pitch of one tone is systematically modified by a near neighbor, has not been

Dan Ellis425 Feb 92observed, however. In any case, it would be a rapid modulation about the true pitchwhich would be difficult to measure.The second point is that this entire discussion about the fine accuracy of frequencyvalues is in many ways made irrelevant by the use of phase measurements inresynthesis, since the phase values have a very strong influence on the net frequencyof the resynthesized tone, and in most cases serve to correct any ’noise’ in thefrequency estimates, as we shall argue below. Using phase has its own difficulties,discussed in the next section.6.3CONSIDERATIONS OF PHASEUsing the measured phase for reconstruction is a very powerful idea inherited fromthe McAulay-Quatieri Sinusoid Transform. The basic idea is this: given our samplesof frequency and magnitude, how do we interpolate to generate the precise controlparameters at each sample for our resynthesizing oscillator? Linear or ÔsincÕinterpolation is fine for magnitude, but for the frequency we realize that continuity ofphase is crucial (to avoid artefacts) and thus we must integrate our frequencyestimate (phase derivative). Implementing this integration discretely (as a phaseadvance for each sample) is numerically unwise, so we look for a closed-form solutionto calculate the phase at arbitrary points between the two samples. We havefrequency estimates at both ends, which correspond to boundary conditions on theslope of our phase curve. We could just fit a second-order polynomial and accumulatethe arbitrary phase, but since we are dealing with the phase, we can get a moreaccurate resynthesis by storing phase samples during analysis and using them in ourresynthesis, giving start and end values for our phase curve. This removes the needfor an arbitrary phase origin, and gives one more parameter to match, providing acubic function to generate our phase.It turns out that using the measured phase in resynthesis greatly improves quality.Tones tend to be far steadier, and timbre seems less distorted. However, one couldquestion the validity of suddenly invoking this expedient measure to make ourresynthesis better. Everything so far has been perceptually oriented, whereaspsychological experiments repeatedly demonstrate that relative phase of resolvedpartials has only the smallest impact on perceived quality [Patt87]; we have notproposed using phase in any other part of the processing chain, but suddenly we

Dan Ellis435 Feb 92bring it in to ’clean up’ the resynthesis. We have an apparent contradiction betweena very noticeable influence of using phase and its supposed insignificance.The explanation for the beneficial effect of using phase is probably because it has acorrective influence on frequency estimates. Whereas the interpolated frequencyvalue of the spectral peak suffers from several sources of error (such as theappropriateness of the parabolic fit), the phase is likely to be approximately constantin the vicinity of the peak for our zero-phase analysis windows. Thus the measuredphase will not be sensitive to errors in the frequency estimate if it is varying littlewith frequency over that range. Both the frequency and phase measurements arecontributing to the resultant frequency of the sinusoid i.e. the slope of the cubic phasefunction. Although fitting a polynomial constrains the instantaneous frequency atthe sample instants to match the frequency samples, the phase samples define theaverage frequency over the interval (i.e. the exact fractional number of cyclescompleted between the sampling instants), and this longer-term average frequency ismore likely to contribute to the pitch perception.Measured phase is a more stable basis for the frequency also because noise anderrors will not cumulate across frames; by contrast, phase errors derived from noisyfrequency estimates will be integrated and go off on a Ôrandom walkÕ.

-80 -60 -40 -20 0

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 magnitude

freq dB

-10 -5 0 5 10

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 phase

freq rad figure 6.2 - The phase of the Fourier transform is often stable near a magnitude peakwhen a time-symmetric window is used in analysis

Dan Ellis445 Feb 92We have presented some arguments to justify using phase as a more stable basis forthe frequency of our resynthesized contours, we must consider why we have not usedthis estimate throughout. We are not suggesting that this phase is the basis forperceived frequency (although this is related to ÔtimeÕ theories of pitch perception,and the ÔsynchronyÕ measures of [Cook91] and [Sene85]). Perhaps the differences arenot so great as to make this a significant issue in track building or the kinds ofcorrelation needed for source separation. However, we must acknowledge that thisquestion of phase demands more serious consideration than it has received in thisproject.6.4PHASE EXTRACTION/INTERPOLATIONGiven that we are using phase, it is important to remember that phase is not simplyread off from a particular filter, but is, in general, interpolated along the frequencyaxis between spectral samples (which may themselves have been interpolated alongthe time axis, but in less confusing circumstances, so this need not worry us). Thiswould be no more difficult than interpolating magnitude were it not for 2p ambiguity-- phase is only reported modulo 2p (this of course reflects a profound truthconcerning the use of a continually increasing phase value to represent a cyclicfunction). When we have two adjacent samples of a spectrum, and we want tointerpolate a phase value between them, we may choose to add an arbitrary numberof 2p’s to the difference between the two phases before interpolating - which willmake a vast difference to our interpolated value. For instance, if we use linearinterpolation the added-in phase difference will be weighted by the interpolationcoefficient - i.e. it will no longer be a relatively innocuous multiple of 2p.phase nphase n+1one possible phase interpolation for n+0.6alternate phase interpolation for opposite sense of phase wrapping

Df0.6 x Df figure 6.3 - Interpolating between two phase values can be ambiguous

Dan Ellis455 Feb 92As we mentioned above, we do not expect large variation in phase between adjacentfrequency samples around a peak, so normally the phase ’unwrapping’ chooses thesmallest angle between the phase samples to divide. However, when this distanceapproaches p, the unwrapping becomes ambiguous. Even with the (rather generous)frequency-domain sampling we were using, this ambiguity arose frequently enoughto require special attention. If a phase difference was wrapped the Ôwrong wayÕ, therewould be one seriously incorrect phase value in the contour, which would result in asevere local distortion in the waveform, audible as a broadband ÔclickÕ.To deal with this we could have implemented some rogue-suppression algorithm thatonly used a phase sample if it was consistent with other points and the frequencyestimates. This would have problems in the situation where the very first sample ona contour had a rogue phase, since there would be no context against which to rejectit. Instead, we made the assumption that the ambiguities are always at worst theresult of one additional 2p, and record two possible phase interpolations for eachsample, one Ôgoing roundÕ each way. Then on resynthesis, to find the best paththrough these pairs of phase samples, we use dynamic programming and a costmetric based on frequency-derived expected phase increment to find the best set ofphases to use. This always gives clean sounding results, and presumably finds theÔcorrectÕ answer if it is present.

timephasefigure 6.4 - Dynamic programming finds the ÔbestÕ path through pairs of alternatephase samples based on minimizing the deviation from the expected slope (frequency).

Dan Ellis465 Feb 926.5TRACK ONSETS AND OFFSETSOne remaining problem in resynthesis occurs at the beginnings and ends of tracks.Since tracks have a finite extent, there is a first data point corresponding to when aparticular peak was first resolved; when resynthesizing, we could just start oursinusoid at the frequency and amplitude held of that first point. However, in manycases this would cause an audible click, since the track may start at quite a largemagnitude. It is preferable to ÔgrowÕ the new sinusoid from zero over somereasonable time interval. This was implemented linearly ramping the tracks fromzero amplitude at their initial frequency over a fixed number of cycles -- i.e. a timethat varied according to the frequency. Four cycles was used as being of the order ofthe sampling interval used for any subband (since the subband signals had aneffective bandwidth up to a quarter of their center frequencies). Linear ramping wasused rather than the more perceptually ÔnaturalÕ logarithmic curve to avoid having todecide at what fraction of the final amplitude to start the fade (zero is not an option).A typical resulting sinusoid based on a very short track of three sample points isshown below:-figure 6.5 - Comparison between a short tone burst and its resynthesis from a singletrack, showing the phase matching and onset run-in. The resynthesis has added morethan four cycles in front of the sound since the time uncertainty in the filter initiatesthe track marginally ahead of the actual onset.

Dan Ellis475 Feb 927Results and Assessment7.0INTRODUCTIONSo far we have described the analysis and resynthesis of converting between soundand the new representation; we have not looked too closely at how all this translatesinto practice. In this chapter, we consider the performance of the currentmanifestation of this system over a variety of sounds and by various criteria. Weconsider the qualitative nature of the tracks of the representation, and how well thereconstructed sounds match our intentions.7.1NATURE OF THE ANALYSIS OF SOME SOUNDSWhat is the qualitative nature of the tracks which are the output of the processing sofar described? Looking at a graphical representation of the tracks compared to theoriginal sound at least begins to answer this question. In the following sections, ourmain visualization will be via a constant-Q spectrogram (ÔscaleogramÕ) of theanalyzed sound; this is the magnitude output of our filter bank, plotted withfrequency vertical, time horizontal and value as black/white intensity (the dynamicrange covered by black to white is about 60 dB and is logarithmic). The tracksrepresenting the sound are overlaid as time-frequency paths. Although this does notconvey directly the magnitude contour, the magnitude of a particular track is givenby the intensity of the grayscale directly underneath. For each of the spectrograms,the time-domain waveform is shown at the top, on the same time scale.Sine tonesThe first diagram, figure 7.1, shows the analysis of a simple sound file consisting oftwo stable, gated sine tones - first presented separately, then simultaneously. At 200Hz and 2 kHz the sine tones are well separated in frequency, and are thus treatedessentially independently. Looking at the grayscale, we see the expected darkhorizontal bars around 200 Hz between 0.1 and 0.3 seconds, around 2000 Hz between0.4 and 0.6 seconds, and at both places between 0.7 and 0.9 seconds. We also seetracks running down the centers of all these bands; these are the tracks representingthe principle perceptual features of this sound.

Dan Ellis485 Feb 92 figure 7.1 - Analysis of 200 Hz and 2 kHz gated sine tonesfigure 7.2 - Time waveforms of 200 Hz tone before and after processing

Dan Ellis495 Feb 92The next most prominent features of the figure are the large vertical pointed spire-like shapes in the grayscale, aligned with the starts and ends of each tone burst.These are the spectra of the onset/offset transients1 for the tones, which occurbecause the tones were started and stopped abruptly rather than being ramped upand down in amplitude. This abrupt change does indeed cause a broadband transientperceived as a click. But here we run into a weakness of the system, which,fortunately, only tends to arise with artificial signals such as this one.2 Because thespectrum of the click is perfectly smooth, as only a synthetic signal could be, andbecause our tracking algorithm is constrained to represent regions of energy by localpeak values, it cannot reflect the considerable high-frequency energy at 0.1 secondsbecause the spectrum simply has no peaks above 200 Hz at that instant, althoughthere is considerable energy. In any ÔrealÕ sound we would expect natural colorationto introduce several peaks over this energy making it easier to record, but thisexposes a weakness of the peak-picking strategy: it assumes that any peak will besufficiently concentrated so that its slopes are essentially masked. The occasionalsmooth, broad peak violates this assumption. There are strategies to overcome this(breaking up the spectrum before peak-picking) but the problem is not commonenough to warrant their implementation.In fact, the only visible tracks apart from those directly associated with the sine tonesare low-energy artefacts from interference of the skirts, essentially inaudible onresynthesis. Arguably, they should have been suppressed by a simple thresholdmechanism to hide low-energy tracks.The remaining comment to make on this diagram concerns the run-in and run-outregions of the 200 Hz track. The first sine starts at exactly 0.1 seconds, but the trackstarts almost 0.04 seconds before this and curves down to perhaps 20 Hz below itsmain frequency. The anticipation of the track starting arises because the filter bank1 It is useful to try and define transient. In general, the transient response of asystem is the nonrepeating features of the output after a change in input, beforesteady state is regained. Here it is used more broadly to refer to a signal that iscompact in the time domain, and hence distributed in the frequency domain. Timedomain compactness is gauged relative to some characteristic time of a system. Thuswhat would be a transient to the lowest octave of our filterbank might be smooth andsteady when viewed by the faster top octave.2These test signals were generated using Barry VercoeÕs Csound [Verc90].

Dan Ellis505 Feb 92has been made Ôzero phaseÕ - that is, each filter has an impulse response symmetricabout time = 0, and thus each channel can ÔseeÕ a short time into the future. Theslight frequency modulation occurs along with the amplitude build up as the trackfades in (the modulation is from below because the lower filter has a longer inpulseresponse ; since this fade in is less than 8 cycles long, there is no perceptible detuningwhen the track is resynthesized. Instead, the resynthesis sounds very much like theoriginal sine tone, but with the onset and offset transients removed : the tone isnicely tapered at each end. Figure 7.2 shows the time domain waveform of theresynthesized 200 Hz tone.

figure 7.3 - Analysis of pulse train

Dan Ellis515 Feb 92Pulse trainThe next figure, 7.3, shows 0.2 seconds of a 200 Hz bandlimited impulse train formedby adding together 32 cosine-aligned harmonics. This sounds very buzzy and has avery flat spectrum. The constant-Q spectrogram shows how the narrowband, long-time, low-frequency filters resolve individual harmonics, while the faster, high-frequency filters show broad pulses at each impulse. This behavior is reflected in thetracks: the bottom seven harmonics are clearly represented as separate tracks, butabove this we only see track fragments modulated at the pitch cycle. Interestingly,these occur in between the pitch pulses and are of relatively low energy. Thebroadband pitch pulse transients suffer from the same problem as the transientsfrom the sine gating : their synthetic origin makes the spectra completely smooth, sothat the tracking cannot find a single peak at which to sample and record the energyduring the peak. As a consequence, the resynthesis from these tracks sounds verymuch duller than the original - it is as if the original signal had been low-pass filteredat 1.5 kHz. This is apparently in contradiction with the assertion that a constant-Qrepresentation improves short-time resolution, but it is really a separate issuerelating to the shortfalls of spectral peak picking. Again, any real sound of thisnature would almost certainly have some peaks in the high frequency for the peak-picker to work with.The other observation to make about this figure is low frequency energy spreading infrom the edges at the low frequency. This is the Ôedge effectÕ resulting from the filterseffectively seeing silence surrounding the sound we see. The extent of this effect isstrictly limited to within 0.1 seconds of the ends, and it is does not present practicaldifficulties.

Dan Ellis525 Feb 92 figure 7.4 - Analysis of accelerating resonated impulse train figure 7.5 - Detail of resonance tracks showing variation around center of resonance

Dan Ellis535 Feb 92Resonant signalsThe third synthetic test tone shown in figure 7.4 is concerned with showing how thesystem treats a periodic signal with a strong resonant peak in its spectrum that doesnot necessarily lie directly over one of its harmonics (the formant peaks in voicedspeech fall into this category). The signal labelled Òplink4.ircÓ is composed of anaccelerating impulse train that starts at a 30 Hz repetition rate and accelerates to300 Hz over 4.7 seconds. These impulses are then passed through a sharp resonantfilter centered at 2 kHz with a Q of around 10 (measured at the -3 dB points). As theimpulse train varies continuously, the resonance will lie alternately over andbetween the successive harmonics.At the left of the figure, the individual 2 kHz ÔburstsÕ excited by the widely-spaced 30Hz impulses show up as clearly distinct regions of gray in the spectrogram,summarized by a short, rapidly-modulated track centered on the peak energy at 2kHz. These tracks remain distinct for at least the first two seconds, b y which timethe resolution of the figure means we can no longer see gaps between the gray burstsor their overlaid tracks. At the same time, we see low frequency harmonics resolved,initially at 180 Hz and below; at around 2.0 seconds, we see other local maxima inenergy between 600 Hz and 1.5 kHz. As the repetition rate accelerates, thefundamental appears on the graph at 1.25 seconds. (Note that the 50 Hz lower limitof the frequency scale is arbitrarily chosen as eight octaves below the highest filterband, and we could have carried on adding lower octaves as long as we liked). Thisidentification of the lower harmonics is exactly as we expect from the pulse trainabove, but we are really interested in what is happening to the tracks in the vicinityof the resonant peak at 2 kHz. The scale is too compressed to make it clear, butessentially the result is that while the resonance lies far enough above thefundamental to avoid the region of separate harmonic resolution (say 3 or moreoctaves above), the track that is fit to the resonant peak will tend to be pulledtowards the nearest multiple of the fundamental during the pitch pulse, but willrelax back to lie on the true center frequency of the resonance during the rest of thecycle. This means that under these conditions, the track is actually spending asignificant portion of its time conveying information on the formant location ratherthan the location of particular harmonics. Figure 7.5 shows a short portion of thistime-frequency graph zoomed in to show this behavior.

Dan Ellis545 Feb 92 figure 7.6 - Analysis of spoken word, ÒspoilÓ figure 7.7 - Analysis of initial /s/

Dan Ellis555 Feb 92Voiced and unvoiced speechFigure 7.6 shows a portion of speech, the word ÒspoilÓ. The three segments of thissound are clearly visible : initially there is the unvoiced /s/ fricative (0.0 to 0.2seconds), then a period of silence corresponding to the /p/ stop, then the movingformants of the pseudo-periodic voiced section (0.3 seconds onwards).Looking first at the voiced portion, we see that the regions of greatest energy arecovered by tracks picking up the first five or six harmonics of the voice pitch as itfalls between approximately 150 and 100 Hz. Above these harmonics, we see trackswhich are essentially picking out the formants of the vowels, which quite obviouslyare moving independently of the voice pitch. There is a short region of F2 around 1.5kHz from 0.35 to 0.55 seconds. F3 and F4 around 2.8 kHz and 3.5 kHz respectivelyare also quite clear. Naturally, all these formant tracks are heavily modulated at thepitch rate -- most of them show short breaks between pitch pulses. Formants whichfall onto the resolved harmonics do not have their own tracks, of course. We mightexpect less sensitivity to their location, since our auditory model is suggesting theyare only perceived as emphasis on particular partials rather than as a partial-independent peak. This explicit coding of fundamental pitch and formant location inthe track frequencies is encouraging : these are the features that seem to be mostcrucial to speech communication, so we would not be surprised to find themprominently featured in the brainÕs representation of sound at some level.The initial /s/ of this sound is essentially a noise signal, and gives us an opportunityto see how our model deals with this poorly-modelled case. There is a profusion oftracks, mostly of short duration (relative to the timescale of their frequency) showinglittle correlation in onset, offset or frequency modulation. The tracks in the highfrequency appear to become increasingly jagged, but this a result of their faster timescale. Figure 7.7 is a zoomed-in view of just the noise burst, showing that the tracksin noise at different frequencies share many general qualities (modulation depth,density, normalized duration) when displayed on different timescales. This figurehas the timebase expanded by a factor of 4.

Dan Ellis565 Feb 92

figure 7.8 - Analysis of orchestral fragment (shorter high-frequency tracks have beensuppressed for clarity).

figure 7.9 - Analysis of resynthesis of ÒspoilÓ

Dan Ellis575 Feb 92Complex soundThe next figure, 7.8, is of a 6.5 second excerpt from an orchestral piece. The sound iscomposed of many sources, and the spectrum is correspondingly dense andconvoluted. Although it is hard to interpret many of the tracks we see, theresynthesis they generate is in fact a good perceptual match to the original. Informallistening comparisons reveals a slight emphasis of high-frequency noise as the onlynoticeable artefact. The most conspicuous features of the diagram are the the longstable tracks below 2 kHz. Since this is medium-slow tonal music, these arefrequencies important to the particular harmony at that moment. Some of themshow rapid, shallow frequency modulation : this is most likely the result ofinterfering harmonics where several instruments are playing harmonically relatednotes.Looking at a vertical slice through any given instant, there are only a relatively smallnumber of tracks simultaneously active - in the region of three to four per octave, or20 to 30 for the whole spectrum. This sounds like a big data reduction, but of coursethe bandwidth of the modulation information for the high frequency tracks is veryhigh, so the amount of data implied by a single track can be very significant.7.2QUALITY OF RESYNTHESISThe previous section focused on the analysis of sounds into tracks. We now considerthe performance of the inverse procedure -- recreating sounds from sets of tracks. Itis difficult to know how to assess these new soundfiles. In the case where we havenot attempted to modify the sound in the track domain, we can compare the originaland resynthesized sound files. But we have designed the whole system to preserveonly the salient features of sound, and not to bother with any others, so we wouldexpect deviation between input and output.A sensible approach to assessing the resynthesis is to re-analyze the output and see ifthe tracks so formed match the tracks from which the output was constructed. Thisis a good definition of what we were trying to do with the resynthesis, and so is asensible test. But as we discussed in the chapter on resynthesis, the very simplemethod used for resynthesis does not perform outstandingly well in this respect. Wehave tolerated this performance because on listening to these resyntheses, theperceptual match to the original sound is very good, much better than one mightexpect from the differences in analyses. This is consistent with a situation where our

Dan Ellis585 Feb 92representation is still too strict: while the tracks may embody all the informationnecessary to reproduce a perceptually identical sound, they may also contain extraperceptually irrelevant information, and if the differences between the originalanalysis and resynthesis-analysis lie along these excess dimensions, the distortion isof no significance.Figure 7.9 is the reanalysis of the word ÒspoilÓ, generated from the tracks shown infigure 7.6. There is a clear maintenance of the general shape of the sound, althoughmost tracks have been distorted to a greater or lesser extent. Regions of energy thatfailed to attract tracks in the original sound are now completely devoid of energy.There seems to be a tendency for tracks to get longer and join up -- the representationof diffuse energy by a single peak has ÔcoagulatedÕ the energy around the tracks.Informal listening comparisons were conducted. We have mentioned some specificexamples in the previous section on analyses. The principle results are summarizedbelow:-¥In most cases, resynthesis sounds nearly identical to the original signal,excepting the bandlimiting implicit in the filterbank we have used, whichdoes not cover the whole spectrum.¥Speech in particular is extremely well reproduced, even by earlier less refinedversions of the system. This leads us to suspect that some artefacts arebetter hidden in speech than in, say music.¥Some problems were encountered by the addition of a ÔwashyÕ backgroundnoise to music signals. Although these could normally be eliminated bycareful adjustment of track parameters, their cause is not well understood,and may be due to problems with coding of nonperiodic signals.¥Resynthesis of subsets of tracks gave ÔsensibleÕ sounding results (for example,resynthesizing just the F2 and F3 formant tracks of speech retainedintelligibility; extracting just the tracks corresponding to the fundamentals ofnotes in a piece of piano music converted it to a soft hammer glockenspielrendition!). This is encouraging since we have been trying to position thetracks as perceptually significant objects.

Dan Ellis595 Feb 928Comparison with Sinusoid Transform8.0INTRODUCTIONAs we have mentioned before, the current system draws many ideas from theMcAulay-Quatieri Sinusoid Transform System (STS) [McAu86], the principledifferences arising from the use of a constant-Q filter bank front end instead of thefixed-bandwidth FFT of the STS. In this chapter we will examine the qualitativedifferences between these two approaches. Since the STS has a fixed bin width, andhence a uniform time window length, this time window sets an upper limit on thetime resolution available from the STS in certain circumstances. In the constant-Qsine wave model (CQSWM), the time window reduces with increasing frequency, sowe will see that the principle advantage of our new system is in efficient and accurateencoding of rapid transients as distinct objects.8.1THE MCAULAY/QUATIERI SINUSOID TRANSFORMOne way of thinking about the STS is the following: when we look at narrowbandspectrograms of pitched sounds we see what looks like a pattern of near-horizontalstripes (the individually resolved harmonics). Rather than encoding the wholespectrogram as a sampled two-dimensional surface (a conventional time-frequencydecomposition), why not exploit this characterization by simply coding the center andintensity of the stripes at each sampling time? By exploiting continuity along thestripes, good quality resynthesis can be obtained. For sounds that do not have astrong harmonic structure (such as noise) it is not clear how the encoding scheme willwork, but as it turns out the peak extraction algorithm generates a collection of shortsine components that resynthesize to a perceptual equivalent to the original noise.Excellent data reductions for speech have been achieved through this representation.Although this is an argument based mainly upon the visual characteristics of thenarrow band spectrogram, it turns out to have excellent fidelity in the auditoryrealm. We may speculate that this arises from a good match between the strategy ofconcentrating on harmonics as entities and the processing in the human auditorysystem. So far, this discussion strongly resembles similar arguments for theCQSWM. After all, at the bottom of the spectrum the two systems are basically

Dan Ellis605 Feb 92equivalent. It is only in the high frequency where the CQSWM filters become muchbroader that differences become obvious.8.2CODING OF FORMANTS BY THE STS AND THE CQSWMThe STS has had great success with speech signals, but speech provides a goodexample to highlight the differences with the CQSWM. Our experience of voicedspeech tells us that while sustained vocalizing does indeed have a prominentharmonic spectrum, the information in the upper part of the spectrum is carried bythe formants i.e. broad magnitude characteristics of groups of harmonics, rather thanprecise amplitudes of individual harmonics. We also know that formants arise fromexcitation of damped resonant cavities in the vocal tract by the impulse-like glottalwaveform, and when we consider the time-domain waveform of a vowel such as /ah/,we see that the glottal pulse shows up as a very abrupt transient once every pitchcycle followed by damped ringing from the formant resonances. This is exactly whatwe expect according to our all-pole, minimum-phase model of speech production.Now the STS encodes these periodic transients by calculating the strength of each ofthe many harmonics, as calculated from the Fourier transform of a windowed portionof the signal comprising 3 or so pitch cycles. Figure 8.1 illustrates this situation. Inorder to regenerate these time-compact formant transients, the synthesizer mustgenerate each of several harmonics in the correct phase and amplitude relationships.Cancellation over the multiple-cycle window between these harmonics thenregenerates the time-domain characteristics. But note how these features areindirectly coded as the net result of the phases and amplitudes of several tracks. Inparticular, the harmonicsÕ phases, not normally considered perceptually significant,translate into fairly gross signal characteristics on the scale of the pitch period,perhaps 10 milliseconds. It is easier to believe that this ÔphaseÕ information isperceptually important.By contrast, the CQSWM will typically pick up a formant with a correspondinglybroad band-pass filter and encode it as a single track. Rather than having eight orten adjacent harmonics with slowly changing phase and amplitude relationsinterfering to generate the pitch pulse transient, the transient can be recognized andresynthesized as a single, rapidly enveloped burst centered in frequency on theformant peak and in time at the pitch pulse. This representation seems the moreÔdirectÕ of the two equivalent forms when we look at the time domain waveform of avowel with high formants, but we argue that it is preferable primarily because it

Dan Ellis615 Feb 92more closely matches our best understanding of what is happening in the actualauditory system.

timetimetimeampfreqfreqThe original time domain waveform showing periodic excitation of a resonance.The STS codes this as relative strength of several adjacent slowly-changing harmonics.By contrast, the CQSWM codes each burst as a separate, single feature near the formant peak.figure 8.1 - Schematic comparison of treatment of formants8.3COMPARISON OF TIME-DOMAIN WAVEFORMSBy way of an example, we can compare the performance of the two transforms on thesynthetic-resonance signal used to examine the analysis (similar to that shown infigure 7.4). The figures below compare a short section of the time domain signalshowing one of the short 2 kHz transients superimposed on the 300 Hz sine tone. Itis from early in the signal, so the 2 kHz bursts are still well spaced in time, and onlyone is visible. We see that the transient starts very abruptly in the original signal,but in the resynthesis from the CQSWM the attack has been blurred by a couple ofmilliseconds, reflecting the time support of the filter at that frequency. However, thesignal resynthesized from the STS with a 30 ms time window is blurred and delayedalmost beyond recognition, and certainly with enormous perceptual modification.This is because the burst generated just one peak in one frame of the representation,but this includes a time uncertainty of tens of milliseconds. The STS is typically runwith a window of this size to ensure recognizing the harmonicity of pitched sounds inthe normal speech range. We can reduce this window down, as shown in the STS-6ms window figure, with a corresponding improvement in the reconstruction of thetransient. However, at this stage we are on the verge of being unable to detect the300 Hz sinewave as a stable harmonic; if the window becomes smaller, it shows up asa variable DC offset in successive frames with corresponding gross distortion.

Dan Ellis625 Feb 92OriginalSTS(30ms window)STS(6ms window)CQSWMfigure 8.2 - Comparison of transient waveform with STS and CQSWM resynthesisFigures 8.3 and 8.4 show comparisons for two real sounds: a dropped can, and a stoprelease from a voice sample.

Dan Ellis635 Feb 92OriginalSTSCQSWMfigure 8.3 - 100 ms of the sound of a can hitting a hard surface. Original at top. Thenext waveform is the STS resynthesis, showing considerable pre-echo. The CQSWMresynthesis below shows less pre-echo, especially for the high frequencies.OriginalSTSCQSWMfigure 8.4 - A similar comparison for 40 ms around the stop release of ÒspoilÓ. Therelease is a small spike at 0.300s in the original, indicated by an arrow. There is nocorresponding spike visible in the STS, but it reappears in the CQSWM, againindicated. Note also that the CQSWM has worse pre-echo than the STS for the lowfrequency voicing fundamental, since its effective time window (about 160 ms for 100Hz) is longer at these frequencies than the constant 30 ms of the STS.

Dan Ellis645 Feb 929Track Domain Processing9.0INTRODUCTIONThis thesis has described a transformation of digitized sound that we have arguedwill be useful in simulating the kinds of processing performed on sound by humanlisteners. Unfortunately, we have not yet demonstrated any such processing. Thischapter describes our current ideas in this area -- some specific ideas about the kindsof analysis possible under the new system. This will serve to highlight the specificqualities of this domain -- that the sound has been segregated into a finite number ofperceptually atomic elements, and that perceptually relevant and irrelevant featurescan be separated.9.1TRACK SMOOTHINGWe made the point that modelling the sound as tracks essentially threw away muchof the information present in the full waveform by ignoring any specificcharacteristics of the shape of spectral peaks or the valleys between them. However,informal inspection of the track representation for some sounds gives a strongimpression that there is still more information reduction possible. In particular, agreat many sample points are spent on coding the rapidly modulated tracks at thevery top of the spectrum, and yet the amount of information carried by componentsfrom 8kHz to the limit of hearing seems very modest when one compares theexperience of listening to full bandwidth and bandlimited recordings. There aredoubtless many reasons for this reduced salience of the top end; can we exploit any ofthem to further reduce the information in our representation?The auditory perception of relative phase is a fascinating problem that we havetouched upon already; it also has a bearing on this question of the information inrapidly modulated tracks. An early but very telling experiment in this area,[Math47], concluded that phase was perceptible only insofar as it influenced theenvelope of a set of narrowly spaced harmonics. They followed this through with aset of experiments on the perceived roughness of rapidly amplitude-modulatednarrowband carriers, which demonstrated that carrier envelope was a significantfeature, but that our sensitivity to it was rather limited. An interpretation of this

Dan Ellis655 Feb 92might be in terms of neural bandlimiting: amplitude modulation of a narrowbandsignal falling within a single critical band is apparently carried as a single perceptbetween the ear and the brain. The effective bandwidth for this channel is finite, ifwe accept that it is carried on specific, dedicated neurons (a given nerve cell can onlyfire once every few milliseconds). If the allocation of neurons to critical bands isapproximately constant (since their perceptual ÔsizeÕ is equivalent) then we mightexpect there will be some point in the spectrum when the increasing bandwidth of thecritical bands exceeds the capacity of the neural processing assigned to it, and theperception of these higher frequency channels will be undersampled or smoothed.This is a rather speculative and untested hypothesis. However, it is consistent withthe [Math47] observations, and it might be possible to confirm using our currentrepresentation. If these high frequency percepts are bandlimited, perhaps we canapply some kind of smoothing to the higher frequency tracks in our representation,thereby reducing the information needed to represent them. If the smoothing weapply is appropriate, and the data reduction turns out to be inaudible, the hypothesiswill be strongly supported.It remains to decide what Ôappropriate smoothingÕ might be. We are confronted withsimilar issues to those involved in choosing the sampling rate for a track contour. Itis reasonably straightforward to think about the bandwidth of the amplitudemodulation in a given channel, and how it can be smoothed by low-pass filtering. Butfrequency modulation has a rather different manifestation - we would not expect it tobe low-pass filtered, since this would, in general, alter its peak-to-peak excursion.But there is no apparent mechanism to limit the perception of this excursion - thesefrequencies are detected by separate hair cells. Our arguments of limited neuralbandwidth merely suggest that at some later stage the precise pattern of modulationwill not be too closely examined. Thus we might smooth the frequency modulationcontour, but adjust it subsequently to maintain its peak frequency excursion oversome time window.

Dan Ellis665 Feb 92 freqtimeoriginal fm contoursmoothed contourfigure 9.1 - A frequency modulation track that has been smoothed but renormalized tomaintain its peak frequency excursion.9.2NOISE LABELLINGWe have said that the basis of the representation was a perceptual tendency to lookfor and focus upon stable time-frequency elements in sound, and thus we extractthese as our tracks. However, there are many sounds for which this model isinappropriate -- we consider them as ÔnoisyÕ signals, underlining the fact thatperceptually we cannot characterize them with any precision, although they are ifanything a richer class of signal. When a noisy signal, such as a speech sibilant, isanalyzed by our system, the resulting tracks have several distinct characteristics:they tend to be short in duration, and have a high degree of modulation (since thetracks are essentially formed from independent energy concentrations that happen tofall within the thresholds for forming a track). There are many tracks closely spacedover the time and frequency extent of the noise, but they do not exhibit cosynchronyor correlation.These qualities are a problem for our system for several reasons. One strongmotivation for forming tracks is to segregate the acoustic energy into relatively largeregions that can processed as a whole. But with noise signals, we end up with a verylarge number of tracks related to a feature that is comparable in perceptualimportance to a single harmonic in a pitched sound; our processing leverage has beenlost.

Dan Ellis675 Feb 92Another problem arises in resynthesis. We have remarked that our synthesisstrategy is assuming that different spectral peaks are not interacting, but thisbecomes less and less accurate as the peaks get closer together. Although thatobservation was in relation to the measured peak frequency, there is a similardeparture from independence in the magnitude measurements. The effects ofresynthesizing noise represented as a multitude of close, short-duration tracksinclude amplifying the noise feature (since the magnitudes have been overestimated)and a proliferation of any artefacts associated with the onset and offset ofresynthesized partials.The solution to these problems is to recognize such noise features and give themspecial treatment. This is strongly reminiscent of Xavier SerraÕs Òstochastic plusdeterministicÓ analysis [Serr89]. He picked out the well-resolved harmonics in anarrowband Fourier analysis of sounds, zeroed-out these portions of the spectrum,then modelled the residual sound with a low-dimensional broadbandparameterization. On resynthesis, this general residual spectrum for which no clearharmonic peaks had been found was used as a modulating envelope for white noise,with extremely good perceptual fidelity.Our time-frequency distributions are very different from SerraÕs, but the general ideaof sectioning off the noise regions and describing them with just a few parameters ismost appropriate. By building a feature detection layer that looked for sets of tracksexhibiting the characteristics of noisy regions we described above, and thensummarizing them all into some kind of monolithic noise feature, we could regain ourprocessing and data reduction advantages without sacrificing perceptual quality.There is one catch to regions labelled as noise: since the definition has become morevague, it becomes very difficult to separate overlapping noise regions - a labellingscheme will tend to merge them. In recognition of this tendency, we should givesubsequent stages of organization a preparedness to break up noise regions to extractsubregions, where this is consistent with other cues. Naturally, the rules for thiskind of analysis would need careful investigation and formulation.

Dan Ellis685 Feb 929.3PERFORMANCE EXTRACTIONThere are a number of potential applications of our structured and part-interpretedrepresentation of sound. We have developed the representation with a view toresynthesis of actual sound, but even without building a complete source separator,there is some information that could be very usefully derived.By performance extraction we refer to recovery of some kind of constrained controlstream from an audio recording. For instance, from a recording of piano music onemight be able to use matched filters to reconstruct the sequence of key strike events.This would be very useful information, but it would not be a perceptually completedescription of the sound; for that, we would need additional information such as theprecise dynamics, the tone of the piano, and the ambience of the recording. Also, thelimited domain of the output would be unable to describe anything on the recordingthat differed from its intended material - for instance, a fragment of voice. In thislimitation, performance extraction can be viewed as a subset or cut-down version ofcomplete perceptual parsing of audio which source separation approaches moreclosely (although the problems are different).The nature of the tracked representation is clearly suitable for pitch-timetranscriptions of tonal music. When the number of voices is small and the pitchfundamental is strong, the notes of the melody often have a direct correspondence tothe tracks representing those fundamentals, so the transcription is a relativelysimple matter of recognizing these tracks as such (perhaps by constraints offrequency and magnitude, with some mechanism for suppressing low harmonics), andrecording their start times and modal frequency1.1This makes melodic extraction sound too easy. One of the frustrating things abouttonal music from the point of view of audio analysis is that simultaneous notes veryfrequently are arranged to have many coincident harmonics - the worst possiblearrangement for algorithms wishing to pretend that Fourier magnitudes superpose.

Dan Ellis695 Feb 92There are other useful applications of this kind. It should be easier to build a featuredetector on the track representation than on the raw spectrogram, since the salientfeatures have been isolated, and there is less data to search. Thus detection ofcomplex audio events (such as percussion pattern extraction) should also be madeeasier.

Dan Ellis705 Feb 9210Track-Based Source Separation10.0INTRODUCTIONThe previous chapter described some potential developments and applications of thetrack-based system. However, the main design objective was a system useful forsource separation. Although we have discussed the general strategy of simulatingthis ability on a computer, we will now describe in more detail how we expect this tobe accomplished using the track-based representation.10.1BASIC SOURCE SEPARATION STRATEGYBefore talking about how source separation cues are applied to the trackrepresentation, it is necessary to set out the overall strategy for regenerating theseparate sources from the original sound. We have striven to form tracks so thateach track represents an indivisible portion of sound energy that can only have comefrom a single source. The problem of source separation is then reduced to sortingthese tracks into non-overlapping sets, where all the tracks from a given source endup alone in their own set. We do this by establishing weighted links between tracksand groups of tracks by application of the various cue heuristics described below, andthen applying a clustering algorithm to the resulting network to maximize theaverage within-cluster links and minimize between-cluster links. This algorithm willtherefore partition the set of all tracks into as many sources as are required sensiblyto represent the sound it is given. The clustering method has not been devised, butwill be some kind of iterative approximation like the k-means algorithm.10.2CUES TO SOURCE SEPARATIONWe have previously surveyed the results of psychoacoustic experiments to determinethe cues necessary for source separation. Some of these rely explicitly on memory ofwhat particular things sound like, but this kind of knowledge is outside the scope ofthe current separator design. Of the remaining cues, the following sections describehow they could be exploited in the track-based representation.

Dan Ellis715 Feb 9210.3COMMON ONSETThis is probably the most important cue we are dealing with. Where harmonics areresolved as single tracks, it is easy to imagine sorting these tracks by start time andestablishing links between those whose creation occurs within some local timewindow. The variable time resolution across bands means that this window of errorneeds to be variable across the spectrum, but that should not be a difficulty.10.4HARMONICITYHarmonic relations between resolved partials is generally accepted as a veryimportant cue to fusion. This information is readily extracted from the tracks; eachresolved harmonic track could trigger a search for overtones located at integermultiples of its own frequency, and form links to any it finds. This would not directlylink the second and third harmonic of a given pitch, although their linkage would beestablished if the fundamental if it were present, since they would both be linked toit. Of course, there is a well-known result in psychoacoustics that the common periodof a sound is correctly identified even when the energy of the fundamental iscompletely removed or masked. This could be simulated by the computationally moreexpensive, but physiologically equally plausible strategy of searching the entirefrequency space for sets of tracks falling into a harmonic pattern to a greater orlesser extent . Then the fact of a particular harmonic missing - fundamental orotherwise - would weaken the score of the match, but could easily be compensated bythe presence of other harmonics.10.5PROXIMITYThe concept of proximity is that events that occur in a similar time-frequency localemay be related. In this case, a track starting shortly after the death of a predecessorat about the same frequency may well be the ÔreappearanceÕ of the same phenomenon.Looking at examples of the tracked representation of sounds such as voice shows thatwhile the low frequency harmonics may be adequately linked by their commononsets, the higher-frequency energy is typically modulated onto separate tracks foreach pitch pulse. Common onset would only group the first of these with the longer-duration harmonics without some mechanism to connect the successive pitch-pulse-tracks to the first. Proximity will serve this role; one appealing solution might be togo through looking for such ÔtrainsÕ of short duration tracks, and use proximity to

Dan Ellis725 Feb 92associate them into a meta-track, a group of tracks that can behave as a single trackfor certain purposes, which could be linked as a whole to the lower, stable harmonicsby common onset.Another application of proximity and meta-tracks would be to correct small gaps inotherwise stable tracks, perhaps caused by interfering transients, by groupingtogether the tracks before and after the break.10.6COMMON MODULATIONWhere spectral energy arises from a frequency-modulated periodic source, themodulation acts as a very powerful cue to the fusion of the relevant components.This is irresistibly demonstrated by the release from fusion of tones with interleavedharmonics as modulation of a few percent is introduced to one [McAd84]. Simulatingthis effect in the track domain was one of the design criteria - a more narrowbandsystem might Ôsmear outÕ the necessary information - but still presents someproblems.For low frequency, resolved harmonics, common modulation is apparent assimultaneous, correlated disturbances on the frequency or magnitude contours. Thiscan be detected by evaluating pairwise similarity between candidate tracks, althoughthis seems expensive. A more efficient (and plausible) solution might be to to havesome modulation feature detector run over the tracks and flag moments ofmodulation perhaps above some threshold. The instants of these reasonably sparseevents can then be matched between tracks. This is a version of the primitive FM-detectors described in [Verc88] and [Mont89].For the pitch-cycle-modulated higher frequency tracks, there is no explicit frequencyattribute (it might be implicit in the temporal spacing of tracks in the meta-track towhich they might belong). However, the kinds of period-to-period fluctuations we areprimarily interested in detecting should be particularly obvious for these tracks sinceit will be manifested as systematic displacement from the expected pitch-pulse-timeof all the formant peaks derived from a particular source. Thus, our common-onsetmachinery should do this job, of linking high-frequency peaks by their short-termfrequency variations.

Dan Ellis735 Feb 92Common amplitude modulation is also important, and should be amenable to thesame approaches of modulation-feature-detectors and simple common onsetrecognition.

These tracks are linked by their common onset timeThese tracks all form a meta-track by virtue of their proximity in time & frequencyThese tracks are linked by their common frequency modulationThe upper tracks are linked to the fundamental by inheritance down the meta-trackfrequencytimefigure 10.1 - Simplified diagram showing how tracks might be grouped by variousheuristics10.7SPATIALIZATIONWhere binaural localization information is available, this has a profound influence onsegregation. I have deliberately excluded it from my model by using but a singlechannel of sound. However, a two-channel binaural system could be extended tospatial cues by some kind of cross-correlation between tracks at the same time andfrequency in the two ears. This would then generate location estimates for eachÔstereo trackÕ (as often as tracks from each ear could be linked), and proximity ofperceived location could add another set of common-source links.10.8CONCLUSIONSOne function mentioned in chapter 2 that we have not addressed here is that servedby memory - both in guiding separation to expected components, and in ÔinventingÕcomponents that are most likely to be present, but are not explicitly detected throughprocesses of masking. These functions are very important but very difficult inpractice. The result of their absence is that in areas of interfering or masked energy,there tend to be audible ÔholesÕ in the reconstructed spectra -- when separated fromits original companion signal, regions that were previously masked become starkly

Dan Ellis745 Feb 92audible and conspicuously silent. This shortcoming must be addressed somehow, butwe shall not speculate further here.We have explained how the known significant cues to source separation could bedetected from the track representation. Most of these methods can be implementedas simple operations or low-order searches, as was intended for this transformation.Although the prognosis is good, it must be recognized that the systems described arefar from being implemented, and there is a big gap between something that soundspromising and something that actually works.

Dan Ellis755 Feb 9211Conclusions and future work11.0INTRODUCTIONWe have described our new representation based on auditory processing of sound.This representation has been motivated by the idea of finding a domain for signalprocessing functions similar to those performed by human listeners, in particular theseparation of sounds from different sources. Such processing has not yet beenimplemented, but we have discussed in depth how this would proceed.A key feature of the representation was that it should break the sound into elementsthat could be inverted, as a whole or in subsets, back to sounds with a clearperceptual relationship to the original sound. In particular, that the inversion of anunmodified representation should be perceptually equivalent to the original sound(Òsound the sameÓ). This has been essentially achieved : despite considerableinformation loss through the chain of processing, the resyntheses are in many casesindistinguishable from the originals (at least in informal listening tests), suggestingthat there is a good match between the characteristics stored in the representationand those relevant to a soundÕs perceptual quality.11.1UNRESOLVED ISSUES FOR FUTURE EXAMINATIONAs noted in the introduction, this is simply the first stage of a longer project.Chapters 9 and 10 have already described at length some of the next stages ofdevelopment for the tracked representation of sound. However, there are also someother issues that need further examination.There are several obvious weaknesses to our claim to be using a model of perceptualprocessing. Firstly, the filterbank bears only a schematic relationship to the cochlea:we have not used a Bark frequency scale, nor have we sought to match theasymmetric frequency responses observed for individual fibres. The mechanisms ofautomatic gain control have been omitted, and there is no explicit or accuratemodelling of critical band masking. To all these, we can only make defence that wefelt they were not utterly critical to the phenomena we were seeking to discover, thatwe made our model only as close as we thought necessary to reproduce the important

Dan Ellis765 Feb 92effects. [Marr82] talks about the issue of robustness in relation to implementationsof (visual) perceptual mechanisms. Our belief was that we should be implementingmechanisms sufficiently robust to perform in a recognizable way even under theseapproximate conditions.There have been passing references to data reduction. Since we are seeking torepresent only salient features and discard irrelevant ones, we should be able toachieve some storage gain. In practice, data reduction requires very careful attentionto resolution of all parameters, as well as a happily compact bandwidth of sampledstreams. The more complex oneÕs processing chain, the more exotic and unexpectedthe manifestation of quantization and aliasing distortion. Since this analysis isarduous, we have not pursued this route for this work; we have erred far on the sideof caution in both resolution and sampling rates, showing huge increases in storagerequirements compared to raw digital sound! None the less, there are compellingreasons to expect a gain in this area worthy of investigation.Although we have used phase measurements to improve our resynthesis, the data isotherwise ignored. Given its importance in this final stage, it would be moreconsistent to use it throughout, and indeed to establish more systematically why it isuseful. This would appear to tie-in with the use of ÔsynchronyÕ measures by [Cook91]and [Ghit87].One matter we were frustrated to lack the time to address was the principle of Ôoldplus newÕ introduced in chapter 2. In theory, the ear could improve its bottom linesensitivity by Ôsubtracting outÕ expected spectral components from what was actuallyheard, to make low-energy components more prominent. The consistency of critical-band masking phenomena argue against this happening at a particularly low level,but we have been very tempted to employ some kind of Ôexpected spectrum feedbackÕbased on current tracks to improve the discrimination on the output of the filterbank.If successful, this could give rise to an equivalent tracked representation (amenableto the same resynthesis method) but with much less interaction between the tracks,and much better scope for separation.Overall there are many questions raised by this initial foray into perceptual signalprocessing. However, the time is ripe for modelling of human functions at this level,and we look forward with great excitement to the resolution of these issues in thenear-to-medium future.

Dan Ellis775 Feb 92Appendix AFilterbank AnalysisINTRODUCTIONIn this appendix we describe the filterbank mathematically and derive its overallfrequency response to demonstrate that it is essentially flat over its pass band.THE INDIVIDUAL FILTERSAs we said in chapter 4, each bandpass filter in the bank is derived from atruncated Gaussian prototype. The filterbank is a constant-Q or wavelet array, sothe different bands are generated by dilating the prototype. The prototype wasdesigned to have a bandwidth of one quarter its center frequency at its -17.4 dBpoints (1/e2). Thus our prototype filter, centered at w0 and defined in the frequencydomain,is:-Hw0w = exp-k22w-w0w02where k controls the width of the Gaussian envelope at w0. To achieve our desiredbandwidth, we want the response to be reduced to 1/e2 one-eighth of the centerfrequency each side of the peak, i.e.:-Hw078w0 = Hw098w0 = 1e2Hw0w0so1e2 exp0 = exp-k22182thus,k=16Now, the Fourier transform of a Gaussian is:-ht = exp-t22 Û Hw = exp-w22so impulse response of each filter is given by:-hw0t = exp-w02t22k2 + jw0t

Dan Ellis785 Feb 92This frequency response is shown below for w0= 0.64, 0.8 and 1.0:-

and the corresponding impulse response for w0=1:-

We use a 256 point truncated FIR implementation of this time response, and thelowest frequency filter, which has the least compact time response, is at fsamp/8 i.e.8 samples per cycle of the carrier. 256 points allows for 16 cycles each side of t = 0,taking us to t = 16x2p or approximately 100 on the diagram above, by which time theamplitude of the impulse response has fallen to below the noise floor intrinsic to the16 bit sample values of our system.

Dan Ellis795 Feb 92COMPOSITE RESPONSEWe have stated that the individual filters in the bank are formed by dilating aprototype. If we define our lowest filter at frequency wL by the prototype,HPw=HwLw, then the nth filter in the bank will have a frequency response:-Hnw = An×HPwanwhere An is a weight applied to each filter, yet to be determined, and an is thedilation factor i.e. the factor by which the center frequency of this filter is increasedbeyond wL. Since we have chosen to space our filters exponentially, and therebyobtain uniform overlap between adjacent bands, we must make an = rn, where r isthe ratio of center frequencies between adjacent bins. In our system of 12 bins peroctave, r = 212 » 1.06.We are interested in the character of the overall frequency response of our bank ofN filters, which we obtain by summing the individual responses, i.e:-HTw = Hnwån=0N-1 = A n×H Pwrnån=0N-1We can understand this equation with the help of the following diagram:-

The curve represents HP(w), and the lines on top represent terms of the summationfor HT , evaluated at a particular frequency value wx. (in the diagram, wL is 0.5and wx is 1.0). The rightmost vertical line shows where the term for n = 0,A 0×H Pwxr0, is sampled -- HP(w) is very close to zero here, so this term does not

Dan Ellis805 Feb 92contribute significantly. It is only the samples that fall over the raised part of thecurve that contribute to the overall sum.The vertical lines occur at w=wx/rn for n = 0 to N-1, the values in the summation.Starting from the right, each line divides the space remaining between itspredecessor and the origin by a factor of 1/r i.e. by a constant ratio. Now, ignoringthe upper limit on N, the pattern would look the same for larger frequencies wy aslong as one of the lines fell upon one of the lines in our picture, i.e. wx =wy/rn ,since all the remaining lines must fall into the same pattern. Thus if we use aconstant weighting, say An=1, then our system will have uniform gain at a set offrequencies wx , rwx , r2wx etc, which is on the way to becoming the flat frequencyresponse we are seeking.In between these points of equal response, the sampling pattern will be slightlydifferent, which will result in ripple in our frequency response. This can be keptsmall by making the spacing between the sampling points small relative to the rateof change of the underlying curve so that the value does not change much betweenadjacent samples, which is equivalent to having a closely spaced or highlyoverlapped filterbank.The remaining question is what happens at the limits of the frequency response.The lower limit occurs when wx begins to approach wL , the center frequency of theprototype from above. As HP(wx) begins to differ significantly from 0, the terms inthe summation giving the total response start dropping out and the gain falls,eventually to zero.At the high frequency, we are constrained by the size of our filterbank, i.e. the upperlimit N on our summation. The furthest left sampling point has a frequencywx/rN-1 ; when this begins to approach wL from below, we again start to lose termsfrom our summation, and the gain again falls to zero.

Dan Ellis815 Feb 92The overall response of a 10 element filterbank using our prototype Gaussian with aspacing of r = 1.18 is shown below. The relatively coarse spacing makes the ripplerather severe. We can also see the asymmetric slopes at high and low limits.

Note that uniform filter weights are used for convenience. Careful selection offilter weights can improve the flatness at the band edges, as the above diagramsuggests. For more details on such weightings, see [Musi83].The next diagram shows the expected response of one octave of the same filters at thespacing actually used (r = 1.06). The ripple is no longer visible. This should becompared with figure 4.2 which shows the actual impulse response of our filterbankimplementation on a logarithmic magnitude scale.

Dan Ellis825 Feb 92Appendix BPeak Picking AnalysisINTRODUCTIONThis appendix is intended to provide a little more rigor to our assertion that theresult of picking peaks from among the broad filters of the constant-Q filterbank isable to track the actual frequency of resonances such as speech formants, ratherthan just the harmonic closest to the resonance.RINGING OF RESONANCESPerhaps the quickest argument to support this is to look at the time domainwaveform of a simple resonance excited by an impulse train with a repetition ratelonger than the time it takes the ringing of the resonance to die away. Figure B.1shows a 1 kHz resonance with a Q of 10 being excited by a 95 Hz impulse train.

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04

time / s amp figure B.1 - a 1 kHz resonance excited by a 95 Hz impulse train shows clear 1 kHzringing even though there is no harmonic of the excitation at that frequency.Although the nearest harmonics of the impulse train are at 950 Hz and 1045 Hz, it isclear that the ringing occurs with an exact 1 ms period since it is essentially a copyof the impulse response of the resonance. Thus a filter with a time window short

Dan Ellis835 Feb 92enough to only extend across the ringing from one pulse at a time will reportmaximum energy for the filter with peak gain at 1 kHz, at least in-between theimpulse instants. The interpolation along frequency to find spectral peaks isessentially simulating an infinite bank of bandpass filters spanning everypossible center frequency; a peak in our smoothed spectrum indicates that one ofour bandpass filters centered on that frequency would have a larger output than itsimmediate neighbors.SUMS OF HARMONICSA more mathematical investigation of grouped harmonics follows. Consider theposition illustrated in figure B.2:-frequencymagnitude

(n+1)f0

n.f0(n+2)f0

(n+3)f01234figure B.2 - four harmonics shaped by a resonant filter whose peak lies betweenharmonics (at (2n+3)f0/2 )What we have is four harmonics of a fundamental of frequency f0; our harmonicsrange in frequency from nf0 to (n+3)f0. The harmonics are relatively weighted 1,3, 3, 1 as shown (these numbers are chosen carefully, but we will generalize slightlybelow). This could have resulted from a locally flat spectrum (as if from animpulse train) passing through some kind of resonance. By symmetry, we see thatthe peak of such a resonance appears to lie midway between the two strongestharmonics, and in any case not directly over any harmonic.

Dan Ellis845 Feb 92If we consider the time-domain waveform of the signal drawn, assuming sinephase alignment, we have:-

x(t) = sin(nωt)+3sin((n +1)ωt)+3sin((n +2)ωt)+sin((n +3)ωt)(1)(where w = 2pf0). We can rearrange this as (for reasons that will become clear:-

x(t) =

sin(nωt)+sin((n +1)ωt ( )

+ sin((n +1)ωt)+sin((n +2)ωt ( )

+ sin((n +1)ωt)+sin((n +2)ωt ( )

+ sin((n +2)ωt)+sin((n +3)ωt ( )(2)Νοω, ωε ρεχαλλ τηε τριγ ιδεντιτψ:−

sinA+sinB= 2sin A+ B2 cos A− B2 σο

sin(nωt)+sin((n +1)ωt) = 2sin 2n +12 ωt cos ωt2 (3)Ωε χαν αππλψ τηισ το εαχη παιρ ιν (2) το γετ:−

x(t) = 2cos ωt2 sin 2n +12 ωt +sin 2n +32 ωt +sin 2n +32 ωt +sin 2n +52 ωt (4)Ωε χαν ϕυρτηερ αππλψ (3) το εαχη ροω ινσιδε τηε βραχε οϕ (4), ανδ τηεν αγαιν το τηερεσυλτινγ τωο τερμσ το γετ:−

x(t) = 8cos3 ωt2 sin 2n +32 ωt (5)Ωε χαν χονσιδερ τηισ ασ α σινυσοιδ ατ τηε χεντερ ϕρεθυενχψ οϕ τηε ρεσονανχε(2ν+3)ϕ0/2 αμπλιτυδε μοδυλατεδ βψ τηε χαρριερ χοσ3(ωτ/2). Σινχε ωε ασσυμενω>>ω/2, τηε χαρριερ ανδ μοδυλατιον ωιλλ βε ρελατιϖελψ ινδεπενδεντ. Βελοω ωε σεετηε χασε ϕορ ν = 8:− Δαν Ελλισ855 Φεβ 92 -10-505100 5 10 15 20 25 wt / radsϕιγ Β.3 − τηε ωειγητεδ συμ οϕ ηαρμονιχσ 8 τηρουγη 11 (σολιδ) ωιτη τηε χοσ3μοδυλατιον ενϖελοπε (δοττεδ).Α σηορτ−ωινδοωεδ βανδπασσ ϕιλτερ πασσεδ οϖερ τηισ σιγναλ ωιλλ σηοω μαξιμυμουτπυτ ιϕ ιτ ισ τυνεδ το τηε χαρριερ ϕρεθυενχψ, (2ν+3)ϕ0/2, σο τηισ ισ ωηερε τηε τραχκωιλλ βε λοχατεδ. Αλσο νοτιχε τηατ τηε χαρριερ αμπλιτυδε ϕαλλσ το ζερο ονχε εϖερψ χψχλεοϕ ϕ0 (τωιχε εαχη χψχλε οϕ ω/2), σο ωε ωουλδ εξπεχτ τηε πιτχη−χψχλε μοδυλατεδ τραινσ οϕτραχκσ ωε ηαϖε δεσχριβεδ βεϕορε.Τηισ κινδ οϕ σιμπλιϕιχατιον ωιλλ ωορκ ϕορ συμσ οϕ σινεσ ωιτη ωειγητινγσ δραωνϕρομ Πασχαλ∏σ τριανγλε (ωηιχη αππροαχηεσ α Γαυσσιαν σινχε ιτ ισ τηε ρεπεατεδχονϖολυτιον οϕ α τωο−ελεμεντ πυλσε). Ιϕ τηε αμπλιτυδεσ οϕ τηε ηαρμονιχσ δο νοτ ϕαλλιντο τηισ παττερν, ωε χαν μοδελ τηεμ ασ συχη α παττερν πλυσ εξχεσσ τερμσ ϕρομ τηεδιϕϕερενχε βετωεεν τηε μοδελεδ ανδ αχτυαλ μαγνιτυδεσ. Ιϕ τηε πηασεσ ρεσυλτ ιν αμοδυλατιον παττερν λικε τηε ονε αβοϖε, ωε μιγητ σεε τηε χαρριερ πιχκινγ υπ τηε τραχκωηεν ιτσ αμπλιτυδε ωασ στρονγ, βυτ τηε τραχκ μιγρατινγ το ονε οϕ τηε εξχεσσ ρεσιδυαλτερμσ ωηεν τηε μοδυλατιον ενϖελοπε μαδε τηε χαρριερ ωεακ. Τηισ μιγητ ρεσυλτ ιντηε κινδ οϕ περιοδιχ μοδυλατιον βετωεεν ρεσονανχε πεακ ανδ νεαρεστ ηαρμονιχ τηατωε σαω ιν ϕιγυρε 7.5. Δαν Ελλισ865 Φεβ 92Αππενδιξ ΧΧομπυτινγ ΕνϖιρονμεντΙΝΤΡΟΔΥΧΤΙΟΝΤηισ αππενδιξ δεσχριβεσ σομε τεχηνιχαλ δεταιλσ οϕ τηε ηαρδωαρε ανδ σοϕτωαρε υσεδιν τηε προφεχτ.ΗΑΡΔΩΑΡΕΑλλ ωορκ ωασ δονε ον υνιξ ωορκστατιονσ − πριμαριλψ α ΔΕΧστατιον 5000/200, ανδλαττερλψ αν ΣΓΙ Ιρισ Ινδιγο. Τηε ΔΕΧστατιον ηαδ ΧΔ−τψπε σουνδ ουτπυτ ϖια τηεΔΕΧαυδιο ιντερϕαχε υνιτ, ανδ τηε Ινδιγο ηασ εξχελλεντ σουνδ ινπυτ ανδ ουτπυτχαπαβιλιτιεσ βυιλτ ιν.ΣΟΦΤΩΑΡΕΤηε σψστεμ ωασ δεϖελοπεδ υνδερ υνιξ ιν Χ, υσινγ τηε ανσι−χομπλιαντ Γνυχομπιλερ, γχχ. Ιτ ισ ιντενδεδ το βε πορταβλε. Τηε μαιν χομπονεντσ αρε λιστεδ βελοω.Τηισ σοϕτωαρε ισ ιν τηε πυβλιχ δομαιν ανδ ισ αϖαιλαβλε ϕρομ τηε αυτηορ ωηο μαψ βερεαχηεδ ϖια εμαιλ ασ δπωε≅μεδια.μιτ.εδυ.χθτ3, χθι3Χονϖερτ βετωεεν 16 βιτ ΠΧΜ σουνδϕιλεσ ανδ χονσταντ−Θ τιμε−ϕρεθυενχψ αναλψσισ ϕιλεσ. Αλλοωσ σπεχιϕιχατιον οϕ Θ οϕ Γαυσσιανϕιλτερσ, νυμβερ οϕ οχταϖεσ, βανδσ περ οχταϖε ετχ.τρκΒυιλδ α τραχκ μοδελ οϕ α χονσταντ−Θ αναλψσισ ϕιλε.τκσψνΡεσψντηεσιζε α τραχκ μοδελ διρεχτλψ ιντο ΠΧΜ σουνδ.δσπΒΓραπηιχαλ ενϖιρονμεντ ϕορ ινσπεχτινγ αλλ τηε αβοϖε δατα.Ινχλυδεσ τιμε δομαιν, γραψ−σχαλε σπεχτρογραμ ανδ περσπεχτιϖεπλοτσ. Αλλοωσ ιντεραχτιϖε σελεχτιον οϕ γρουπσ τραχκσ οϖερλαιδ ονσπεχτρογραμ ϕορ παρτιαλ ρεσψντηεσεσ. Α τψπιχαλ δισπλαψ ισ βελοω. Δαν Ελλισ875 Φεβ 92Ρεϕερενχεσ[Βρεγ90]ΑΣ Βρεγμαν (1990) Αυδιτορψ Σχενε Αναλψσισ, Βραδϕορδ Βοοκσ ΜΙΤ Πρεσσ[Βλαυ83]ϑ Βλαυερτ (1983) Σπατιαλ Ηεαρινγ, ΜΙΤ Πρεσσ[Χοοκ91]ΜΠ Χοοκε (1991) ®Μοδελλινγ αυδιτορψ προχεσσινγ ανδ οργανισατιον© ΠηΔτηεσισ, Υνιϖερσιτψ οϕ Σηεϕϕιελδ Δεπτ οϕ Χομπυτερ Σχιενχε[Δολσ86]Μ Δολσον (1986) ®Τηε πηασε ϖοχοδερ : α τυτοριαλ© Χομπυτερ Μυσιχϑουρναλ 10(4)[Δοϖε86]Ωεβστερ Π Δοϖε (1986) ®Κνοωλεδγε−βασεδ πιτχη δετεχτιον© ΠηΔ τηεσισ,ΕΕΧΣ δεπτ, ΜΙΤ[Δυδα90]ΡΟ Δυδα, ΡΦ Λψον, Μ Σλανεψ (1990) ®Χορρελογραμσ ανδ τηε σεπαρατιονοϕ σουνδσ© Προχ Ασιλομαρ Χονϕ ον Σιγσ, Σψσ & Χομπυτερσ[Γηιτ87]Οδεδ Γηιτζα (1987) ®Αυδιτορψ νερϖε ρεπρεσεντατιον χριτερια ϕορ σπεεχηαναλψσισ/σψντηεσισ© ΙΕΕΕ Τρ ΑΣΣΠ 35(6)[Γλασ90]ΒΡ Γλασβεργ, ΒΧϑ Μοορε (1990) ®Δεριϖατιον οϕ αυδιτορψ ϕιλτερ σηαπεσϕρομ νοτχηεδ−νοισε δατα© Ηεαρινγ Ρεσεαρχη 47[Ηανδ89]Σ Ηανδελ (1989) Λιστενινγ Βραδϕορδ Βοοκσ ΜΙΤ Πρεσσ[Μαηε89]ΡΧ Μαηερ (1989) ®Αν αππροαχη το τηε σεπαρατιον οϕ ϖοιχεσ ιν χομποσιτεμυσιχαλ σιγναλσ© ΠηΔ τηεσισ, Υνιϖερσιτψ οϕ Ιλλινοισ, Υρβανα−Χηαμπαιγν[Μαρρ82]Δ Μαρρ (1982) ςισιον, Ω.Η. Φρεεμαν[Ματη47]ΡΧ Ματηεσ, ΡΛ Μιλλερ (1947) ®Πηασε εϕϕεχτσ ιν μοναυραλ περχεπτιον©ϑΑΣΑ 19(5)[ΜχΑδ84]Σ ΜχΑδαμσ (1984) ∀Σπεχτραλ ϕυσιον, σπεχτραλ παρσινγ ανδ τηε ϕορματιονοϕ αυδιτορψ ιμαγεσ∀ ΠηΔ τηεσισ, ΧΧΡΜΑ, Στανϕορδ Υνιϖερσιτψ[ΜχΑυ86]Ρϑ ΜχΑυλαψ, ΤΦ Θυατιερι (1986) ®Σπεεχη αναλψσισ/ρεσψντηεσισ βασεδ ον ασινυσοιδαλ ρεπρεσεντατιον© ΙΕΕΕ Τρ ΑΣΣΠ 34[Μελλ91]ΔΚ Μελλινγερ (1991) ®Εϖεντ ϕορματιον ανδ σεπαρατιον ιν μυσιχαλ σουνδ©ΠηΔ τηεσισ, ΧΧΡΜΑ, Στανϕορδ Υνιϖερσιτψ[Μινσ86]Μαρϖιν Μινσκψ (1986) Τηε Σοχιετψ οϕ Μινδ, Σιμον ανδ Σχηυστερ[Μοντ89]ΒΜ Μοντ−Ρεψναυδ, ΔΚ Μελλινγερ (1989) ®Σουρχε σεπαρατιον βψϕρεθυενχψ χο−μοδυλατιον© Προχ 1στ Ιντ Χονϕ ον Μυσιχ Περχεπτιον ανδΧογνιτιον, Κψοτο[Μυσι83]ΒΡ Μυσιχυσ, ϑΧ Ανδερσον, ϑΠ Σταυτνερ (1983) ®Οπτιμαλ λεαστ σθυαρεσσηορτ τιμε αναλψσισ/σψντηεσισ© ΜΙΤ−ΡΛΕ μονογραπη[Παρσ76]ΤΩ Παρσονσ (1976) ®Σεπαρατιον οϕ σπεεχη ϕρομ ιντερϕερινγ σπεεχη βψμεανσ οϕ ηαρμονιχ σελεχτιον© ϑΑΣΑ 60[Παττ87]ΡΔ Παττερσον (1987) ®Α πυλσε ριββον μοδελ οϕ μοναυραλ πηασεπερχεπτιον© ϑΑΣΑ 82(5)[Παττ91]ΡΔ Παττερσον, ϑ Ηολδσωορτη (1991) ®Α ϕυνχτιοναλ μοδελ οϕ νευραλ αχτιϖιτψπαττερνσ ανδ αυδιτορψ ιμαγεσ© ιν Αδϖανχεσ ιν σπεεχη, ηεαρινγ ανδλανγυαγε προχεσσινγ ϖολ 3, εδ ΩΑ Αινσωορτη, ϑΑΙ Πρεσσ, Λονδον[Θυατ90]ΤΦ Θυατιερι, ΡΓ Δανισεωιχζ (1990) ®Αν αππροαχη το χο−χηαννελ ταλκεριντερϕερενχε συππρεσσιον υσινγ α σινυσοιδαλ μοδελ ϕορ σπεεχη© ΙΕΕΕ Τρ.ΑΣΣΠ 38(1) Δαν Ελλισ885 Φεβ 92[Σενε85]Σ Σενεϕϕ (1985) ®Πιτχη ανδ σπεχτραλ αναλψσισ οϕ σπεεχη βασεδ ον αναυδιτορψ σψνχηρονψ μοδελ© ΠηΔ τηεσισ, ΕΕΧΣ δεπτ, ΜΙΤ[Σερρ89]Ξ Σερρα (1989) ∀Α σψστεμ ϕορ σουνδ αναλψσισ/τρανσϕορματιον/σψντηεσισβασεδ ον α δετερμινιστιχ πλυσ στοχηαστιχ δεχομποσιτιον∀ ΠηΔ τηεσισ,ΧΧΡΜΑ, Στανϕορδ Υνιϖερσιτψ[Σηαμ89]Σ Σηαμμα (1989) ®Σπατιαλ ανδ τεμποραλ προχεσσινγ ιν χεντραλ αυδιτορψνετωορκσ© ιν Μετηοδσ ιν νευροναλ μοδελλινγ, ΜΙΤ Πρεσσ[Σλαν88]Μ Σλανεψ (1988) ®Λψον∏σ χοχηλεα μοδελ© Αππλε Τεχηνιχαλ Ρεπορτ #13[ςελδ89]ΡΝϑ ςελδηυισ, Μ Βρεευωερ, ΡΓ ςαν δερ Ωααλ (1989) ®Συββανδ χοδινγ οϕδιγιταλ αυδιο σιγναλσ© Πηιλιπσ ϑ Ρεσ 44(2/3)[ςερχ88]ΒΛ ςερχοε (1988) ®Ηεαρινγ πολψπηονιχ μυσιχ ον τηε ΧοννεχτιονΜαχηινε© Προχ Σπεχιαλ Σεσσιον ον Μυσιχ ανδ ΑΙ, ΑΑΑΙ[ςερχ90]ΒΛ ςερχοε (1990) ®Χσουνδ: Α μανυαλ ϕορ τηε αυδιο προχεσσινγ σψστεμανδ συππορτινγ προγραμσ© ΜΙΤ Μεδια Λαβ Μυσιχ & Χογνιτιον[Ζωιχ90]Ε Ζωιχκερ, Η Φαστλ (1990) Πσψχηοαχουστιχσ ϕαχτσ ανδ μοδελσ Σπρινγερ−ςερλαγ