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AUDIO REPRESENTATIONS FOR DATA COMPRESSION ANDCOMPRESSED DOMAIN PROCESSINGScott Nathan LevineStanford University, 1999In the world of digital audio processing, one usually has the choice of performing modi�cationson the raw audio signal or performing data compression on the audio signal. But, performingmodi�cations on a data compressed audio signal has proved di�cult in the past. This thesis providesnew representations of audio signals that allow for both very low bit rate audio data compressionand high quality compressed domain processing and modi�cations. In this system, two compresseddomain processing algorithms are available: time-scale and pitch-scale modi�cations. Time-scalemodi�cations alter the playback speed of audio without changing the pitch. Similarly, pitch-scalemodi�cations alter the pitch of the audio without changing the playback speed.The algorithms presented in this thesis segment the input audio signal into separate sinusoidal,transients, and noise signals. During attack-transient regions of the audio signal, the audio is modeledby transform coding techniques. During the remaining non-transient regions, the audio is modeledby a mixture of multiresolution sinusoidal modeling and noise modeling. Careful phase matchingtechniques at the time boundaries between the sines and transients allow for seamless transitionsbetween the two representations. By separating the audio into three individual representations, eachcan be e�ciently and perceptually quantized. In addition, by segmenting the audio into transientand non-transient regions, high quality time-scale modi�cations that stretch only the non-transientportions are possible.
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Chapter 1
Audio RepresentationsReproducing audio has come a long way since the encoding of analog waveforms on wax cylinders.The advent of digital audio has enabled a large jump in quality for the end user. No longer doesplayback quality deteriorate over time as in the case of vinyl records or analog magnetic cassettes.While the quality of the compact disc (CD) is su�ciently high for most consumers, the audio datarate of 1.4 Mbps for stereo music is too high for network delivery over most consumers' homecomputer modems. In 1998, most people can stream audio at either 20 or 32 kbps, depending onthe quality of their modem. These compression rates of 70:1 and 44:1, respectively, point towardsthe need for sophisticated data compression algorithms.Most current audio systems employ some form of transform coding which will be introduced inSection 1.1.3. While transform coding allows for high quality data compression, it is not a malleablerepresentation for audio. If the user desires to perform any modi�cations on the audio, such aschange the playback speed without changing the pitch, or vice-versa, a signi�cant amount of post-processing is required. These post-processing algorithms, some of which will be discussed in Section1.2, require a signi�cant amount of complexity, latency, and memory.The goal of this thesis is to create an audio representation that allows for high-quality data com-pression while allowing for modi�cations to be easily performed on the compressed data itself. Thenew decoder can not only inverse quantize the data compressed audio, but can cheaply perform mod-i�cations at the same time. While the encoder will have a slightly higher complexity requirements,the decoder will be of the same order of complexity as current transform coders.One could surmise that a greater percentage of future audio distribution will be over data net-works of some kind, instead of simply distributing audio on high-density storage media, like thecurrent CD or DVD. While data rates over these networks will undoubtedly increase over the years,bandwidth will never be free. With better data compression, more audio channels can be squeezedover the channel, or more video (or any other multimedia data) can be synchronously transmitted.Current music servers already have a considerable investment in mastering their audio libraries in1



2 CHAPTER 1. AUDIO REPRESENTATIONSa compressed audio format; a small incremental layer of complexity would allow end users to notsimply play back the audio, but perform modi�cations as well.This chapter is divided into three sections. In Section 1.1, a short history is presented of variousaudio representations for data compression. Following in Section 1.2 is an abridged list of audiorepresentations used primarily for musical modi�cations. In the �nal part of the chapter, Section1.3, previous methods that allow both compression and some amount of compressed-domain modi�-cations is presented. The scope of this last section will include not only audio, but speech and videoas well.To preface the following sections, we assume that the original analog audio input source isbandlimited to 22 kHz, the maximum absolute amplitude is limited, and then sampled at 44.1 kHzwith a precision of 16 bits/sample (the CD audio format). This discrete-time, discrete-amplitudeaudio signal will be considered the reference signal. While new audio standards now being discussed,such as DVD-Audio and Super Audio CD, have sampling rates as high as 96 kHz or even 192 kHz,and bit resolutions of 24 bits/sample, the CD reference speci�cations are su�cient for the scope ofthis thesis.1.1 Audio Representations for Data CompressionThis section will deliver a brief history of lossy digital audio data compression. Digital audio(not computer music) can be argued to have begun during 1972-3 when the BBC began using13 bit/sample PCM at 32 kHz sampling rate for its sound distribution for radio and television,and Nippon Columbia began to digitally master its recordings (Nebeker, 1998; Immink, 1998). Inits relative short history of approximately 25 years of digital audio, researchers have moved fromrelatively simple scalar quantization to very sophisticated transform coding techniques (Bosi et al.,1997). All of the methods to be mentioned in this section cannot be easily time-scale or pitch-scalemodi�ed without using some of the post-processing techniques later discussed in Section 1.2. How-ever, they performed their designated functions of data compression and simple �le playback wellfor their respective times.In the following sections on quantization, it is helpful to think of lossy quantization as an additivenoise process�. Let xn be the input signal, and Q(xn) be the quantized version of the input, thenthe quantization error is �n = Q(xn)� xn. With some rearrangement, the equation becomes:Q(xn) = xn + �n (1.1)which can be seen in Figure 1.1.The objective in any perceptual coding algorithm is to shape this quantization noise process inboth time and frequency. If this shaping is performed correctly, it is possible for the quantized�Natural audio signals are not memoryless, therefore the quantization noise will not be precisely white. However, thisassumption is close enough for the purposes of this discussion.



1.1. AUDIO REPRESENTATIONS FOR DATA COMPRESSION 3

Quantizer
�n

xn X̂n = Q(xn)Fig. 1.1. Additive noise model of a quantizersignal Q(xn) to mask the quantization noise �n, thus making the noise inaudible. These concepts ofmasking and noise shaping will �rst be discussed in Section 1.1.3.1.1.1 Scalar QuantizationPerhaps the simplest method to represent an audio signal is that of scalar quantization. This methodlives purely in the time domain: each individual time sample's amplitude is quantized to the nearestinterval of amplitudes. Rather than transmitting the original amplitude every time sample, thecodebook index of the amplitude range is sent.Uniform Scalar QuantizationUniform scalar quantization divides the total signal range into N uniform segments. As a graphicalexample, see Figure 1.2. With every added bit, r, of resolution for uniform scalar quantization(r = log2N), the signal-to-noise (SNR) ratio increases approximately 6 dB. For a more detailedand mathematical treatment of scalar quantization, see (Gersho and Gray, 1992). Although scalarquantization produces low MSE, perceptual audio quality is not necessarily correlated with lowmean-square error (MSE). Perhaps more important than MSE is the spectral shape of the noise.In all forms of scalar quantization, the quantization noise is mostly white, and thus spectrally 
at.Figure 1.3 gives a graphical example of uniform quantization, using six bits of resolution. Themagnitude spectrum on the left is from a short segment of pop music. The approximately 
atspectrum on the right is the quantization error resulting from 6 bit uniform quantization, with themaximum value of the quantizer set to the maximum value of the audio input. At lower frequencies,below 3000 Hz, the noise is much quieter than the original and will thus be inaudible. But notice howat high frequencies, the quantization noise is louder than the quantized signal. This high frequency



4 CHAPTER 1. AUDIO REPRESENTATIONSquantization error will be very audible as hiss. Later in Section 1.1.3, it will be shown that the noisecan be shaped underneath the spectrum of the original signal. The minimum dB distance betweenthe original spectrum and the quantization noise spectrum, such that the noise will be inaudible, istermed the frequency-dependent signal-to-masking ratio (SMR).quantizedvalues
original amplitudes

Fig. 1.2. An example of a uniform scalar quantizerOne bene�t of scalar quantization is that it requires little complexity. It is the method usedfor all music compact discs (CD) today, with N = 65; 536 (216) levels. With r = 16, the SNRis approximately 96 dB. Even though the noise spectrum is 
at, it is below the dynamic range ofalmost all kinds of music and audio recording equipment, and is therefore almost entirely inaudible.In 1983, when Sony and Philips introduced the CD, decoding complexity was a major design issue.It was not possible to have low-cost hardware at the time that could perform more complex audiodecoding. In addition, the CD medium could hold 72 minutes of stereo audio using just uniformscalar quantization. Since 72 minutes was longer than the playing time of the analog cassettes orvinyl records they were attempting to replace, further data compression was not a priority.Nonuniform Scalar QuantizationBetter results can be obtained with scalar quantization if one uses a nonuniform quantizer. That is,not all quantization levels are of equal width. The probability density function (pdf) of much audiocan be approximated roughly by a Laplacian distribution (not a uniform distribution). Therefore,one would want to match the quantization levels to roughly the pdf of the input signals. This isperformed by �rst warping, or compressing the amplitudes such that large amplitude values arecompressed in range, but the smaller values are expanded in range. Then, the warped amplitudesare quantized on a linear scale. In the decoder, the quantized values are inverse warped, or expanded.The current North American standard for digital telephony, G.711, uses an 8 bit/sample, piecewise
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6 bit uniform quantization error

Fig. 1.3. Example of the quantization error resulting from six bit uniform scalar quantizationlinear approximation to the nonuniform ��law compressor characteristic (Gersho and Gray, 1992):G�(x) = V ln(1 + �jxj=V )ln(1 + �) sgn(x); jxj � VEven though the SNR is better using nonuniform scalar quantization than uniform scalar quanti-zation, the quantization noise is still relatively 
at as a function of frequency. While this might betolerable in speech telephony, it is not perceptually lossless for wideband audio at 8 bits/sample andis thus unacceptable for that application. The notion of perceptual losslessness is a subjective mea-surement whereby a group of listeners deem the quantized version of the audio to be indistinguishablefrom the original reference recording (Soulodre et al., 1998).Predictive Scalar QuantizationAnother form of scalar quantization that is used as part of a joint speech/audio compression al-gorithm for videoconferencing is Adaptive Delta Pulse Code Modulation (ADPCM) (Cumminskey,1973). In this algorithm, the original input signal itself is not scalar quantized. Instead, a di�erencesignal between the original and a predicted version of the input signal is quantized. This predictorcan have adaptive poles and/or zeroes, and performs the coe�cient adaptation on the previouslyquantized samples. In this manner, the �lter coe�cients do not need to be transmitted from theencoder to the decoder; the same predictor sees the identical quantized signal on both sides.The CCITT standard (G.722) for 7 kHz speech+audio at 64 kbps uses a two-band subbandADPCM coder (Mermelstein, 1988; Maitre, 1988). The signal is �rst split into two critically sampled



6 CHAPTER 1. AUDIO REPRESENTATIONSsubbands using quadrature mirror �lter banks (QMF), and ADPCM is performed independently oneach channel. The low frequency channel is statically allocated 48 kbps, while the high frequencychannel is statically allocated 16 kbps.Di�erences between Wideband Speech and Audio QuantizersBecause G.722 is a waveform coder, and not a speech source model coder, it performs satisfactorilyfor both speech and audio. But if the system had speech inputs only, it could perform much betterusing a speech source model coder like one of the many 
avors of code excited linear prediction(CELP) (Spanias, 1994). If the input were just music, one of the more recent transform coders (Bosiet al., 1997) would perform much better. Being able to handle music and speech using the samecompression algorithm at competitive bitrates and qualities is still a di�cult and an open researchproblem. There are some audio transform coders that have enhancements to improve speech quality(Herre and Johnston, 1996) in MPEG-AAC. Then, there are some audio coders that use linearprediction coding (LPC) techniques from the speech world in order to bridge the gap (Moriya et al.,1997; Singhal, 1990; Lin and Steele, 1993; Boland and Deriche, 1995). There are also speech codecsthat use perceptual/transform coding techniques from the wideband audio world (Tang et al., 1997;Crossman, 1993; Zelinski and Noll, 1977; Carnero and Drygajlo, 1997; Chen, 1997). Most commercialsystems today, such as RealAudioTM and MPEG-4 (Edler, 1996), ask the user if the source is musicor speech, and accordingly use a compression algorithm tailored for that particular input.1.1.2 Transform CodingTransform coding was the �rst successful method to encode perceptually lossless wideband audioat low bit rates, which today is at 64 kbps/ch (Soulodre et al., 1998). What sets transform codingapart from previous methods of compression is its ability to shape its quantization noise in timeand frequency according to psychoacoustic principles. In the previous Section 1.1.1, the scalarquantization methods minimized MSE, but left a 
at quantization noise 
oor which could be audibleat certain times and frequency regions. By using a psychoacoustic model, the compression algorithmscan estimate at what time and over what frequency range human ears cannot hear quantization noisedue to masking e�ects. In this manner, the transform coding can move the quantization noise tothese inaudible regions, and thus distortion-free audio is perceived.For a simpli�ed diagram of most transform coders, see Figure 1.4. Every transform coding systemhas at least these three building blocks. At the highest level, the �lter bank segments the inputaudio signal into separate time-frequency regions. The psychoacoustic modeling block determineswhere quantization noise can be injected without being heard because it is being masked by theoriginal signal. Finally, the quantization block quantizes the time-frequency information accordingto information provided by the psychoacoustic model and outputs a compressed bitstream. At thedecoder, the bitstream is inverse quantized, processed through an inverse �lter bank, and the audio



1.1. AUDIO REPRESENTATIONS FOR DATA COMPRESSION 7reconstruction is complete. Each of these three encoder building blocks will be described in moredetail in the following three subsections. These subsections will describe these building blocks ona basic, high level. For more detailed information on the methods used in commercial transformcoding, see Section 4.1.

psychoacousticmodeling
input �lter bank quantization bitstream

Fig. 1.4. A basic transform encoding systemFilter BanksMost current audio compression algorithms use some variant of Modi�ed Discrete Cosine Transforms(MDCT). Credit for this �lter bank is often given to Princen and Bradley (1986), where it is referredto as Time Domain Aliasing Cancellation (TDAC) �lter banks. The oddly-stackedy TDAC waslater recognized as speci�c case of the more general class of Modulated Lapped Transforms (MLT)(Malvar, 1990).The beauty of the MDCT is that it is a critically sampled and overlapping transform. A transformthat is critically sampled has an equivalent number of transform-domain coe�cients and time-domainsamples. An example of an older compression algorithm that was not critically sampled used FFTswith overlapping Hanning windows by 6.25% ( 116 th) (Johnston, 1988b). That is, there were 6.25%more transform-domain coe�cients than time-domain samples, thus making the overlapping FFT anoversampled transform. In order for an FFT to be critically sampled and have perfect reconstruction,the window would have to be rectangular and not overlap at all. Because of quantization blockingartifacts at frame boundaries, it is desirable to have overlapping, smooth windows. When usingthe MDCT, there are the same number of transform-domain coe�cients as time-domain samples.Therefore, there are fewer transform-domain coe�cients to quantize (than with the overlapped FFT),yThe subbands of an oddly-stacked �lter bank all have equal bandwidth, while the �rst and last subbands of anevenly-stacked �lter bank have half of the bandwidth of the others.



8 CHAPTER 1. AUDIO REPRESENTATIONSand the bit rate is lower. Other examples of earlier audio compression algorithms that used �lterbanks other than MDCTs were the Multiple Adaptive Spectral Audio Coding system (Schroder andVossing, 1986) that used DFTs and the Optimum Coding in the Frequency Domain (OCF) thatused DCTs (Brandenburg, 1987).The MDCT used today has a window length equal to twice the number of subbands. For example,if the window length L=2048, then only 1024 MDCT coe�cients are generated every frame and thewindow is hopped 1024 samples for the next frame (50% overlap). There is signi�cant aliasing inthe subband/MDCT data because the transform is critically sampled. However, the aliased energyis completely canceled in the inverse MDCT �lter bank. The MDCT can be thought of as a bankof M bandpass �lters having impulse responses: (Malvar, 1992):fk(n) = h(n)r 2M cos��n+ M + 12 ��k + 12� �M � (1.2)for k = 0; 1; : : : ;M �1, and n = 0; 1; : : : ; L�1, where L = 2M . All M �lters are cosine modulationsof varying frequencies and phases of the prototype window/lowpass �lter, h(n). Notice that sincethe modulation is real-valued, the MDCT coe�cients will also be real-valued. A simple prototypewindow that is often used for the MDCT in MPEG AAC is the raised sine window:h(n) = sin � �N �n+ 12�� ; 0 � n < N (1.3)Because of this cosine modulation in the �lter bank, fast algorithms are available that can computethe transform using FFTs or Discrete Cosine Transforms (DCT), with order O(N log2N) complexity(Malvar, 1991).It was shown that it is necessary for both of the following conditions of the prototype lowpass�lter to be true to allow perfect reconstruction (Princen and Bradley, 1986):h(L� 1� n) = h(n) (1.4)which forces even symmetry, and h2(n) + h2(n+M) = 1 (1.5)which regulates the shape of the window. The raised sine window of Equation (1.3) also satis�esthese properties. The length, L, of the window can be adaptively switched according to the signal.Because of quantization properties discussed in the next few subsections, it is desirable to have shortwindows around short-time transient-like signals. When switching between window lengths, perfectreconstruction can still be achieved by assuring that the tails of the overlapping windows still haveenergy summing to one (T. Sporer, 1992):h2t�1(n+M) + h2t (n) = 1 (1.6)where t is the frame number. As a graphical example in Figure 1.5, length 2048 windows areswitched to length 256 windows, and back. The pictured window switching scheme is used currentlyin MPEG-AAC (Bosi et al., 1997) and in PAC (Johnston et al., 1996b).



1.1. AUDIO REPRESENTATIONS FOR DATA COMPRESSION 9

0 1000 2000 3000 4000 5000 6000
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

time [samples]

am
pl

id
ut

e

Fig. 1.5. Window switching using the MDCTPsychoacoustic ModelingAs is shown in Figure 1.1, quantization can be thought of as adding white noise to the original signal.Because the transform-coding quantization is being performed independently over small non-uniformfrequency bands, the quantization noise levels are bounded in time (by the �lter bank frame length)and in frequency. The purpose of the psychoacoustic model is to determine how much noise can beadded to each time/frequency region before the quantization noise becomes audible. The reason thenoise would not be audible is because it is being masked by the original signal. Simply put, if twosignals reside in the same frequency region, and there is an energy di�erence between the two that islarger than a certain threshold, the softer signal will be inaudible. That is, a human listener wouldnever have known the softer signal was present.To explain how a psychoacoustic model derives these just-noticeable noise levels, the speci�cMPEG Psychoacoustic Model 2 (Brandenburg and Stoll, 1994) will be detailed. It is the suggestedencoder psychoacoustic model to be used in MPEG-II Layer 3, and MPEG-AAC. The model 
owdiagram is shown in Figure 1.6. Many other systems have been developed over the years, (Johnston,1988a; Wiese and Stoll, 1990; Fielder et al., 1996) but it would be out of the scope of this thesis todetail them all. Another good reference for other psychoacoustic models, in addition to a detailedhistory of perceptual audio coding, is Painter (1997).Psychoacoustic modeling can be computed separately in both the time and frequency domain.Time domain psychoacoustic modeling simply states that the masking e�ect of a loud sound extends



10 CHAPTER 1. AUDIO REPRESENTATIONSbefore (backward masking) and after (forward masking) the sound is actually playing. That is, about5 milliseconds before, and anywhere between 50 to 200 milliseconds after a sound is played, somemasking will occur. These durations depend on the energy and frequency of the sound being turnedon, along with the energy and frequency of the softer sound it may be masking (Zwicker and Fastl,1990). The e�ect of time domain masking allows compression algorithms to use high-frequencyresolution �lter banks, with somewhat limited temporal resolution.Frequency domain psychoacoustic modeling is best described in the Bark domain (Zwicker andFastl, 1990). One Bark is the di�erence in frequency between adjacent critical bands. Critical bandsare de�ned as the maximum bandwidth within which the intensities of individual tones are summedby the ear to form auditory thresholds. Frequency domain masking occurs within a critical band andbetween critical bands. The masking that occurs within a critical band depends on the tonality of thesignal in that band (Hellman, 1972). In the MPEG system (Brandenburg and Stoll, 1994), if a signalis determined to be tone-like, as a pure sinusoid would be, then quantization noise will be masked aslong as it more than 18 dB below the signal itself. But, if a signal is determined to be pure noise inthe critical band, then the quantization noise will be masked as long as it only 6 dB (or more) belowthe signal itself. If the signal is somewhere between pure noise or tone, then the masking thresholdis accordingly somewhere between -6 and -18 dB. This is a simpli�cation of measured experimentalmasking thresholds, which have masking thresholds that depend of amplitude and frequency ofmasker (Zwicker and Fastl, 1990). But, certain constraints on complexity and memory must bemade in order to make a realizable compression system. In MPEG-AAC, a tonality measure isderived (on a one-third Bark band scale) from a second order linear predictor of the FFT magnitudeand phases, among other factors.
window        FFT                            spreading
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phase

spread energy

tonality measure
compute
masking
threshold

threshold
in quiet

pre-echo
controlFig. 1.6. Computing psychoacoustic masking thresholds, as performed in MPEG-AACIn addition to masking within a critical band, there is masking across critical bands, which ismodeled by the spreading function in Figure 1.6. This spreading function spreads the energy froma single Bark band to its neighboring Bark bands. It is a simpli�cation of the cochlea in the humanear, which performs a similar spreading. The masking is not symmetric in frequency; a loud Barkband will mask higher frequencies more that lower frequencies. See Figure 1.7 for an example ofthe spread masking thresholds of three pure sinusoids at 500, 1500, and 3200 Hz. If the maskingthreshold is lower than the absolute threshold level of hearing, the masking threshold is clipped atthis level. This e�ect can be seen above the 53rd one-third Bark band in Figure 1.7.In conclusion, the psychoacoustic model dictates how much quantization noise can be injected



1.1. AUDIO REPRESENTATIONS FOR DATA COMPRESSION 11in each region of time-frequency without being perceptible. If enough bits are available, the quanti-zation noise will not be heard due to the properties of auditory masking. While this process is notexact, and is only an approximation to idealized sines and noise listening experiments, the maskingthresholds seem to work quite well in practice.
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Fig. 1.7. This �gure shows the masking thresholds of three synthesized sinusoids. The solidline is the original magnitude spectrum, and the dotted line is its masking threshold. The originalspectrum was generated by �rst using a 2048 point, raised sine, windowed FFT. The FFT magnitudespectrum was then mapped to the one-third Bark scale by summing together bin energies in eachone-third Bark band. The dB di�erence between the original spectra and the masking thresholddictates how much quantization noise can be injected at that particular frequency range. This dBdi�erence is also termed the signal-to-mask ratio (SMR). For example, at one-third Bark number30, the frequency range of the second sinusoidal peak, the original signal is 18 dB above its maskingthreshold. Therefore, any quantization noise must be at least 18 dB quieter than the original signalat that frequency to be masked, or inaudible. If the quantization noise is any louder, it will bedetectable.QuantizationNow that the signal has been segmented in time and frequency, and the masking thresholds havebeen computed, it is time to quantize the MDCT coe�cients. There are many ways to quantizethese coe�cients, and several of the commercial methods will later be described in Section 4.1.A general trend among compression algorithms is to group MDCT coe�cients into non-uniformlyspaced bands. Each band is assigned its own quantization scalefactor, or exponent. These scalefactorbands (their name in the MPEG literature) lie approximately on the half-band Bark band scale.The quantization resolution in each scalefactor band is dependent on the masking thresholds in that



12 CHAPTER 1. AUDIO REPRESENTATIONSfrequency region. Ideally, there would be enough bits to quantize each scalefactor band of MDCTcoe�cients such that its mean-square quantization error be just less than the amount of quantizationnoise allowed by the psychoacoustic model. If this condition is met, then no quantization error shouldbe audible. If there are not enough bits available, approximations must be made. This scenario isusually the case for low bit rate audio coding (� 128kbps=ch). Both MPEG Layer III (Brandenburgand Stoll, 1994) and AAC (Bosi et al., 1997) have the same joint rate-distortion loops, that attemptto iterate towards a solution that satis�es both conditions to some degree. Since both rate anddistortion speci�cations cannot be met simultaneously, it is the decision of the encoder to decidewhich tradeo�s to make.Both systems also have a bit reservoir that allocates some frames fewer bits, while more di�cultframes get allocated more bits. This system of sharing a pool of bits among frames increases thequality markedly, due to the variance of di�culty in actual frames of audio. One disadvantageof using a bit reservoir is that the system becomes a variable bit rate (VBR) system. For �xedbandwidth, low-latency, real-time applications, VBR may not be acceptable. In contrast, Dolby'sAC-3 is not VBR, but rather is constant bit rate (CBR), having a �xed number of bits per frame. Itwas designed primarily for �lm and digital television broadcast, both of which are �xed bandwidthmedia. More about the di�erences among commercial audio compression systems will be discussedlater in Section 4.1. The number of bits allowed to be taken out or placed into the bit reservoir poolis a function of some perceptual entropy metric (Johnston, 1988b). The perceptual entropy (PE) isa function of the dynamic range between the input signal's energy envelope and the envelope of thequantization noise allowable. In MPEG-AAC and Layer III, the PE also determines when to switchbetween short and long windows, as illustrated in the previous section on �lter banks.1.1.3 Wavelet CodingIn the last �ve years, there has been a large number of papers written about wavelet audio coding.The quantization and psychoacoustic modeling techniques are similar to those used in transformcoding, but the �lter bank is completely di�erent. The �lter bank for wavelet coding is generallythe tree structured wavelet transform, or wavelet packets (Coifman et al., 1992). The �lter bank isgenerally designed to have nonuniform segmentation of the frequency axis to approximately matchthe Bark bands of the human ear (Zwicker and Fastl, 1990). These structures are iterated �lterbanks, where each iterated section is a two-band �lter bank, as shown in Figure 1.8. The �rst such�lter bank in the audio wavelet coding literature was presented by Sinha and Tew�k (1993), whichuses 29 bands and 8 levels of depth. This structure can be seen in Figure 1.9.
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14 CHAPTER 1. AUDIO REPRESENTATIONSIn addition to the frequency axis having a nonuniform segmentation, the time axis is also similarlynonuniform. At low frequencies, the frequency resolution is good, but the time resolution is verypoor since the windows are so long. At high frequencies, the frequency resolution is poor, but thetime resolution is very good due to short windows. Several papers have been written discussingoptimal choice of wavelet �lters to use (Sinha and Tew�k, 1993; Phillipe, 1995; Kudumakis andSandler, 1995). Other wavelet-only audio coders made improvements in pre-echo and quantization(Tew�k and Ali, 1993), bitrate scalability (Dobson et al., 1997), and using both scalar and vectorquantization techniques (Boland and Deriche, 1996).Hybrid Wavelet CodersWhile wavelet coders seem to represent transients and attacks well, they do not e�ciently representsteady-state signals, like sinusoidal tones. To remedy this problem, Hamdy et al. (1996) �rst extractsmost almost of the sinusoids in the signal using sinusoidal modeling, which will be later discussedin Section 1.2.3. Then, a wavelet coder (Sinha and Tew�k, 1993) quantizes most of the residualsignal deemed not sinusoidal. Above 11 kHz, the wavelet information is e�ciently encoded simplyas edges and noise processes. The following year, a similar approach using sines+wavelets+noisewas presented by S. Boland (1997). Another interesting hybrid coder uses MDCT transform coderswith good frequency resolution and poor temporal resolution for all steady-state signals (Sinha andJohnston, 1996). But, at attack transients, the coder is switched to a wavelet packet scheme similarto that shown in Figure 1.9, but only using four bands. Special considerations are taken to ensureorthogonality in the transition regions between the two types of �lter banks.Comparisons to Transform CodingThe Bark band �lter bank used by the wavelet coders is approximated in the transform codingworld by �rst making a high (frequency) resolution transform, and then grouping together MDCTcoe�cients into Bark bands (called scalefactor bands in the MPEG world). These scalefactor bands(sfbs) are made up of 4 to 32 MDCT coe�cients, depending on frequency range, and have theirown quantization resolution determined by its range's SMR. Although the temporal resolution oftransform coding is uniform across all frequencies, transform coders switch to �ne temporal (andpoor frequency) resolutions at attack transients, as discussed in the previous Transform Codingsection. Otherwise, transform coders have poor temporal resolution and good frequency resolutionat all other times. In comparison, wavelet coders have poor time resolution at low frequencies butgood time resolution at high frequencies for all frames.Despite all the work on wavelet audio coding in the past few years, it seems that these compressionalgorithms still cannot beat uniform, transform coders in terms of quality at low bit rates. One theoryis that the high temporal resolution across high frequencies over all time is just not necessary forhigh quality audio coding (Johnston, 1998). With an eight band system, the highest octave of the



1.2. AUDIO REPRESENTATIONS FOR MODIFICATIONS 15wavelet �lter bank has 256 (= 28) times the temporal resolution of the lowest octave, and thus 256times the data rate. Perhaps the reason commercial systems, as discussed in Section 4.1, do not usewavelets is due to wavelet's large latency and memory requirements, both of which are problemswith wavelet coders. The memory increases as a function of the square of the number of octaves, asdoes the latency.1.2 Audio Representations for Modi�cationsThis section will discuss the representations of audio that allow for modi�cations to be performed.Examples of desired modi�cations are time-scale and pitch-scale modi�cations. In these cases, thetime-scale and the pitch-scale can be independently altered. For example, time-scale modi�cationwould allow a segment of music to be played at half of the original speed, but would still retain thesame pitch structure. This property is in contrast to the process of playing an analog, vinyl recordat a slower-than-intended speed. When the record is played slower, the pitch drops accordingly.Three classes of audio representations will be discussed in the following subsections: time-domainoverlap-add, the phase vocoder, and sinusoidal modeling. Most methods used today can be catego-rized as one of these systems. With the exception of certain cases of sinusoidal modeling, these audiorepresentations are not suitable for wideband audio data compression. If just data compression werethe goal, some of the methods mentioned in the previous Section 1.1 would fare better. Rather, themethods described in this subsection have been optimized for their quality of modi�cations.As an aside, only algorithms that perform modi�cations on pre-recorded audio will be consideredin this section. This eliminates any parametrically synthesized audio, such as frequency modulation(Chowning, 1973), wavetable synthesis (Bristow-Johnston, 1996), or physical modeling synthesis(Smith, 1996). It is relatively simple to modify the time and pitch scale independently becauseof their respective representations, which can be expressed at very low bitrate (Scheirer and Ray,1998). But, it is a very di�cult problem for a computer to map an audio signal into parameters ofthese previously mentioned synthesized audio representations.1.2.1 Time-Domain Overlap-Add (OLA)Perhaps the simplest method for performing time-scale modi�cation is a straightforward time-domainapproach. Several papers show good results segmenting the input signal into overlapping windowedsections and then placing these sections in new time locations in order to synthesize a time-scaledversion of the audio. The ranges of time-scale modi�cation are somewhat limited compared tothe phase vocoder, which will be discussed in the next subsection. This class of algorithms is re-ferred to as Overlap-Add (OLA). To avoid phase discontinuities between segments, the synchronizedOLA algorithm (SOLA) uses a cross-correlation approach to determine where to place the segmentboundaries (Verhelst and Roelands, 1993). In the time-domain, pitch-synchronized OLA algorithm



16 CHAPTER 1. AUDIO REPRESENTATIONS(TD-PSOLA), the overlapping procedure is performed pitch-synchronously in order to retain highquality time-scale modi�cation (Moulines and Charpentier, 1990). A more recent synchronizationtechnique, called waveform similarity OLA (WSOLA), ensures su�cient signal continuity at segmentjoints by requiring maximal similarity to natural continuity in the original signal via cross-correlation(Verhelst and Roelands, 1993).All of the preceding algorithms time-scale all regions of the input signal equally. That is, tran-sients and steady-state segments are stretched equally. For high quality modi�cations, in bothspeech and audio, better results are obtained when only non-transient segments are time-scaled.The transient segments are not time-scaled, but rather translated. The earliest found mention ofthis technique is the Lexicon 2400 time compressor/expander from 1986. This model detected tran-sients, left them intact, and time-scaled the remaining audio using a pitch-synchronous overlap add(TD-PSOLA) style algorithm (Dattorro, 1998). Improvements in speech intelligibility have beenshown when using time-scale modi�cation on only non-transient segments of the dialog (Lee et al.,1997; Covell et al., 1998). The idea of handling transients and non-transients separately will ariseagain later in this thesis, in Section 2.2. In the newly presented system, transients and non-transientsare handled di�erently for both reasons of quantization coding gain and quality of modi�cations.1.2.2 Phase VocoderUnlike the previous time-domain OLA section, the phase vocoder is a frequency domain algorithm.While computationally more expensive, it can obtain high quality time-scale modi�cation resultseven with time stretching factors as high as 2 or 3. The technique is a relatively old one, that datesback to the 1970's (Portno�, 1976; Moorer, 1978). For an excellent recent tutorial on the basics ofthe phase vocoder, see Dolson (1986). The input signal is split into many (256 to 1024) uniform-frequency channels each frame, usually using the FFT. The frame is hopped usually 25% to 50%of the frame length, thus using an oversampled representation. Each complex-valued FFT bin isdecomposed to a magnitude and phase parameter. If no time-scale modi�cation is performed, thenthe original signal can be exactly recovered using an inverse FFT. In order to perform time-scalemodi�cation, the synthesis frames are placed further apart (or closer together for time-compressing)than the original analysis frame spacing. Then, the magnitudes and phases of the FFT frame areinterpolated according to the amount of time compression desired.While the magnitude is linearly interpolated during time-scale modi�cation, the phase must becarefully altered to maintain phase consistency across the newly-placed frame boundaries. Incor-rect phase adjustment gives the phase vocoder a reverberation or a loss of presence quality whenperforming time-scaling expansion. Recent work has shown that better phase initialization, phase-locking among bins centered around spectral peaks, and peak tracking can greatly improve thequality of time-scale modi�cation for the phase vocoder (Laroche and Dolson, 1997). With theseadded peak tracking enhancements on top of the �lter bank, the phase vocoder seems to slide



1.2. AUDIO REPRESENTATIONS FOR MODIFICATIONS 17closer to sinusoidal modeling (to be introduced in the next section) in the spectrum of audio analy-sis/transformation/synthesis algorithms.A traditional drawback of the phase vocoder has been the frequency resolution of its �lter bank.If more than one sinusoidal peak resides within a single spectral bin, then the phase estimates willbe incorrect. A simple solution would be to increase the frame length, which would increase thefrequency bin resolution. But if a signal changes frequency rapidly, as in the case of vibrato, thefrequency changes could get poorly smoothed across long frames. The frame length is ultimatelychosen as a compromise between these two problems. Because of the bin resolution dilemma, phasevocoders also have some di�culty with polyphonic music sources, since the probability is then higherthat di�erent notes from separate instruments will reside in the same FFT bin. In addition, if thereis a considerable amount of noise in the signal, this can also corrupt the phase estimates in eachbin, and therefore reduce the quality of the time-scale modi�cation.1.2.3 Sinusoidal ModelingSinusoidal modeling is a powerful modi�cation technique that represents speech or audio as a sumof sinusoids tracked over time (Smith and Serra, 1987; McAulay and Quatieri, 1986b). A brief intro-duction will be presented here, but many more details will be shown later in Chapter 3. At a givenframe of audio, spectral analysis is performed in order to estimate a set of sinusoidal parameters;each triad consists of a peak amplitude, frequency, and phase. At the synthesis end, the frame-rate parameters are interpolated to sample-rate parameters. The amplitudes are simply linearlyinterpolated, however the phase is usually interpolated using a cubic polynomial interpolation �lter(McAulay and Quatieri, 1986b), which implies parabolic frequency interpolation. These interpolatedparameters can then be synthesized using a bank of sinusoidal oscillators. A more computationallye�cient method is to synthesize these parameters using an inverse FFT (McAualay and Quatieri,1988; Rodet and Depalle, 1992).With a parametric representation of the input signal, it is now relatively simple to perform bothpitch and time-scale modi�cations on these parameters. To perform pitch-scale modi�cations, simplyscale the frequency values of the all of the sinusoidal parameters accordingly. To perform time-scalemodi�cations, simply change the time between the analysis parameters at the synthesis end. Theamplitude is easily interpolated across this di�erent time span, but frequency and phase must beinterpolated carefully in order to maintain smooth transitions between frames. Details about phaseinterpolation will be later discussed in Section 3.4.Sinusoidal modeling has historically been used in the �elds of both speech data compression(McAulay and Quatieri, 1995) and computer music analysis/transformation/synthesis (Smith andSerra, 1987). In the computer music world, sinusoids alone were not found su�cient to model highquality, wideband audio. From computer music, Serra (1989) made the contribution of a residualnoise model, that models the non-sinusoidal segment of the input as a time-varying noise source.



18 CHAPTER 1. AUDIO REPRESENTATIONSThese systems are referred to as sines+noise algorithms. More recently, people have started usingsinusoidal modeling (Edler et al., 1996) and sines+noise modeling (Grill et al., 1998a) in widebandaudio data compression systems and modi�cations. Some found that sines and noise alone were notsu�cient, and added a transient model. These systems are referred to as sines+transients+noisesystems, and were used for audio data compression (Ali, 1996; Hamdy et al., 1996) and audiomodi�cations (K.N.Hamdy et al., 1997; Verma and Meng, 1998). The goal of this thesis is touse a sines+transients+noise representation that is useful for both audio data compression andmodi�cations (Levine and Smith, 1998). Much more about this system will explained later in thethesis.1.3 Compressed Domain ProcessingThis section investigates compression methods that allow modi�cations to be performed in theirrespective compressed domains. This is contrast to the methods in Section 1.1 that were optimizedfor data compression, but not modi�cations; or, the methods of Section 1.2 which were optimized formodi�cations and not data compression. As more and more media (speech, audio, image, video) arebeing transmitted and stored digitally, they are all data compressed at some point in the chain. Ifone receives data compressed media, modi�es it somehow, and then retransmits the data compressed,then one would want to operate on the compressed data itself, as seen in Figure 1.10. Otherwise,one would have to uncompress the incoming data, modify the data, and then compress the dataagain, as can be seen in Figure 1.11. These extra steps of decompression and compression can beof very high complexity, not to mention requiring more memory and latency. In addition, there isa loss of quality every time most transform coders repeat encoding and decoding steps. Examplesof such media modi�cations would be adding subtitles to video, cropping or rotating an image, ortime-scaling an audio segment.
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modifications

compressed                                             compressed
data                                                         modified dataFig. 1.10. Performing modi�cations in the compressed-domain
decoder                modifications               encoder

raw                           modified                   compressed
data                           raw data                         data
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dataFig. 1.11. Performing modi�cations by switching to the uncompressed domain



1.3. COMPRESSED DOMAIN PROCESSING 191.3.1 Image & Video Compressed-Domain ProcessingWith the advent of DVD, digital satellite broadcast, and digital High De�nition Television (HDTV),there is now an enormous amount of digital, data-compressed video in the world. The data ratefor raw, NTSC-quality television is approximately 100 Gbytes/hour, or about 27 Mbytes/sec. Inaddition, the complexity for video encoding using MPEG (Le Gall, 1991) or M-JPEG (Pennebaker,1992) is enormous. Therefore, a huge savings is possible if modi�cations can be performed in thecompressed domain. In the past few years, several researchers have been able to perform quite a fewmodi�cations on MPEG or M-JPEG standard bitstreams.Video compression algorithms like MPEG and M-JPEG begin by segmenting images into blocksof pixels (usually 8x8). In M-JPEG, a block of pixels is �rst transformed by a two-dimensionalDCT, then quantized, scanned in a zig-zag manner, and �nally entropy encoded. MPEG encodeseach frame in a similar manner to M-JPEG, but uses motion compensation to reduce the temporalredundancy between video frames. The goal of compressed-domain video and image processing is toperform the operations on the DCT values instead of having to use an inverse-DCT to get back tothe spatial domain, perform the modi�cations, and then encode/compress the images again. Becauseof the entropy encoding and motion compensation, a partial decode of the bitstream is necessary.But, this partial decoding complexity is still far less than a full decode and encode.The �rst results for compressed domain image & video processing were performed on M-JPEGdata, which enabled compositing, subtitles, scaling, and translation using only compressed bitstreams(Chang et al., 1992; Smith, 1994). It was also shown that the same modi�cations can be performedwith an MPEG stream while accounting for the motion compensation vectors (Shen and Sethi,1996). In addition, it is also possible to perform indexing and editing directly on MPEG streams(Meng and Chang, 1996). Indexing is based on searching the compressed bitstream for scene cuts,camera operations, dissolve, and moving object detection. The compressed domain editing featuresallows users to cut, copy, and paste video segments.1.3.2 Audio Compressed-Domain ProcessingWhile much work has been done in the image & video compressed domain world, comparativelylittle has been done in the audio compressed domain world. In the AC-3 compression standard, itis also possible to perform dynamic range compression on the compressed bitstream (Todd et al.,1994). Dynamic range compression makes the loudest segments softer and the softest segmentslouder (Stikvoort, 1986). In this manner, the listener hears a smaller dynamic range, which isbene�cial for non-ideal listening environments like car radios and movie theaters. For MPEG LayersI and II (Brandenburg and Stoll, 1994), it was shown that it is possible to downmix togetherseveral compressed data streams into one compressed stream, and still maintain the original bitrate(Broadhead and Owen, 1995). This MPEG standard will be discussed in more detail in Section



20 CHAPTER 1. AUDIO REPRESENTATIONS4.1. The same paper also discusses issues in performing equalization (EQ) on the compressed data,by using short FIR �lters on the 32 uniform subband signals. These �lters try to minimize thediscontinuity in gain between adjoining critically sampled subbands, which could cause problemswith the aliasing cancellation properties. In addition to EQ and mixing, it is also possible toperform e�ects processing on MPEG Layer I,II compressed audio streams. It was shown that e�ectssuch as reverberation, 
anging, chorus, and reverb are possible on the MPEG Layer I,II subbanddata (Levine, 1996). These MPEG subbands are 687 Hz wide, and this frequency resolution neverchanges. Therefore, each subband signal can be treated as a time domain signal, that happens tobe critically downsampled.Because there are only 32 bandpass �lters, each of the length 512 polyphase �lters can havevery sharp stopband attenuation, and little overlap between channels. While this method of e�ectsprocessing works well for the relatively older MPEG Layers I & II, the same quality of results arenot expected for the newer MPEG-AAC (Bosi et al., 1997) (see Section 4.1 for more AAC details).In MPEG-AAC, the 1024 bandpass �lters of length 2048 have a much slower rollo�, and thusmore spectral overlap between channels. This high amount of overlap between the AAC subbandswould make it di�cult to perform independent e�ects processing on each channel. In addition, thewindow switching changes the frequency resolution from 1024 to 128 subband channels. Therefore,each subband output cannot be considered a static critically sampled signal, since the number ofsubbands changes during transients.Time-scale modi�cation is extremely di�cult to perform in the compressed domain, assumingthat the compression algorithm is a transform coder using MDCTs. First, consider each kth bincoe�cient over time as a signal, xk(t). This signal is critically sampled and will therefore be approx-imately white (spectrally 
at), assuming a large number of bins. As was shown in Herre and Eberlin(1993), the spectral 
atness of MDCT coe�cients increases as the number of subbands increases.Also, the lowest frequency bins may be somewhat predictable (i.e., colored), but the majority ofthe remaining bins are spectrally 
at. In some cases of very tonal, steady-state and monophonicnotes, the coe�cients may be predictable over time. But, this case is rare in wideband, polyphonicaudio. Attempting to interpolate an approximately white signal is nearly impossible. Therefore,interpolating critically-sampled MDCT coe�cients across time, as is done with oversampled FFTmagnitudes and phases for the phase vocoder, is extremely di�cult. Also, it has recently beenshown that time-scale modi�cation via frequency domain interpolation is possible (Ferreira, 1998),but this is using the 2x oversampled DFT, not the critically-sampled MDCT, and has only showngood results for tonal signals.Operations like dynamic range compression are still relatively simple for the most complex trans-form coders, but mixing compressed streams together becomes much more di�cult. In order to mixN AAC streams, for example, one would have to perform a partial decoder of the N streams, sumtheir MDCT coe�cients together, compute another psychoacoustic masking function of the summed



1.3. COMPRESSED DOMAIN PROCESSING 21sources, and run the joint rate-distortion loops again. The psychoacoustic model and rate-distortionloops comprise the majority of the encoder complexity, so not much complexity is saved by work-ing in the compressed domain. Of course, once these N streams are mixed, they cannot again beseparated.Therefore, modern transform coders, while getting very high compression rates, are not wellsuited for compressed domain processing. The main goal of this thesis is to provide a system thatallows for high quality compression rates, while enabling the user to perform compressed-domainprocessing. While there are some slight tradeo�s in compression quality in this system relative totransform coders, there are great bene�ts in having a 
exible audio representation that can be easilytime/pitch modi�ed. In the next chapter, the system level overview will be presented, showinghow audio can be segmented and represented by sines+transients+noise. Afterwards, there is adetailed chapter for each of these three signal representations. Chapter 6 will then discuss how theserepresentations can be time and pitch-scale modi�ed.
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Chapter 2
System OverviewAs stated in the previous chapter, the goal of this thesis is to present a system that can bothperform data compression and compressed-domain modi�cations. In this chapter, the overall systemdesign will be described at a high level. In Section 2.1, the segmentation of the time-frequencyplane into sines, transients, and noise will be discussed. The transient detector, which assists insegmenting the time/frequency plane, will be discussed in Section 2.2. The compressed domainprocessing algorithms will then be brie
y discussed in Section 2.3. After the high level descriptionin this chapter, the next three chapters will describe the sines, transients, and noise representationsin much more detail.Because this system is designed to be able to perform both compression and compressed-domainmodi�cations, some tradeo�s were made. If one wanted just high quality data compression, onewould use some variant of the modern transform coders (Bosi et al., 1997). If one wanted the bestwideband audio modi�cations possible today, one would most likely use some sort of phase vocoder(Laroche and Dolson, 1997) or time-domain techniques (Moulines and Laroche, 1995), dependingon the time-scaling factor (even though both have di�culties with transients). While both of thesesystems are good in their own realms, neither can perform both data compression and modi�cations.This system is designed to be able to compress audio at 32 kbits/ch with quality similar to thatof MPEG-AAC at the same bitrate (Levine and Smith, 1998). This bitrate is usually one of thebenchmarks for Internet audio compression algorithms, since most 56 kbps home modems can easilystream this data rate. In addition to data compression, high quality time-scale and pitch-scalemodi�cations can also be performed in the compressed domain.2.1 Time-Frequency SegmentationThis hybrid system represents all incoming audio as a combination of sinusoids, transients, andnoise. Initially, the transient detector segments the original signal (in time) between transients and23



24 CHAPTER 2. SYSTEM OVERVIEWnon-transient regions. During non-transient regions, the signal is represented by sinusoids below 5kHz, and the signal is represented by �ltered noise from 0 to 16 kHz. During short-time transientregions (approximately 66 msec in length), a transform coder models the signal. At the transitionsbefore and after the transients, care is taken to smoothly cross-fade between the representations ina phase-locked manner. A high level system 
ow diagram can be seen in Figure 2.1.
multiresolution
sinusoidal
modeling

transform-coded
transients

Bark-band
noise modeling

transient
detector

Sines

Transients

Noise

Input signal

Fig. 2.1. A simpli�ed diagram of the entire compression systemFor a graphical description of the time-frequency segmentation, see Figure 2.2. The region from45 to 110 msec is clearly marked as a transient region. The transient signal is a bass drum hit.During that time period, the time-frequency plane is uniformly segmented into equal area rectanglescorresponding to the uniform bin widths of an MDCT transform coder. This transform coder willbrie
y be discussed in Section 2.1.2. During the non-transient regions and below 5 kHz, the time-frequency plane is non-uniformly divided using multiresolution sinusoidal modeling techniques, tobe introduced in Section 2.1.1. Above 5 kHz during the non-transient regions, the time-frequencyplane is uniformly divided in time, but nonuniformly in frequency. These time-frequency rectanglesare each represented by noise modeling, to be discussed in Section 2.1.3. Below 5 kHz during thenontransient region, there is also noise modeling that performs a non-uniform division in frequency.But for simplicity of the following time/frequency diagrams, only the multiresolution sinusoidalmodeling is shown below 5 kHz.2.1.1 SinesAs will be discussed in much more detail in Chapter 3, the non-transient region from 0 to 5 kHz ismodeled as a sum of time-varying multiresolution sinusoids (Levine et al., 1998). The representationis termed multiresolution because the analysis front-end used to obtain the parameters is an octave-spaced �lter bank. The parameters in the lowest octave are obtained with good frequency and poortime resolution. The highest octave has good time and poor frequency resolution. By varying thetime-frequency resolutions, artifacts such as pre-echo are reduced, and quality is generally improvedfor polyphonic audio. This multiresolution analysis is the reason that the time-frequency tiling in
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Fig. 2.2. The initial time-frequency segmentation into sines, transients and noiseFigure 2.2 is non-uniform below 5 kHz. Each non-uniform rectangle represents a set of sinusoidalparameters at a given octave at a given time-frequency resolution.Sinusoids model only the bandwidth from 0 to 5 kHz for several reasons. First of all, no signalis represented by sinusoids above 5 kHz for bitrate constraint reasons. For most music at the lowtarget bitrates (� 32 kbps/ch), modeling the bandwidth between 5 to 16 kHz as �ltered noise isnot an unreasonable approximation. One can generate worst-case signals that would break thisapproximation, such as solo, bright-timbre harmonic instruments. But, this system was created forany generic polyphonic audio input. Most music has few isolated sinusoidal peaks above 5 kHz;thus, this seems like a reasonable approach. Ideally, and with more system complexity, the cuto�frequency for sinusoids could adapt with the input signal. If one desires a system for higher qualitymodi�cation and synthesis with no bitrate constraints, sinusoidal modeling can be used over theentire bandwidth of the audio signal. In this case, a residual noise model would also span the entirebandwidth, as was performed in Serra (1989).2.1.2 TransientsSinusoidal modeling proved to be insu�cient to model signals such as sudden attack transients well.Most attack transients are broadband signals, meaning that there are no tonal peaks. One couldmodel an attack with hundreds of sinusoids (additionally requiring costly phase information), butthis would require too many bits. In addition, the beginning time-domain envelope is crucial inrepresenting these attacks well. The window lengths necessary for sinusoidal modeling to resolvetones in the lower octaves are too long to model the sudden changes in amplitude. If one tried



26 CHAPTER 2. SYSTEM OVERVIEWto approximate attacks using sinusoidal modeling, the many sinusoids would slowly be ramped onbefore on the transient, resulting in pre-echo. For these reasons, transform coding is used over theshort time region (approximately 66 msec) of the attack transient onset. Modeling transients usingtransform coding will be described in more detail later in Chapter 4.2.1.3 NoiseDuring all non-transient regions of audio, all frequencies above 5 kHz are e�ciently modeled as Bark-band noise. As mentioned previously, certainly not all audio is simply �ltered noise above 5 kHz.But at very low bitrates, the inaccuracies of modeling high frequency signals with noise sounds muchbetter than the artifacts of a bit-starved transform coder or a sparsely populated sinusoidal coder.The bandwidth between 5 and 16 kHz is divided into six Bark bands, and every approximately 3msec, an energy gain in each Bark band is estimated. To synthesize the noise, the decoder generateswhite noise, and is then �ltered by the Bark-band gains. During non-transient regions of audio below5 kHz, the residual between the multiresolution sinusoids and the original signal is also modeled asBark-band noise. The low frequency, residual noise model has a slower frame rate than that of thehigh frequency noise model, but the noise is modeled in mostly the same manner. More details onthe psychoacoustics and the quantization methods of noise modeling will be discussed in Chapter 5.2.2 Transient DetectionThe transient detector determines when a signal switches between the parametric representationof sines+noise and the non-parametric, transform coded transients. By switching back and forth,the transients are faithfully represented by transform coding for only a short amount of time (66msec). These transient signals change so quickly in time and frequency, the sinusoidal modelingand Bark-band noise modeling cannot represent the waveform well. Because the system needs toperform time and pitch-scale modi�cations on the compressed data, transform coding is only usedfor a very short amount of time. Transform coding is not a parametric representation; that is, itscritically sampled coe�cients cannot be stretched, scaled, or manipulated to perform modi�cations.As will soon be discussed brie
y in Section 2.3, these transients are translated in time to performtime-scale modi�cations, rather than stretching the transients themselves.2.2.1 Other SystemsThe only other reference found that uses transient detection with sinusoidal modeling is Masri andBateman (1996). In that system, which is based on a traditional sines+noise representation (Serra,1989), an FFT magnitude transient detector with a linear frequency weighting factor locates transientlocations. Care is taken such that no sinusoidal analysis window straddles a transient region. It



2.2. TRANSIENT DETECTION 27is assumed that the sinusoidal parameters are reasonably stationary before and after the transientpoint in time. Since analysis windows are placed in time such that none crosses a transient boundary,it is assumed that the sinusoidal parameters are reasonable estimates of the signal. The signal atthe transient region is extrapolated from the sinusoidal analysis windows just before and after thetransient region, which are crossfaded across a 5.8 msec region. While improvements are shownfor some transients, they mention some degradation for bass drum and snare hits. This is mostlikely due to the crossfading of synthesized frames strictly before and after the attack transient.No explicit analysis is performed during the attack transient, which holds much of perceptuallyimportant information of the entire sound (Grey, 1975).2.2.2 Transitions between Sines and TransientsIn the system presented in this thesis, no sinusoidal analysis window overlaps the transient locationeither. The time region not covered by analysis windows is covered by a series of short (2.9 msec)windows for an MDCT transform coder. This property can be seen in Figure 2.3. Notice that noneof the three octaves' sinusoidal analysis windows cover the time range of the initial drum attackat t=80 msec. These separate windows in each octave will be described in more detail later inSection 3.1. But, in the time region surrounding the drum attack, the short (2.9 msec) windowsfrom the MDCT transform coder are used. It is important to note that the three octaves of windowscorrespond to sinusoidal modeling while the top plot of short windows correspond to transformcoding the transient.2.2.3 Transient Detection AlgorithmMuch care is taken in choosing the correct transient onset times. On the one hand, one doesn't wanttoo many transient onsets per second. Taken to the extreme and the entire signal were classi�edas transient onsets, then the compressed transform-coded transient data could not be time or pitchscaled (only sines+noise can be scaled; transients are translated). On the other hand, if the transientdetector were not sensitive enough, some attacks would be modeled by sines+noise and would havedull onsets.After much experimentation, the transient detector uses two combined methods to �nd the onsettimes. The �rst method looks at the rising edges of the short-time energy of the input signal. Thiscan be seen as the bottom chain in Figure 2.4. The energy estimate is taken over 512 point (@ 44.1kHz) Hamming windows, with an overlap of 50%. The rising edge detector is a simple predictor thatlooks at the present frame's energy estimate versus a weighted sum of previous frames' energies. Ifthe current energy is much larger than the average of the previous short-time energies, then thisframe is a candidate for being a transient region.The second method �rst looks at the short-time energy of the residual between the original signal
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Fig. 2.3. This �gure shows the analysis windows for the transform-coded transients (top) and thethree octaves of multiresolution sinusoidal modeling (middle three). The bottom plot shows theoriginal time domain signal of a bass drum hit.and its synthesized version using multiresolution sinusoidal modeling. At each frame l, with hopsize M , a ratio is taken between the short-time energies:ratio(l) = residual energy(l)original energy(l) = Pl(M+1)�1n=lM w(n)[y(n) � x(n)]2Pl(M+1)�1n=lM w(n)x2(n) (2.1)In the above equation, x(n) is the original signal, y(n) is the signal synthesized using multiresolutionsinusoidal modeling, and w(n) is the Hamming window. All phase information is used in this instanceof multiresolution sinusoidal synthesis in order to create a meaningful residual. At the decoder, onlyphase information surrounding the transient region will be received. More on these phase speci�cswill be discussed in Section 3.4.3.When the ratio is near zero, sinusoidal modeling was a reasonable representation of the original



2.2. TRANSIENT DETECTION 29
multiresolution
sinusoidal
modeling

short-time
energies
short-time                    rising edge
energies                         detector

short-time
energies
short-time
energies

residual ratio
thresholding

input
transient
locations

Fig. 2.4. The transient detectorsignal in that frame (in a mean square sense). Because sinusoidal modeling represented the signalwell, it is not likely an attack transient occurred in this frame. When the ratio is near one, thesinusoidal modeling did not perform a close match to the original, and makes this frame a likelycandidate for a transient region. The ratio can actually be much larger than one in the case of a rapidattack transient due to pre-echo problems. Pre-echo, which will be discussed later in Section 3.1,is less of a problem using multiresolution sinusoidal modeling than traditional sinusoidal modeling.Nonetheless, pre-echo is still present and audible even with multiresolution techniques. As a graphicalexample, see Figure 2.5. The top plot shows the original bass drum attack, with its sudden attack att=80 milliseconds. When the signal is synthesized using only multiresolution sinusoidal modeling,the synthesized signal's amplitude is ramped up before t=80 msec due to the analysis window lengths.Therefore, the energy of the residual gets much larger than the original signal's energy right aroundthe attack transient. This makes the energy ratio large, and thus detects a transient location.Finally, the thresholding decision in Figure 2.4 looks at the onset time region candidates fromboth methods. If both methods agree in a given frame that the ratio of energies is high and thereis a rising edge in the original short-time energy, then the current frame is labeled as a transientregion. Once a transient frame is found, the surrounding frames in a neighborhood of the previous 50msec and the future 150 msec are forever labeled as non-transient regions. In this manner, spurioustransients are eliminated and the total number of transients is limited to �ve per second. To viewall of the steps in determining the �nal transient locations, see Figure 2.6.
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Fig. 2.5. This �gure shows the pre-echo problems due to sinusoidal modeling. The top plot showsthe original signal, and the middle plot shows the signal modeled using multiresolution sinusoidaltechniques. The bottom signal shows the residual between the top two plots. Pre-echo artifacts areevident between t=60 to 75 msec, whereby the sinusoids are ramped from zero amplitude towardsthe intended amplitudes during the attack transient. The transient detector will locate evidence ofthe pre-echo artifacts and determine this time as a transient region. Therefore, transform codingwill be used during the time region instead of sinusoidal (and noise) modeling. An example of thedi�erent models adaptively switching can be seen later in Figure 4.3.
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Fig. 2.6. This �gure shows the steps in �nding a transient location. The top plot shows the originalbass drum hit, as was shown in Figure 2.5. The second plot shows the sinusoidal synthesized versionof the original signal. The next plot is the residual signal between the top two plots. The fourthplot shows the output of the rising edge detector of the original input signal. The next �gure showsthe ratio between the short-time energies of the residual and the original energies, as shown inEquation (2.1). The �nal plot at the bottom shows the result of the complete transient detector.At approximately t=80 msec, a transient is successfully located at the bass drum attack time. Boththe rising edge detector of the original input energy, and the short-time energy ratio are high at thatpoint in time.



32 CHAPTER 2. SYSTEM OVERVIEW2.3 Compressed Domain Modi�cationsThe bene�t of segmenting audio into sines+transient+noise is that each of the three representationscan be handled separately when performing modi�cations. Because multiresolution sinusoidal mod-eling and Bark-band noise modeling are parametric representations, they can be stretched, scaled,and manipulated easily. But, the MDCT coe�cients in transform coding cannot be so easily mod-i�ed. Transform coding is chosen primarily for its data compression capabilities, especially duringtimes of transients, when sines and noise modeling fail. This inability to modify MDCT coe�cientsis not a liability because they only model very short regions of the audio signal. More details ofthese compressed-domain modi�cations will be discussed in Chapter 6.2.3.1 Time-Scale Modi�cationsSince the transients are separated from the non-transient signals (sines+noise) in this representation,they are handled separately for time-scale modi�cation. When slowing a signal, one desires to stillhave the attacks sudden and crisp. If a drummer plays a song at half the original speed, thedrumsticks still hit the drum head at the same speed. The attacks are just as abrupt; they justhappen less often. The same paradigm is present in this system; the non-transients are stretchedin time, but the transients are simply translated to their new position in time. Figure 2.7 givesa graphical result of this system. Notice that the abrupt attack transient is present in both theoriginal and the time-scaled synthesized version. More details of the time-scale modi�cation, andprecisely how sines, transients, and noise are altered will be presented in Section 6.1.2.3.2 Pitch-Scale Modi�cationsPitch-scale modi�cation is processing that changes the pitch structure of a signal without changingits playback speed. In this system, the pitches of the sinusoidal modeling region can easily bechanged by altering their respective frequency parameters. The transient information is currentlynot pitch shifted, since the attacks are usually broadband and do not contain pitched information.The noise signal is also not pitch-altered. More details on pitch-scale modi�cation will be shownlater in Section 6.2.
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Fig. 2.7. This �gure shows an example of time-scale modi�cation. The top �gure shows the originalsignal of a bass drum hit, previously shown in Figures 2.5 and 2.6. The bottom plot shows the signaltime-scale modi�ed slower by a factor of two. Notice that the attack is just as sudden as in theoriginal signal, but the decay region has been stretched.
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Chapter 3
Multiresolution SinusoidalModelingSinusoidal modeling has been shown over the years to be a powerful signal representation forspeech and monophonic audio (Serra, 1989; McAulay and Quatieri, 1986a). By modeling the inputsignal as a set of slowly varying sinusoids, one gains both a bitrate e�cient and malleable represen-tation. In the simplest form, sinusoidal modeling can be pictured as in Figure 3.1. The signal iswindowed into frames, and then processed through a �lter bank, with K uniformly spaced frequencybins. Parameter estimation is performed to obtain amplitude and frequency (and sometimes phase)parameters of R meaningful spectral peaks. After the parameter estimation, some sort of trackingis usually performed, that groups sinusoidal parameters from frame to frame into trajectories. Tosynthesize the signal, each set of sinusoidal parameters in a trajectory is sent to an oscillator or anIFFT (Rodet and Depalle, 1992), and the result is summed.
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hK-1Fig. 3.1. A simpli�ed model of sinusoidal modelingClassical sinusoidal modeling does have some drawbacks, however. For one, transients are notwell modeled with a bank of sinusoids because transients are usually broadband in frequency and35



36 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGnot tonal. This problem has been mostly solved by segmenting the signal and allowing a transformcoder to model all the transient-like segments of the input, as will be later discussed in Chapter 4.Therefore, the sinusoidal modeling section only observes non-transient signals. A second drawbackof classical sinusoidal modeling is its inability to handle polyphonic inputs well (as opposed to speechand solo instruments). By using multiresolution analysis techniques to be discussed in this chapter,polyphonic audio inputs are now well modeled. Another development presented in this chapteris the psychoacoustically motivated quantization methods of the sinusoidal parameters in order tominimize the bitrate requirements of such a representation.An overview of the newly developed sinusoidal modeling subsystem can be seen in Figure 3.2.Initially, the input audio is �rst split into three octave-band signals by the multiresolution �lterbank, which will be discussed in Section 3.1. Each octave will then be further split into uniformlyspaced frequency divisions using FFTs. Sinusoidal parameters, such as amplitude, frequency, andphase, are derived in the parameter estimation section, which will be discussed in Section 3.2.These parameters found in each frame of audio are formed into trajectories that can span severalframes in the tracking subsystem, detailed in Section 3.3. Parallel to the tracking subsystem, themasking thresholds subsystem estimates the perceptual importance of each sinusoidal parameterand trajectory. These steps will be discussed in Section 3.5. The transient detector is the samealgorithm as discussed is Section 2.2, and was shown previously in Figure 2.1. If the input signal iscurrently classi�ed as a transient, then no trajectories are selected at that time so as to allow onlythe transient-modeling transform-coder to model the current input signal. Therefore, depending onthe tracks' perceptual importance and the state of the transient detector, the trajectory selectionsubsystem chooses which sinusoidal tracks to keep and which to eliminate. This selection process willbe discussed in Section 3.6. After all the tracks have been chosen, then the trajectory quantizationsubsystem e�ciently represents the sinusoidal trajectory, which will be discussed in Section 3.7.
parameter            tracking           trajectory         trajectory
estimation                                    selection        quantization

masking
thresholds

transient
detector

multiresolution
filterbank

Fig. 3.2. An overview of the multiresolution sinusoidal system



3.1. ANALYSIS FILTER BANK 373.1 Analysis Filter BankIn sinusoidal modeling, the parameter estimation is always preceded by an analysis �lter bank.The analysis �lter bank, and thus the parameter estimation, is a frame-based algorithm. That is,parameters are updated once every frame. When the signal is eventually synthesized, sample-ratesinusoidal parameters are interpolated from the frame-rate parameter estimations that are deemed tobe in the same trajectory. This decision of which frame-rate parameters belong to which trajectorieswill later be discussed in Section 3.3.More speci�cally, for each frame l of hop-size S, the synthesized sound, s(m+lS), can be describedas s(m+ lS) = RlXr=1Ar;l cos[m!r;l + �r;l] m = 0; : : : ; S � 1 (3.1)The sinusoidal frame-rate parameters fAr;l; !r;l; �r;lg show the estimated amplitude, frequency, andphase of the rth partial in the lth frame. To avoid frame-rate discontinuities, Equation (3.1) isaltered to use interpolated parameters:s(m+ lS) = RlXr=1 Âr;l(m) cos[�̂r;l(m)] m = 0; : : : ; S � 1 (3.2)The sample-rate amplitude parameters are simply linearly interpolated from the frame-rate pa-rameters: Âr;l(m) = Ar;l + (Ar;l+1 �Ar;l)mS m = 0; : : : ; S � 1 (3.3)The instantaneous phase, cos[�̂r;l(m)], is a more complex interpolation utilizing the adjacent-timeestimated frequencies f!r;l; !r;l+1g and phases f�r;l; �r;l+1g. This phase interpolation algorithm willbe described in more detail in Section 3.4.3.1.1 Window Length ChoicesNo matter how elaborate the parameter interpolation algorithms are, there will still be synthesisartifacts due to the limited time-resolution of the frame-rate parameters. As a simpli�ed example ofthis problem, view Figure 3.3. This arti�cial input signal contains a sinusoid that instantaneouslybegins at t=16 msec. The analysis window used in this example is 1024 points long (23 msec @44.1 kHz). In the synthesized signal, shown in the middle, the amplitude is linearly ramped, usingEquation (3.3) over 23 msec., from t=6 to t=29 msec. From the bottom error signal, it is apparentthat the error energy begins before the original signal begins. This artifact is called pre-echo, a termalso used widely in the transform-coding audio compression world to describe the quantization noisespread evenly throughout a frame that could occur prior to an attack transient in that frame.To reduce this pre-echo e�ect, one could simply reduce the analysis window length to belowthe perceptible temporal resolution of the ear. But, since the pre-masking e�ects of hearing is only
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Fig. 3.3. Pre-echo artifacts in sinusoidal modelingabout 2-3 msec (Zwicker and Fastl, 1990), this analysis window would have extremely poor frequencyresolution at low frequencies. A 2 millisecond window would have a bin spacing of 500 Hz. If twosinusoids were within the same 500 Hz wide bin, they could not be reliably resolved. Because thepitch scale is logarithmic, lower pitches (or keys on a piano) are much closer in frequency than highpitches. Thus, all lower pitches require higher frequency resolution than higher pitches. Put anotherway, it is desirable to have a window length at least two to three times the length of the sinusoidcurrently being estimated. Herein lies the problem: a sinusoidal analysis system desires both:� Good time resolution in order to reduce pre-echo artifacts and track fast moving sinusoids likesignals with vibrato� Good frequency resolution in order to resolve two closely spaced sinusoids, especially at lowfrequenciesBut, a single analysis window determines both time and frequency resolution. The better the timeresolution, the poorer the frequency resolution, and vice-versa.Previous works have chosen a pitch-synchronous analysis in order to resolve the time-frequencytrade-o�s (Serra, 1997; McAulay and Quatieri, 1995). As often as once a frame, a pitch estimateis calculated. Then, the analysis window is adjusted accordingly; the lower the pitch, the longerthe window. This pitch-estimation does not solve the pre-echo problem, but does assure that allpartials equal and above the fundamental will be resolved. In fact, the lower the fundamental pitch,the longer the window, and the worse the pre-echo problem. This approach works reasonably well



3.1. ANALYSIS FILTER BANK 39if the input signal can be assumed to be monophonic and single-pitched. For polyphonic audio, it isimpractical to attempt to discern multiple pitches. Even if all pitches could reliably be discerned,then one still must choose one of the fundamental pitches to use for the single analysis window.3.1.2 Multiresolution AnalysisTo solve this window-length problem, the input signal is split into several bandlimited frequencyranges, and a window length is designated for each channel individually. This allows the system tohave good frequency resolution in a low frequency range (with poor time resolution), but also goodtime resolution at higher frequencies (with poor frequency resolution). Thus, the sinusoidal analysisis termed multiresolution.There have been several di�erent previous approaches to solving the sinusoidal parameter estima-tion problem in a multiresolution manner. One method is to input a signal through an octave-spaced,critically sampled, wavelet �lter bank (Goodwin and Vetterli, 1996; Anderson, 1996; Rodriguez-Hernandez and Casajus-Quiros, 1994), and perform sinusoidal modeling on the channels. Thisresults in relatively low complexity, but there is no known way to eliminate all aliasing betweenchannels in the �lter bank (without performing an inverse �lter bank). Therefore, each channelestimates sinusoidal parameters of the actual bandpassed-octave signal, in addition to parametersof the aliased octaves adjacent in frequency. It is possible to reduce these cross-talk aliasing terms(Anderson, 1996; Edler, 1992; Tang et al., 1995), but complexity is now raised, and the results havenot been su�cient for high quality, wideband sinusoidal modeling.Another multiresolution approach to sinusoidal modeling is to use a parallel bank of constant-Qbandpass �lters as a front end (Goodwin and Vetterli, 1996; Ellis and Vercoe, 1991). Then, onecan perform sinusoidal modeling on each bandpass �lter output. Although this method works well,there is no downsampling, and the structure is highly oversampled. The amount of data storage andcomplexity increases linearly with the number of bandpass �lters.A third recent approach is to take multiple sliding FFTs of the same audio input (Anderson,1996). Each FFT has a di�erent window length, and thus a di�erent time-frequency plane tiling.The long windowed, low frequency FFT output is fed into sinusoidal modeling for low frequencysinusoids; similarly, short windowed, high-frequency FFT data is fed into sinusoidal modeling forhigh frequency sinusoids. Complexity in this algorithm also linearly increases with the number ofoctaves, of FFTs sets, taken.In this system, an octave-spaced, complementary �lter bank (Fliege and Zolzer, 1993) is the frontend to a bank of sinusoidal modeling algorithms. Each channel output goes into a separate sinusoidalmodeling block, with its own window and analysis parameters, as seen in Figure 3.4. Notice thatthere is no synthesis �lter bank. The fA;!; �g parameters are extracted from the several independentparameter estimation blocks, and then are fed into a sinusoidal synthesizer.Thus, the two main problems of previous schemes are avoided: with the �lter bank discussed in
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bottom octaveFig. 3.4. The overall multiresolution sinusoidal modeling system. The front-end is a series ofiterated complementary �lter banks, of which each section is shown in Figure 3.5. For simplicity,the tracking, quantization, and psychoacoustic modeling are not shown.the next section, the aliasing cross-talk problem as seen in wavelet �lter bank front-ends is avoided.By introducing downsampling into the �lter bank, the high costs of storage, memory, and complexityas seen in the constant-Q non-decimated �lter banks, or the multiple FFT schemes, are eliminated.3.1.3 Alias-free SubbandsThe octave-spaced, oversampled �lter bank is designed to assure that the subband signals are alias-free. There is overlap in frequency ranges between the channels, but no frequencies get folded overdue to the subsampling. This �lter bank structure is based upon the Laplacian pyramid structure(Burt and Adelson, 1983) from the multiresolution image compression world. The enhancementmade to the Laplacian structure is the intermediate �lter Hb, as seen in Figure 3.5. The �lter Hbeliminates the spectral copy shifted to ! = � after the lowpass �lter Hd and downsampling. If Hdwere an ideal lowpass (brickwall) �lter, then there would be no overlapping spectral copy; but thisis not the case in practice. Each of the lettered steps in Figure 3.5 correspond to the simpli�edspectral diagrams in Figure 3.6.
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Fig. 3.5. A section of a complementary �lter bank. The input signal, at sampling rate fs is splitinto a highpass signal of rate fs and a lowpass signal of rate fs=2. Each lettered segment of thediagram is pictured in the frequency domain in Figure 3.6.
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f )Fig. 3.6. The frequency domain steps of a complementary �lter bank that attenuates any aliasingenergy due to downsampling with non-ideal interpolation �lters. Each lettered step corresponds toa signal diagram of Figure 3.5. Step a) shows the initial signal lowpass �ltered. Step b) shows thelowpass signal after downsampling by two, along with the aliased energy in the neighborhood of ��.Step c) �lters the previous signal with the bandlimiting �lter Hb. This �lter assures that the aliasedenergy is attenuated beyond perceptual limits. Part d) shows the resulting �ltered signal, which isthe subsampled, lowpass octave signal. Part e) shows the preceding signal when upsampled by 2,and then lowpass �ltered by the interpolation �lter Hi. The �nal step shows the preceding signalupsampled by two, which is the �nal highpass octave signal.



42 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGIt is important to guarantee no aliasing in the subbands; if there were aliasing, the sinusoidalmodeling blocks may generate parameters due to the aliased sinusoids in addition to the actualsinusoids. Since there is no synthesis �lter bank, we cannot rely upon aliasing cancellation insynthesis. The sinusoidal synthesizer generates sinusoids from either a bank of oscillators, or from ablock IFFT.For this bene�t of alias-free subbands, the �lter bank can no longer be critically sampled; butrather, it is oversampled by a factor of two. This factor of two is independent of the number ofoctaves in the system. This is in contrast to the methods of Anderson (1996), and Goodwin andRodet (1994), whose complexity and data rate grow linearly as a function of the number of octaves.As a graphical example of these 2x oversampled octaves, see Figures 3.7 and 3.8. Figure 3.7shows the original time-domain signal of a tenor saxophone note. Figure 3.8 shows the originalmagnitude spectrum at the top, from 0 to 5 kHz. The next three plots show the spectra of the 2xoversampled octaves. The top octave is still at the original sampling frequency, fs, but the middleoctave is downsampled 2x at fs=2, and the lowest octave is downsampled 4x at fs=4. Because of thesuccessive downsampling, the harmonic peaks seem to be stretched apart in the lower octaves.Notice also that there is no audible aliasing between channels. Since these are not ideal �lters,there is some overlap in energy between the octaves. But, when synthesized with the correct phase,any partials that are contained in both channels constructively sum to the single, original partial.In cases where the sinusoids are synthesized without explicit phase information, as in Section 3.4.3,the system can look for these boundary case sinusoids, and alter the parameters such that they onlyappear in one of the octaves. Also notice the frequency regions of nearly zero energy in the plots ofFigure 3.8. This is also due to the fact that the �lter bank is two times oversampled. Thus, thereis almost half of the bandwidth with zero energy. If the �lter bank were critically sampled, thenthe plots would have no dead-zones, or frequency regions lacking energy. But, the energy would bepartially aliased.3.1.4 Filter Bank DesignIn this system, sinusoidal modeling is only utilized between 0 and 5 kHz, and three octaves in thisfrequency range are desired. Since the input is at a sampling rate of 44.1 kHz, some adjustmentsmust be made. The input signal could have been sample-rate converted from 44.1 kHz to 11.025kHz, and then used two sets of iterated complementary �lter bank sections to generate the threeoctave-band signals. Instead, the original signal is iterated through four complementary �lter banksections, thus producing �ve octave-band signals. Currently the top two octaves, from f11 to 22kHzg and f5.5 to 11 kHzg are discarded in the analysis. Only the lower three octaves, ranging fromapproximately f2.5 to 5 kHzg, f1.25 to 2.5 kHzg, and f0-1.25 kHzg are currently used. For futurework, and perhaps with higher allowable bitrates, these top octaves of sinusoidal modeling couldalso be used.
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Fig. 3.7. The waveform of a saxophone note, whose spectrum is seen in Figure 3.8
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Fig. 3.8. The top signal is the spectrum of a saxophone note. The next three spectra show theoversampled octaves of the multi-complementary �lter bank. Each frequency axis stretches from0 to � radians, but has been relabeled using the original frequency [Hz] axis to correlate with thefrequency axis of the original signal.



3.2. PARAMETER ESTIMATION 45Each of the three �lters fHd; Hb; Hig are all 128 point FIR �lters designed using MATLAB andthe Remez-exchange algorithm. The interpolation and decimation �lters are equivalent lowpass�lters, having a cuto� frequency of :45� and stopband starting at :55�. The bandlimiting �lter, Hb,is a lowpass �lter of almost twice the bandwidth due to its position after a downsampling operator.Its cuto� frequency is :8� and bandstop initial frequency is :9�.3.2 Parameter EstimationInstead of using traditional FFT magnitude peak picking algorithms in order to locate spectralpeaks (Serra and Smith, 1990), an approximate maximum likelihood estimation technique is used,based on the work of Thomson (1982). It was more recently used by Ali (1996) for audio sinusoidalmodeling applications. The spectral estimation techniques used in this thesis are identical to thatof Ali (1996), except that in this case, a multiresolution approach is used. Separate parameterestimation is performed on each of the three octaves, each with a di�erent e�ective window length.In this manner, higher frequency resolution is shown at the lower octaves, where it is perceptuallyneeded.Where most other methods would �nd peaks in the spectrum by �rst windowing a signal, takingthe FFT, and then locating peaks, this technique employs a set of orthogonal windows, called discreteprolate spheroidal windows, and then uses a statistical test called the F-test to decide if a sinusoidexists at a particular frequency (Thomson, 1982). The F-test, simply put, is a measure of the ratiobetween estimate of the spectral peaks at their respective frequencies to that of the continuous,non-harmonic part of the spectrum. If there are peaks in output of the F-test, called the F-value,at a given frequency, then it is assumed that there is a sinusoidal peak at that given frequency.An F-value peak is usually determined by �rst, being larger than a preset threshold, and second,being larger than its adjacent F-values in frequency. In addition to �nding the magnitude at agiven frequency, an estimation of phase is also given. This approach of sinusoidal estimation has notyet been compared directly to the simpler method of single-windowed FFT magnitude peak �nding(Smith and Serra, 1987; Serra and Smith, 1990).The results of the sinusoids estimated in this section are then checked against the results of thepsychoacoustic masking thresholds of that particular frequency region, which will be discussed inmore detail in Sections 3.5 and 3.6.As mentioned in Section 3.1.2, an octave-band, 2x oversampled �lter bank is used as a front-endto the parameter estimation and the rest of the sinusoidal modeling. By splitting the original signalinto separate, non-aliased subbands, parameter estimation algorithms can be adjusted individuallyfor each octave. In this system, the subband ranges and corresponding parameter estimation windowlengths can be seen in the following table:



46 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGfrequency range window length hop size0-1250 Hz 46 ms 23 ms1250-2500 Hz 23 ms 11.5 ms2500-5000 Hz 11.5 ms 5.75 msTo realize this system, the same length analysis windows were used on each subband. The e�ectivewindow lengths are di�erent in each octave because of the sample rate changes in each �lter banksection, as pictured in Figure 3.5. The top octave has data rate fs, and the middle octave has datarate fs=2. Since the data rate of the middle octave is half of the top octave, then the e�ectivewindow length is double that of the top octave. When the middle octave is iterated through an-other complementary �lter bank section, then the lowest octave is now at a sampling rate of fs=4,which makes its e�ective window length 4 times longer than that of the top octave. The resultingmultiresolution time-frequency segmentation can be pictured in Section 3.9. In each time-frequencyrectangle, a set of Rl sinusoidal parameters exist. Notice that the update rates for the sinusoidalparameters in each octave are di�erent.
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3.3. TRACKING 473.3 TrackingOnce sinusoidal parameters have been estimated at each frame l in each octave, then these param-eters are tracked together in interframe trajectories. The notion of having trajectories is mostly forquantization purposes. For stationary segments of input signals, the variance of sinusoidal param-eters in a single trajectory over time can be very low, and is thus easy to represent in few bits.Quantization details will be discussed later in Section 3.7. In addition, trajectory length can be animportant metric in deciding if the sinusoidal parameters in the trajectory should be kept at all.The basic premise is that trajectories that are too short may not be suitable for sinusoidal modeling,but rather some other sort of noise modeling. This topic will further be discussed in Section 3.6.The tracking system occurs in two stages for this system: the �rst stage pieces together pa-rameters that fall within certain minimum frequency deviations. These trajectories are furthersplit into more (shorter) trajectories if they do not satisfy amplitude deviation requirements. First,the frequency deviation tracking will be discussed. At frame l, there exists Rl sinusoidal param-eters, and the frequencies are f!0;l; !1;l; � � � ; !Rl�1;lg. At the next frame, l + 1, there could be adi�erent number of sinusoidal parameters than in the previous frame: Rl 6= Rl+1. The goal isthen to match up as many parameters from frame l, as de�ned earlier, to those of frame l + 1:f!0;l+1; !1;l+1; � � � ; !Rl+1�1;l+1g. Several passes are made through the two frames of sinusoidal fre-quencies to make trajectories that assure that j!m;l � !n;l+1j < �!m;l (McAulay and Quatieri,1986a; Smith and Serra, 1987). The frequency range multiplier, �, is usually set to 0.1, or a 10cent deviation. If there are sinusoidal parameters in frame l + 1 that could be connected to morethan one parameter in frame l, then the algorithm chooses trajectories that minimizes frequencydistance between the two. If a sinusoidal parameter !n;l+1 could not be successfully matched withany parameter in frame l or l + 2, it is then declared a trajectory of length one.For every trajectory that has its �rst parameter begin at frame l: fAn;l; !n;lg, an extra parameteris appended to the beginning of the trajectory, with An;l�1 = 0; !n;l�1 = !n;l. This extra ramp-onparameter allows for a smooth onset in magnitude, but also contributes to the pre-echo artifacts aspreviously discussed in Section 3.1.1. The initial phase is set accordingly:�n;l�1 = �n;l � !n;l � S (3.4)where S is the frame's hop size (McAulay and Quatieri, 1986a). In the same manner, the end ofeach sinusoidal trajectory is appended with an additional parameter set to smoothly ramp-o� thesignal. If the trajectory were estimated to end at frame p, then An;p+1 = 0 and wn;p+1 = wn;p. Theending phase is computed in the same manner as the previous Equation (3.4).After the trajectories have been formed to minimize frequency deviations, the trajectories aresearched for any amplitude discontinuities. The rationalization behind this secondary process is thatif a trajectory were found to have a large jump, say larger than 15dB jump in one frame length,then this is most likely two separate trajectories from two separate sound sources. For a graphical



48 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGexample, see Figure 3.10.
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Fig. 3.10. These two plots show the sinusoidal magnitude and frequency trajectories. The circledparameters were estimated using the F-test at the frame rate. These parameters were quantized toan approximate just noticeable di�erence (JND) scale, to be discussed later in Section 3.7. At time25 msec, there is a large magnitude jump of about 20 dB. In this case, the length 13 trajectory wouldbe split into two shorter trajectories. The �rst one would last for four frames and then be ramped-o� to zero magnitude. The second would ramp-on during the �fth frame and continue through thethirteenth frame.



3.4. SINUSOIDAL PHASES 493.4 Sinusoidal PhasesIn sinusoidal modeling, transmitting phase information is usually only necessary for one of tworeasons. The �rst reason for keeping phases is to create a residual error signal between the originaland the synthesized signal. This is needed at the encoder's transient detector (Section 2.2), but notat the decoder. Thus, we need not transmit these phases for this purpose.The second reason for transmitting phase information is for modeling attack transients well.During sharp attacks, the phases of sinusoids can be perceptually important. But in this system, nosharp attacks will be modeled by sinusoids; they will be modeled by a transform coder. Thus, wewill not need phase information for this purpose.A simple example of switching between sines and transients during attack transients is depictedin Figures 3.11 and 3.12. At time=40 ms, the sinusoids are cross-faded out and the transientsare cross-faded in. Near the end of the transients region at time=90 ms, the sinusoids are cross-faded back in. The trick is to phase-match the sinusoids during the cross-fade in/out times whileonly transmitting the phase information for the frames at the boundaries of the transient region.This transient boundary phase-locking assures that no discontinuities will be heard when switchingbetween signal modeling, even when performing time-scale modi�cation.To accomplish this goal, cubic polynomial phase interpolation (McAulay and Quatieri, 1986a)is used at the boundaries between the sinusoidal and transient regions. Phaseless reconstructionsinusoidal synthesis is used at all other times. Because only explicit phase information is sentat transient boundaries, which happen at most several times a second, the contribution of phaseinformation to the total bitrate is extremely small.First, the cubic-polynomial phase interpolation will be described. Then, the di�erences between itand phaseless reconstruction will be described. Afterwards, it will be shown how to switch seamlesslybetween the two phase interpolation schemes.3.4.1 Cubic-polynomial Phase ReconstructionRecall from Section 3.1 that during the lth frame, we estimate the R sets of parameters fAr;l; !r;l; �r;lg.These parameters must be interpolated from frame to frame to eliminate any discontinuities at theframe boundaries. The amplitude is simply linearly interpolated from frame to frame, as was shownin Equation (3.3). The phase interpolation is more complicated. We �rst create an instantaneousphase parameter, �r;l(m), which is a function of surrounding frequencies, f!r;l; !r;l+1g and surround-ing phases, f�r;l; �r;l+1g. In the following equations, the subscripts for the rth parameter in thatframe are dropped for simplicity. In addition, m will span from the frame boundary of frame l tothe boundary of frame l+ 1, which of length S samples.�̂l(m) = � + 
m+ �m2 + �m3 (3.5)
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time [milliseconds]Fig. 3.11. This �gure shows how sines and transients are combined. The top plot shows themultiresolution sinusoidal modeling component of the original signal. The sinusoids are faded-outduring the transient region. The second plot shows a transform-coded transient. The third plotshows the sum of the sines plus the transient. For comparison, the bottom plot is the original signal.The original signal has a sung vowel through the entire section, with a snare drum hit occurring att=60 ms. Notice that between 0 and 30 ms, the sines are not phase-matched with the original signal,but they do become phase-matched between 30-60 ms, when the transient signal is cross-faded in.For a zoomed-in view of this phase matching, view Figure 3.12.
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52 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGTo solve this equation, it is necessary that the above phase equation and its derivative equal thephases and frequencies estimated at the frame boundaries (frequency is the derivative of phase).Through some mathematics (McAulay and Quatieri, 1986a), the instantaneous phase can be foundto be: �̂l(m) = �l + !km+ �(M�)m2 + �(M�)m3 (3.6)The parameters � and � are solved through a set of linear equations from the boundary conditions:" �(M)�(M) # = " 3S2 � 1S� 2S3 1S2 #" �l+1 � �l � !lS + 2�M!l+1 � !l # (3.7)There are many possible values ofM , each delivering a di�erent interpolated phase function thatmatched the boundary frequency and phase conditions. But, M = M� is chosen that �nds thesmoothest function, or the one that minimizes the integral of the square of the second derivative of�̂l(m). After some algebra, M� can be found to be:M� = round� 12� �(�l + !lS � �l+1) + (!l+1 � !l) S2 �� (3.8)While using this phase interpolation algorithm allows for a high-quality, approximate phase-locked sinusoidal synthesis, it does come at a price. First of all, all estimated phases, �r;l must bequantized and transmitted for each frame. The trajectories of steady-state sinusoidal magnitudes andfrequencies are reasonably smooth, but the phase trajectories are not. For polyphonic data, the phasetrajectory signals are almost white, and therefore require more bits/parameter to encode than themagnitude or frequency trajectories. In addition to the added bitrate requirements, the complexityat the decoder necessary to perform this cubic phase interpolation is quite high. Therefore, cubicphase interpolation is only used when necessary: at the relatively seldom switching points betweensinusoidal modeling and transform-coded transient modeling.3.4.2 Phaseless ReconstructionPhaseless reconstruction is termed phaseless because it does not need explicit phase informationtransmitted in order to synthesize the signal. The resulting signal will not be phase aligned withthe original signal, but it will not have any discontinuities at frame boundaries.Instead of deriving the instantaneous phase from surrounding phases and frequencies, phaselessreconstruction derives the instantaneous phase as the integral of the instantaneous frequency (Smithand Serra, 1987). The instantaneous frequency, !r;l(m), is obtained by linear interpolation:!̂r;l(m) = !r;l�l + (!r;l � !r;l�1)S m m = 0; : : : ; S � 1



3.4. SINUSOIDAL PHASES 53Therefore, the instantaneous phase for the rth trajectory in the lth frame is:�̂r;l(m) = �r;l�1 + !̂r;l(m) (3.9)The term �r;l�1 refers to the instantaneous phase at the last sample of the previous frame. Thesignal is then synthesized using Equation (3.2), but using �r;l(m) from Equation (3.9) instead of theresult of a cubic polynomial interpolation function. For the �rst frame of phaseless reconstruction,the initial instantaneous phase is randomly picked from [��; �).3.4.3 Switched Phase ReconstructionThis section will show how to switch between phase interpolations algorithms seamlessly. As men-tioned earlier, phaseless reconstruction will be used for the majority of the time of the input signal.The synthesized sinusoids will not be phase-matched to the original. But for steady-state signals,maintaining original phase information among the many sinusoids is not perceptually important.In return, no phase information needs to be transmitted. When the transient detector locates atransient, the phase interpolation algorithm switches from the phaseless to the cubic polynomialphase interpolation algorithm. In this manner, the explicit phase information is transmitted, andthen the synthesized signal becomes approximately phase-matched with the original.As a simple example of how to switch between the interpolation algorithms, let the �rst transientin a signal begin at frame l. All frames (0; 1; : : : ; l � 2) will be synthesized using the phaselessreconstruction algorithm outlined in section 3.4.2. During frame l�1, we must seamlessly interpolatebetween the estimated parameters f!l�1g and f!l; �lg, using cubic interpolation of Section 3.4.1.Since there were no quantized and transmitted phases in frame l � 1, we let �l�1 = �l�1(S), at thelast sample of the instantaneous phase of that frame. In frame l, cubic interpolation is performedbetween f!l; �lg and f!l+1; �l+1g. But, !l+1 = !l, and �l+1 can be derived from f!l; �l; Sg, aswas shown in Equation (3.4). Therefore, only the phase parameters, �lr, for r=(1; 2; : : : ; R) of eachtransient onset detected are required.To graphically describe this scenario, see Figure 3.13. Each frame is 1024 samples long, and theframes l � 1 and l are shown. That is, the transient begins at t=1024 samples, or the beginning offrame l. Over the length of frame l�1, the sinusoid in the middle plot slowly and smoothly becomesphase-locked to the sinusoid in the top �gure. The bottom plot shows the error between the twohigher plots. A similar algorithm is performed at the end of the transient region to ensure that theramped-on sinusoids will be phase matched to the transient being ramped-o�.Due to the phase interpolation between the previous phaseless reconstruction phase �l�1(S) andthe estimated phase of �l, there might be some slight frequency modulation artifacts. But due tothe fact that this phase interpolation occurs precisely before a loud attack transient, any frequencymodulation artifacts will mostly be masked. Several tests were performed using worst case syntheticexamples of a single low frequency sinusoid whose phase is interpolated over the frame just before an



54 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGinserted transient. Transients were spliced in from other encoded audio sources, and scaled to be 3dB louder than the sinusoid (a reasonable approximation in practice). After comparing this syntheticexample with another low frequency sinusoid (which had no arti�cial phase interpolation) that wasalso interrupted by transients, very slight di�erences could be heard in informal listening tests.But, during natural audio input signals, no frequency modulation artifacts have been detected. Thealternative to possible, slight frequency modulation artifacts is much worse amplitude discontinuities(or clicks) due to mismatched phase alignments between the sines and the transform-coded transient.If in the future, artifacts somehow become noticeable in yet untested audio input material, the phaseinterpolation procedure could occur over more frames than just one. By lengthening the time frameover which the phase is interpolated, the frequency modulation artifacts are reduced further.
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3.5. MULTIRESOLUTION SINUSOIDAL MASKING THRESHOLDS 55by surrounding sinusoids. The goal of this section is to �nd the masking thresholds of the estimatedsinusoids. The log magnitude [dB] distance of each sinusoid above or below the masking thresholdwill help determine if the sinusoid is kept in the representation, which will be discussed in Section3.6. This magnitude distance will be referred to as the signal-to-masking ratio (SMR). If the sinusoidis kept, the SMR then determines how much the sinusoid will be quantized, which will be discussedin Section 3.7.In psychoacoustic experiments, it has been shown that the signal-to-masking ratio (SMR) ofpure sinusoids is much larger than that of white noise signals (Zwicker and Fastl, 1990). In theMPEG-AAC standard (Bosi et al., 1997), a frequency region that contains only pure sinusoids hasan SMR of 18 dB, while one having pure noise has an SMR of only 6 dB. These frequency regionsare called threshold calculation partitions in the MPEG speci�cation, but are approximations tothe one-third Bark band scale (Zwicker and Fastl, 1990). These masking thresholds determine howmuch quantization noise can be injected into each frequency region while still being inaudible. Inthe case of pure sinusoids, the quantization noise must be 18 dB quieter than the original signalin that frequency region in order to be masked. Since the masking threshold for noise is only 6dB, then it follows that fewer bits can be allocated to noisy regions than for sinusoidal regions, inorder to keep the quantization noise masked. If the signal in the frequency region is somewhere inbetween pure noise and pure sinusoids, then the corresponding SMR lies between 6 and 18 dB. Aswas originally mentioned earlier in Section 1.1.3, the particular psychoacoustic model used in thiswork implements the model based on MPEG-AAC (Bosi et al., 1997). But, this particular model isonly an approximation to a psychoacoustic model, given that true masking thresholds and spreadingfunctions vary as a function of amplitude and frequency (Zwicker and Fastl, 1990). Also, it is notstraightforward to argue that these masking thresholds, measured based on experiments using puresine tones and noise, can accurately re
ect the masking caused by complex audio input signals.To begin some graphical examples of psychoacoustic modeling, Figure 3.14 shows a time-domainsegment of the decay portion of a guitar pluck and Figure 3.15 shows both the signal's originalspectral energy and its spread energy. The spread energy models the natural excitation spreadingalong the basilar membrane in the cochlea. The masking threshold is applied to this spread energyinstead of the original energy. The frequency axis on this and the next two �gures have beennormalized to the one-third Bark band scale.
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Fig. 3.14. A short segment of the synthesized sinusoids of a guitar pluck. This time-domainwaveform is used for the spectral diagrams in Figures 3.15, 3.16, & 3.17.
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Fig. 3.15. The solid line shows the original magnitude spectrum of the guitar waveform of Figure3.14. The magnitude has been converted to the one-third Bark band scale. In linear frequency, thedisplayed frequency range is from 0 to 1250 Hz. The dotted line shows the spread energy spectrum.This �gure, along with Figures 3.16 and 3.17, only show this low frequency because it correspondsonly to the lowest of the three multiresolution octaves.



3.5. MULTIRESOLUTION SINUSOIDAL MASKING THRESHOLDS 57The next step is to determine how tonal or noisy each one-third Bark band is. This will ultimatelydetermine how far the masking threshold must be below the spread energy in order to be inaudible.In MPEG-AAC, this tonal/noise measure is based upon a linear predictor of FFT bin magnitudeand phase. Each frame, an FFT is taken, and the complex FFT coe�cients are converted into amagnitude r(w) and a phase f(w). The predicted magnitude rpred(w) and phase fpred(w) at FFTcoe�cient w = 0 : : : S � 1, and at frame l are as follows:rpred(w) = 2r(l � 1)� r(l � 2) (3.10)fpred(w) = 2f(l � 1)� f(l � 2) (3.11)The unpredictability measure, c(w), is the normalized Euclidean distance between the two complexvectors fr(w); f(w)g and frpred(w); fpred(w)g:c(w) = q[r(w)cos(f(w)) � rpred(w)cos(fpred(w))]2 + [r(w)sin(f(w)) � rpred(w)sin(fpred(w))]2r(w) + jrpred(w)j (3.12)If this c(w) measure is near zero, then the predictor is close to the original magnitude and phase,and therefore the FFT bin seems tonal. The process between computing c(w) in each FFT binto computing a tonality measure in each one-third Bark band is lengthy and complex, and can bebest viewed in MPEG speci�cations (ISE/IEC JTC 1/SC 29/WG 11, 1993). But it su�ces to saythat this linear predictor is the major factor determining the tonality. As a graphical example,view Figure 3.16. It shows the signal-to-masking (SMR) ratio, based on the tonality measure. Forexample, at one-third Bark band #6, there is a spectral peak. The tonality measure has determinedthat this spectral region is tonal, and therefore has a SMR of 18 dB. That is, quantization noisemust be quieter than 18 dB below the spread energy previously shown in Figure 3.15 to be maskedand inaudible. But, at band #16, there are no spectral peaks, and the tonality measure determinesthat this region is more noisy than tonal. Therefore, it designates a smaller 8 dB SMR.Once the masking threshold distance is computed, it is applied to the spread energy, as canbe seen in Figure 3.17. The solid top line shows the spread energy, while the lower dotted lineshows the masking threshold, which is simply the spread energy lowered by the masking thresholddistance shown in Figure 3.16. Also shown as vertical stems are the estimated sinusoids. Thesignal-to-masking ratio (SMR) can now be computed as the log magnitude distance between thesinusoidal peak and the masking threshold in its corresponding third-octave Bark band. The fourloudest sinusoidal peaks, in bands f6; 11; 20; 24g, are clearly above the masking threshold and willbe audible. Some of the softest sinusoids, such as those in bands f1; 13; 14; 19g, are below themasking threshold and will most likely not ever be heard due to masking from its louder neighborsin frequency. Therefore, with negative SMRs, it will be safe to eliminate these sinusoids. The spectralpeaks in bands f3; 16g are close to the masking threshold, so it is di�cult to make a decision basedonly on this frame. As will be discussed in the next two sections, not only will the current masking



58 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGthresholds be investigated, but the masking thresholds across an entire sinusoidal trajectory overtime.
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Fig. 3.16. This �gure shows the results of the tonality measure as computed in MPEG-AAC.The vertical axis shows the SMR, which is how much the quantization noise must be quieter thanthe original signal in order to be inaudible. For example, between bands 5 through 8, the tonalitymeasure deemed the frequency region of bands 5 through 8 to be tonal, and thus gave an 18 dBmasking threshold distance. For a noisy region, around band 16, the masking threshold distance isonly 8 dB.
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Fig. 3.17. This �gure shows the signals spread energy (top) versus its masking threshold (below).The vertical peaks mark where sinusoids were synthesized. If a sinusoid is well above the dottedmasking threshold, it will not be masked, and thus audible; i.e. peaks at bands 6, 11, 20, and 24.But, sinusoidal peaks below the masking threshold will be masked, and thus inaudible; i.e. peaks atbands 1, 13, 14, and 19.
In previous sinusoidal modeling audio compression systems, the masking thresholds were assumedto all be due to pure sinusoids (Ali, 1996). Therefore, the SMR is always a conservative, largedistance. But, this assumes that all sinusoids estimated using the statistical methods are true,tonal sinusoids. After some informal listening tests, this was found not to be true. Using thesame parameter estimation methods, and then listening to only the sinusoids with small or negativeNMR, the synthesized audio certainly did not sound like tones. It sounded like a noise process placedthrough a 
anger. Since these sinusoids sound noisy, they should not have masking thresholds as ifthey were tonal; they should have a smaller SMR. Thus, the psychoacoustic model fromMPEG-AAC,with its own tonality measure, is used to double-check the validity of the sinusoids detected fromthe parameter estimation techniques by computing its own masking threshold. As shown earlier inFigure 3.4, all processing on sinusoids is performed separately on each octave band. Due to the factthat each octave has a di�erent frame rate (Figure 3.9), each octave must perform psychoacousticmodeling separately, using a di�erent frame length of 256, 512, or 1024 points.



60 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELING3.6 Trajectory SelectionThe goal of this section is to choose which sinusoidal parameters and trajectories to keep and whichto discard. It is most e�cient to represent only stable, tonal sinusoids with sinusoidal parameters.Very few signals can be well represented by just sinusoids. The remainder of the signal can bemodeled well as either transients or a colored noise process. Because the region of signal describedin this chapter has been selected as a non-transient region, the signal is represented as a sum ofsines plus noise. It is possible to represent noise as a sum of many, many sinusoids; but, this wouldrequire a large number of bits, and time-scale modi�cations on these parameters would not soundas good. Therefore, only stable sinusoidal parameters and trajectories are selected to represent thestable, tonal segments of the non-transient parts of the signal. The residual between the originalsignal and these sinusoids will be represented by a Bark-band noise process, to be described later inChapter 5.There are two steps by which sinusoidal parameters and their trajectories must pass before beingdeemed stable sinusoids:� Individual sinusoidal parameter triads having their SMR greater than SMRmin� Sinusoidal trajectories having su�ciently high time-averaged SMR and lengthThe �rst step is necessary to eliminate any extremely quiet sinusoids. These sinusoids may havebeen estimation errors due to �nding sidelobes of spectral peaks, or spectral peaks that happen tobe much quieter than their neighbors. Either way, these sinusoidal parameter triads (containing asingle frequency, amplitude, and phase) are so far below the masking threshold that they can easilybe eliminated, and the di�erence will not be audible. On average, 10% of the parameters can beeliminated in this step.The second selection step is more complex, and it is based on trajectory length and the trajectory'stime-averaged SMR. Sinusoidal parameter triads are no longer considered as individual entities tobe kept or eliminated. The entire trajectory will now be kept or eliminated. Certain sinusoidalparameter triads may lie below the masking threshold, but because its time-average SMR is greaterthan a certain threshold, the trajectory will be kept. If all sinusoidal parameter triads below themasking threshold (SMR � 0) in a given trajectory were eliminated, the resulting trajectory would berepeatedly ramped on and o�, and could have a displeasing audible result. Other sinusoidal modelingquantization schemes (Ali, 1996; Edler et al., 1996) decide to keep sinusoidal triads based only on theSMR information in a given frame; not by looking across the entire sinusoidal trajectory. Because ofparameter quantization, it is desirable to represent fewer, longer trajectories than a greater numberof shorter trajectories. These bitrate considerations will be discussed in the following Section 3.7.The overall strategy in determining whether or not to keep a trajectory is twofold: Do not keepthe trajectory if it will not be heard (due to masking) and do not keep the trajectory if it is believedto be modeling noise. Because of these two constraints, both the SMR and the trajectory length are



3.6. TRAJECTORY SELECTION 61used. A trajectory will not be heard if its time-averaged SMR is below a certain threshold, and it isbelieved to be noise-like if the trajectory is su�ciently short. From the tracking algorithms describedin Section 3.3, noisy-signals should not represented with long tracks. After much experimentation,it was found that a joint metric works best: If a trajectory is very short, its average SMR needs tobe considerably greater than zero in order to be kept. If the trajectory is longer, then the averageSMR can be slightly lower and still be kept. As can be seen in Figure 3.18 trajectories that live inthe upper right of the faverage SMR,trajectory lengthg space are kept. Trajectories that have a lowaverage NMR and a short trajectory will be discarded. Any trajectory longer than 46 msec is kept,regardless of its time-averaged SMR, which is always greater than SMRmin. If the tracking foundthe trajectory to have lived for such a relatively long amount of time, then it must represent a stablesinusoid. Due to the multiresolution nature of the sinusoids, trajectories in the lowest octave canhave lengths in multiples of 23 msec., the middle octave can have lengths in multiples of 11.5 msec.,and the top octave can lengths in multiples of 5.75 milliseconds.

5 10 15 20 25 30 35 40 45
0

1

2

3

4

5

6

7

8

9

kept sinusoidal trajectories

eliminated sinusoidal trajectories

trajectory length [msec]

av
er

ag
e 

si
gn

al
−

to
−

m
as

k 
ra

tio
 [d

B
]

Fig. 3.18. This �gure shows which sinusoidal trajectories will be kept and which will be eliminated(whose energy will later be modeled by a noise model in Chapter 5). Keeping a trajectory dependson both its trajectory length and the trajectory's time-averaged SMR. If a combination of these twoparameters lie in the lower left portion of the above space, then the trajectory is eliminated fromthe sinusoidal representation. Otherwise, the trajectory is kept, quantized, and transmitted.



62 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGA general trend of the sinusoidal parameters returned from the original parameter estimationreveals that the longer the trajectory, the greater the average SMR. This trend can be seen in thesolid lower plot in Figure 3.19. The shown statistics represent sinusoidal analysis in the top octaveof eight seconds of music from Mozart's Le Nozze di Figaro. The number of trajectories at a givenlength exponentially decreases as the length increases, which can be seen in the upper solid plot inFigure 3.20. After eliminating the trajectories that are both too short and have too low of SMR,the statistics greatly change. In Figure 3.19, the top dotted line shows the new average trajectorySMR as a function of trajectory length after eliminating the undesirable trajectories. Notice thatthe only short trajectories that survive the elimination process are those with a very high averageSMR. In Figure 3.19, the lower dotted line shows how the histogram of trajectory number versuslength greatly changes after eliminating unwanted trajectories. For the shorter lengths, almost 7out of every 8 original trajectories are eliminated. There are still short trajectories remaining, butthey are deemed perceptually important. With far fewer trajectories, the bitrates now drasticallydiminish. Using the quantization techniques to be discussed in the following Section 3.7, removingthese short and low SMR trajectories reduced the bitrate by 43% on average from the original setof sinusoids derived from the parameter estimation.The alternative to this process in Serra (1989) was to set a user-de�ned parameter to clean outall parameters shorter than a given length. But, this blind process makes no distinction betweenperceptually important short and long trajectories.
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Fig. 3.19. The lower solid plot shows the time-averaged SMR of sinusoid trajectories of eightseconds of the top analysis octave of Le Nozze di Figaro. The general trend of the data is thatthe shorter the trajectory, the lower the time-averaged SMR. This would suggest that parametersmodeling noise-like signals could not be tracked from frame to frame, and thus has a short trajectorylength. The longer the trajectory, the more stable the sinusoids, and thus the higher the averageSMR. As was discussed in Section 3.5, the assumed SMR for sinusoids is 18 dB, while the SMR fornoise is only 6 dB. The upper dotted plot shows the statistics of the trajectories after the short andlow SMR ones have been eliminated, as shown in Figure 3.18. Notice that the shorter trajectoriesthat remain have a much higher average SMR. Even though they are short-lived, they are deemedperceptually important.



64 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELING

0 10 20 30 40 50 60 70
0

500

1000

1500

trajectory length [msec]

to
ta

l n
um

be
r 

of
 tr

aj
ec

to
rie

s

original

parsed  

Fig. 3.20. The top solid line shows the histogram of original sinusoidal trajectory lengths for thetop analyzed octave of eight seconds of music, corresponding to the data in Figure 3.19. The lower,dotted plot, shows the histogram of trajectory lengths after pruning the data as described in Figure3.18. The majority of the short-lived trajectories have been eliminated; the only ones remaining arethose with high average SMR. As the trajectories get longer, more of the original trajectories arekept.3.6.1 Sinusoidal ResidualNow that many of the shorter and low SMR trajectories have been eliminated, another modelmust represent the remaining energy. After the remaining sinusoidal trajectories are quantized, thesynthesized signal is subtracted from the original signal and is represented by a Bark-band noisemodel, which will be discussed later in Chapter 5. As a graphical example, see the residual in thetime domain (Figure 3.21) and in the frequency domain (Figure 3.22). This sound example shown isthe same segment used in the previous psychoacoustic modeling examples for Figures 3.14 through3.17. For most signals not during transients, a sines + noise model is su�cient. As will be discussedin the next two chapters, the added bitrate due to the residual noise model is small relative to thebitrate saved by not encoding the shorter and low SMR trajectories.
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Fig. 3.21. The solid line is the original guitar pluck segment shown in Figure 3.14 and was usedin the succeeding psychoacoustic modeling examples. The lower-gain dotted line is the residualbetween the original signal and the multiresolution synthesized sinusoids.
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Fig. 3.22. The �gure shows the magnitude spectra of the original guitar pluck (solid) and itsresidual (dotted) shown in Figure 3.21.



66 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELING3.7 Trajectory QuantizationThe previous section described at length which sinusoidal trajectories to keep; this section willdescribe how to e�ciently quantize the remaining trajectories. The quantization occurs in multiplestages, that contain both lossless and lossy compression:� Quantize each amplitude and frequency to their just-noticeable di�erences (JND).� Reduce the temporal resolution of trajectories with a low average signal-to-mask (SMR) ratio.� Quantize each trajectory by entropy coding the temporal and frequency changes.3.7.1 Just Noticeable Di�erence QuantizationThe �rst step in the quantization process is to quantize the amplitude and frequency sinusoidal pa-rameters to a approximated, just noticeable di�erence (JND) scale. By quantizing these parametersto their approximated respective JND scales, the values are not identical to the original parame-ters; but for most music (with exception of only synthetic cases, such as single-sinusoid tests), theyare perceptually identical. This was veri�ed in informal listening tests between the original andquantized parameters. Therefore, it's mathematically lossy, but almost always perceptually losslessquantization.If the sinusoidal amplitudes and frequencies were quantized strictly according their respectiveJND scales, then too many bits would be required. Also, psychoacoustic masking occurs frommany simultaneous sinusoids and a residual noise model (to be discussed later in Section 5.2),which lowers the amount of quantization resolution needed. Therefore, the amplitudes are scalarquantized to the closest multiple of 1.5 dB, which is several times less resolution than the JNDwould dictate for isolated test tones. Ideally, the quantization of the sinusoidal amplitudes would beadaptively matched with its psychoacoustic masking threshold, which remains a possibility for futurework. The frequencies from 0 to 500 Hz are quantized to a scalar uniform scale, with quantizedincrements of 3 Hz, which is below the JND for frequency. Between 500 and 5000 Hz, frequencyis quantized on a logarithmic scale, consistent with the �ndings from psychoacoustics (Zwicker andFastl, 1990). The frequency parameters are quantized to every 10 cents, which is one-tenth thedistance between two keys on a piano. While this is about half of the resolution that the frequencyJND dictates, no di�erences could be heard in informal listening tests between quantized and non-quantized frequencies for real-world audio inputs (not synthetic test cases).3.7.2 Trajectory SmoothingFor certain sinusoidal trajectories, the time resolution (hop size) may be too high. That is, it wouldnot be perceptible if these trajectories' time resolution were worsened, and thus the trajectories



3.7. TRAJECTORY QUANTIZATION 67themselves were smoothed. In this system, trajectories with a time-averaged SMR of less than 6 dBare lowpass �ltered, and then downsampled by two before quantization and transmission.In the previous Section 3.6, it was shown that trajectories with less than a certain average SMRand shorter than a certain length were eliminated from the sinusoidal representation. Therefore,the remaining low SMR trajectories last longer in time, and were kept because it was believed thatthere were perceptually important. But, because these trajectories' average SMR are low, they arenot as perceptually important as the trajectories with a high SMR. To further reduce the sinusoidalbitrate, these longer, low SMR trajectories are represented with half of the time resolution of theirhigher SMR counterparts.Let each amplitude and frequency trajectory be considered as time series a(n); f(n); for n =1 : : :N; for length N trajectories. Then let â(n); f̂(n) be the reconstructed trajectories. The goal isto generate the reconstructed trajectories from only 50% of the original trajectories. Traditionally,one would accomplish this by lowpass �ltering fa(n); f(n)g, downsampling by two, upsampling bytwo, and then lowpass �ltering again to generate fâ(n); f̂(n)g. But, convolving any signal with a�lter increases the length of the results to the sum of the lengths of the signal and its �lter (minusone). To remedy this, short two tap FIR �lters are used, and the tails are cuto�, such that onlyN=2 interpolated coe�cients are transmitted.View Figure 3.23 for a demonstration of actual smoothed trajectories. The top �gure shows theoriginal (solid) and reconstructed (dashed) amplitude trajectory of length 80 milliseconds. All theseparameters have previously been quantized to the approximated JND amplitude scale. The lower�gure shows the original versus reconstructed frequency trajectories. In this example, the originaltrajectory was 15 elements long, but only 8 coe�cients had to be quantized and transmitted in orderto reconstruct the smoothed trajectory.In this system, all remaining trajectories with a time-averaged SMR below 6 dB are smoothedby this process. In the suite of tested audio signals, this represented between 50 to 70% of thetrajectories. After informal listening tests, no pre-echo or smearing artifacts were heard due to thesmoothing algorithm. If the cuto� of 6 dB SMR were signi�cantly raised, then artifacts began toappear. Due to the trajectory smoothing process, the total sinusoidal bitrate decreased an additional25 to 30% from the previous set of already parsed sinusoidal parameters due to short and low SMRtrajectories.3.7.3 Time-Di�erential QuantizationAfter all the trajectories are quantized to the approximated JND scale, and the ones with low SMRhave been downsampled and smoothed, all the trajectories are now further time-di�erentially scalarquantized and then entropy encoded. Using time-di�erential scalar quantization of the trajectoriesis also used by several other sinusoidal coders (Ali, 1996; Hamdy et al., 1996; Edler et al., 1996).Because the tracking, as described in Section 3.3, limits the variance of amplitude and frequency



68 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELING
0 10 20 30 40 50 60 70 80 90

30

35

40

45

50

55

time [msec]

m
ag

ni
tu

de
 [d

B
]

original
smoothed

0 10 20 30 40 50 60 70 80 90
2500

2550

2600

2650

2700

time [msec]

fr
eq

ue
nc

y 
[H

z]

original
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3.7. TRAJECTORY QUANTIZATION 693.7.4 Sinusoidal Bitrate ResultsFor a summary of the bitrate improvements each quantization technique employs, see Figure 3.24.Each of these methods progressively lowers the total bitrate, assuming time-di�erential scalar quan-tization followed by entropy coding. The four techniques used are as follows:� Quantize every parameter to its JND scale in amplitude and frequency (method #1).� Eliminate individual parameter triads out of their respective trajectories if its SMR is su�-ciently low (method #2).� Eliminate trajectories whose time-averaged SMR is su�ciently low and the trajectory lengthis su�ciently short (method #3).� Downsample and smooth any remaining longer trajectories whose time-averaged SMR is suf-�ciently low (method #4).
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different methods of parameter pruning and interpolationFig. 3.24. This �gure shows how each step of the quantization process reduces the bitrate requiredto represent the sinusoidal component of the signal. Rates are shown in percentage of bitrates of theoriginal parameters returned from the statistical parameter estimation process, and are averaged overseveral pieced of audio input. Method #1 is the reference bitrate, where no sinusoidal parameterswere eliminated from the set of originally estimated parameters, but are quantized to their JNDscales. Method #2, which eliminates all individual parameters with less than -6 dB SMR, only uses90% of the original bitrate. Method #3, which eliminates all sinusoidal trajectories that are bothtoo short and a su�ciently low average SMR, uses roughly 57% of the original bitrate. The �nalmethod #4, which downsample and smoothes longer trajectories with su�ciently low SMR, lowersthe bitrate further to only 40% of the initial bitrate.To summarize how many bits are spent on amplitude, frequency, phase, and side information, seethe following table. The amplitude and frequency data rates were described in detail in the previous



70 CHAPTER 3. MULTIRESOLUTION SINUSOIDAL MODELINGSection 3.7. The phase bitrate is due to quantizing only the phase parameters at the transientboundaries to 6 bits (uniformly from � to ��). As was discussed in Section 3.4.3, only theseboundary phases are necessary to phase-lock these cross-faded sinusoids to the overlapping region ofthe transients. The side information is mostly comprised of encoding the length of trajectory. Eachframe of data contains all trajectories that begin at that time. Therefore, a packet contains all thesinusoidal parameter triads for the entire length of each of the enclosed trajectories.Bitrates for Sinusoidal Modelingaudio all amplitude % frequency % phase % side info %cantaloop 9.1 kbps 4.2 kbps 45.6 3.4 kbps 37.8 0.6 kbps 7.0 0.9 kbps 9.6rob base 8.0 kbps 3.6 kbps 45.2 3.2 kbps 40.1 0.4 kbps 5.2 0.8 kbps 9.6dances 8.9 kbps 3.9 kbps 44.3 3.4 kbps 38.9 0.6 kbps 7.1 0.9 kbps 9.7�garo 9.4 kbps 4.4 kbps 46.6 3.8 kbps 40.3 0.3 kbps 3.3 0.9 kbps 9.7guitar 5.9 kbps 2.9 kbps 48.8 2.2 kbps 38.2 0.2 kbps 3.2 0.6 kbps 9.7take �ve 8.0 kbps 4.1 kbps 50.6 3.1 kbps 38.4 0.1 kbps 1.5 0.8 kbps 9.5As can be seen from the above table, the amplitude and frequency trajectories account for themajority of the allocated bits. The phase bit allocation varies from signal to signal, mostly due tothe number of transients detected per second in each signal. For every detected transient, phaseinformation will be needed for sinusoids that are at its boundaries.Through various methods outlined in this chapter, the amount of data for multiresolution si-nusoidal modeling has been progressively lowered. But, the sinusoids make up only one of thethree models necessary to fully represent the audio: sines + transients + noise. In the followingtwo chapters, the representations and quantization methods for transients and noise models will beshown.



Chapter 4
Transform-Coded TransientsThis chapter discusses the representation of transients in the presented sines+transients+noisesystem. Because of the perceptual importance of the attack transients in audio signals (Grey,1975), transform coding techniques are used over the brief time-span of these attack transients.Transform coding has been well studied over the past ten years, and has been shown to be robustin representing most audio signals, transients included. Sinusoidal modeling (Chapter 3) and noisemodeling (Chapter 5) are not able to model these transients well, due to limitations in their respectiverepresentations. Transform coding does have several drawbacks, though.Firstly, transform coding requires a relatively large number of bits per second, when comparedto sinusoidal modeling and noise modeling. While transform coding can achieve perceptually loss-less quality on most audio sources, an achievement sinusoidal and noise modeling has yet to show,this quality comes at a high bit price. Secondly, it is currently not possible to perform modi�ca-tions on transform-coded MDCT coe�cients, directly in the transform-domain, such as time-scalemodi�cation. This is due to the fact that these coe�cients are critically sampled, and thus anyMDCT bin examined over time, is mostly white noise (except for the lowest frequency bins). There-fore, it is not straightforward to time-interpolate these MDCT coe�cients, as would be needed intransform-domain time-scale modi�cation.As a result of these advantages and disadvantages, transform coding is used for only a veryshort amount of time just surrounding the attack transients. By using transform coding sparingly,the overall bit rates are kept low. By using transform coding over small regions of time-frequency,these transients can be translated to new times for the purposes of time-scale modi�cation, whilestill blending with the stretched representations of time-scaled sinusoids and noise. Details of thecompressed-domain modi�cation processes will be discussed in more detail in Section 6.In this chapter, a brief history of the currently used systems of audio compression will be dis-cussed in Section 4.1. Afterwards, in Section 4.2, a simpli�ed transform coding algorithm used foronly transient modeling will be presented, along with various methods for quantization and bitrate71



72 CHAPTER 4. TRANSFORM-CODED TRANSIENTSreductions.4.1 Evolution of Transform CodingTransform coding of audio has made great strides since the earliest algorithms (Johnston andCrochiere, 1979; Brandenburg et al., 1982; Brandenburg, 1987; Theile et al., 1988; Johnston, 1988b).Compression rates of 4:1 achieving perceptually lossless quality was once remarkable. Today, withthe most recent MPEG AAC algorithms, compression rates of 12:1 are now possible with the samequality (Soulodre et al., 1998). This section will brie
y describe, in approximate chronological order,some of the published and widely used audio data compression algorithms used today. Because thetransform coder used in this thesis is mono (single channel), no stereo transform coding techniqueswill be discussed. For references on stereo techniques, see Johnston et al. (1996a); Johnston andFerreira (1992). Afterwards, in Section 4.1.8, a short quality comparison among the codecs will bepresented.If the last ten years of audio coding work has taught researchers anything, it is that coder qualityis always increasing at lower and lower bitrates. This thesis will likely be dated by the transformcoding compression systems mentioned in this section, since very few of them will last far into thefuture. But for historical purposes, these systems will show the current state of the art of audiocoding in 1998. People have begun to wonder if in the future, audio compression algorithms willbe not stagnant standards, but rather be transmitted as always-updated software along with thecompressed audio bitstream. If this were to become true, compression algorithms will continue toinnovate, since the barrier to entry of making a new compression standard (currently very di�cult)would disappear.The basic introduction of transform coding was previously discussed in Section 1.1.3. Most alltransform coders contain a core of the same three building blocks, which can be pictured as in Figure4.1.� �lter bank� psychoacoustic model� quantizerEach of the following compression systems to be discussed contributed its own new developments inthese core modules, but the basic concepts are the same: A time-domain signal is transformed intosome short-time frequency domain representation, a separate psychoacoustic model is performed onthe short-time segment to decide where quantization noise can be masked and inaudible, and thena quantizer performs the data compression in the frequency domain. In this manner, quantizationerror is present, but it is shaped in time and frequency such that it is imperceptible.
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psychoacousticmodeling
input �lter bank quantization bitstream

Fig. 4.1. A basic transform encoding system4.1.1 MPEG 1 & 2; Layer I,IIMPEG-1 and MPEG-2 were the �rst widely used, standardized, transform-based audio compressionalgorithms (Brandenburg and Stoll, 1994; Stoll, 1996). Both MPEG-1 and MPEG-2 have threelayers each, and each layer de�nes separate audio compression algorithms di�ering in complexityand coding e�ciency. MPEG-1 was designed for two channel stereo signals at sampling rates of 32,44.1, and 48 kHz; while MPEG-2 was designed to be used up to seven channels, plus an optional lowfrequency e�ects channel (known as the 0.1 channel in today's surround sound systems). In addition,MPEG-2 was designed to work for a wider range of sampling rates, spanning 16, 22.05, 24, 32, 44.1,and 48 kHz. MPEG-2 is also fully backward compatible towards MPEG-1. Between MPEG-1 andMPEG-2, the basic algorithms of the individual layers do not change much. For example, MPEG-1Layer III is not signi�cantly di�erent than MPEG-2 Layer III. In the following discussion, each ofthe layers will be described, without mentioning if they are part of MPEG-1 or MPEG-2.Layer I,II Filter BankLayers I and II are signi�cantly lower complexity and lower coding delay than Layer III, but theircoding qualities are not as good as Layer III (Soulodre et al., 1998). Layers I,II are modeled afterMUSICAM (Deh�ery et al., 1991), where Layer I is a simpli�ed version and Layer II is nearly identicalto MUSICAM. The �lter bank used in these layers (along with Layer III) is a modulated lappedtransform, with 32 subbands (Rothweiler, 1983). Each bandpass �lter is of length 512, with a hopsize of 32 samples each frame. With such a long �lter and relatively few subbands, a high sideloberejection of 96 dB is attained.In hindsight, having only 32 subbands was one of the reasons the coding gain of Layers I,IIwas not that high. Layer III and MPEG AAC increased the number of subbands, and thus the



74 CHAPTER 4. TRANSFORM-CODED TRANSIENTSquality also increased. More about these systems will soon be discussed. Quantization occurs onthe subband resolution, but this resolution of approximately 650 Hz per subband is too low. Forexample, let an input signal be purely tonal with harmonic peaks. One would only desire to spendbits in the frequency regions just surrounding the peaks, and spend hardly any bits in the �lter bankmagnitude valleys. With such a coarse frequency representation, as in Layers I & II, each subbandwould have to be allocated bits to well represent each harmonic.Layer I,II Psychoacoustic ModelIn Layers I and II, MPEG psychoacoustic model I is used. It computes a signal-to-mask ratio (SMR)for each of the 32 subbands that dictates how much quantization noise can injected without beingaudible. Psychoacoustic model I is a less complex and faster model than model II, which is used inLayer III. For any speci�c details of these layers, including the psychoacoustic models, see ISE/IECJTC 1/SC 29/WG 11 (1993).Layer I,II QuantizationFor Layers I and II, the quantization schemes are mostly the same. For each subband, a frameis formed by grouping either 12 (Layer I) or 36 (Layer II) time-consecutive subband samples. Ascalefactor for each group describes, with a 2 dB resolution, the maximum absolute value of thesesubband values. All the subband samples in the frame are normalized by this scalefactor. A bitallocation process iteratively determines how many bits to use in quantizing the samples in eachsubband frame, which depends on the SMR derived in the psychoacoustic model. The number ofbits per subband roughly range from 0 bits (no energy transmitted, coarsest possible quantization)to 15 bits (very �ne resolution).Layer I was the system used in Philip's Digital Compact Cassette (DCC) in the early 1990's, butis currently no longer commercially available (Lokho�, 1996). Layer II is currently used in point-to-point audio links, digital radio systems for EUREKA 147 (Schr�oder and Ratli�, 1996) and ASTRADigital Radio, and direct satellite broadcasting of audio with video (Fielder, 1999).4.1.2 MPEG 1 & 2; Layer IIIThe foundation for the algorithms of Layer III came from ASPEC (Brandenburg et al., 1991). All ofthe three core building blocks of the �lter bank, the psychoacoustic modeling, and the quantizationare di�erent from those of Layer I and II.Layer III Filter BankThe �lter bank of Layer III is a hybrid, hierarchical �lter bank. The �rst �lter bank containsthe same 32 subband structure used in Layers I,II. But as was discussed earlier, higher frequency



4.1. EVOLUTION OF TRANSFORM CODING 75resolution was necessary to improve the coding gain. Therefore, each of the 32 subband signals areplaced into individual 6 or 18 channel MDCT �lter banks, thus increasing the number of frequencyregions to 32 x 6 = 192 or 32 x 18 = 576. In the �rst case of only 192 frequency bins, improvedtemporal resolution was deemed more important than frequency resolution. This adaptive windowswitching would occur during attack transient times, and improved temporal resolution is needed toreduce pre-echo distortions.Because the Layer III �lter bank is actually a series connection of two lapped �lter banks, there arecomplex aliasing conditions in the �nal 192 or 576 frequency values. The �rst �lter bank is a pseudo-quadrature mirror �lter bank (PQMF), whose prototype lowpass �lter (window) is of length 512, andresults in 32 real-valued frequency coe�cients every frame. In the audio compression literature, this�lter bank is also known as a polyphase quadrature �lter bank (PQF) and is originally attributedto Rothweiler (1983). But according to Vaidyanathan (1993), the �lter bank was �rst developed byNussbaumer (1981). This �lter bank is not perfect reconstruction, but the reconstruction error isapproximately -96 dB, and thus well below audibility or quantization error. The second �lter bank,which is cascaded with each of the 32 PQMF subbands, is a modi�ed discrete cosine transform(MDCT), which was described in more detail in Section 1.1.2.Because the stopband transition region of the 32 PQMF subbands is several MDCT bins wide,substantial cross-talk aliasing occurs. Therefore, if an input signal were a pure sinusoid near aPQMF bin boundary, the output spectra of 192 or 576 MDCT bands would have one major peakcorresponding to the sinusoidal input. But, another peak, several MDCT bins away and only 10-15 dB lower, would be due to the cross-talk among the PQMF subbands being cascaded by higherfrequency resolution MDCTs. Either of these two �lter banks, on their own, do not have these cross-talk problems; only when cascaded do these problems arise. By using a butter
y cross-multiplicationoperation, these aliasing artifacts are reduced (Edler, 1992; Brandenburg et al., 1992).Layer III Psychoacoustic ModelThe decision to switch between the improved frequency resolution mode of 576 channels or theimproved temporal resolution mode of 192 channels is a function of the perceptual entropy (Johnston,1988a), which is determined by the psychoacoustic model. Layer III uses MPEG psychoacousticmodel II, which was described earlier in Section 3.5. This model, which is also used in MPEG AAC,is a much higher complexity model than psychoacoustic model I used in Layer I and II, but seemsto obtain higher quality results. The perceptual entropy (PE), which is based on the total signal-to-mask ratio, is an estimated measure of how many bits are required to encode a frame of audio withperceptually lossless quality. Experimental data suggests that a large surge in the estimated bitsrequired to encode a frame almost always coincides with a transient event that requires a windowlength switch (Brandenburg and Stoll, 1994).



76 CHAPTER 4. TRANSFORM-CODED TRANSIENTSLayer III QuantizationQuantization improvements introduced in Layer III are the bit reservoir, the joint rate-distortionquantization loops, and the use of lossless entropy coding. The bit reservoir allows the bitrate tobe bu�ered between frames, resulting in a variable bitrate (VBR) system. This is di�erent than theconstant bitrate (CBR) techniques of Layer I,II and AC-3, which constrain every frame of compressedaudio to have the same number of bits. Certain frames, like those with attack transients, requiremore bits to encode with perceptually lossless quality. But other frames, such as those with steady-state tones, require fewer bits to attain the same perceptual quality. In Layer III, a bu�er calledthe bit reservoir, saves bits during frames that are simple to encode, and spends those extra bitswhen the material becomes more di�cult. The decision on how many bits to spend is dependentupon the perceptual entropy (PE), as discussed earlier. The use of the bit reservoir enables LayerIII to become a variable rate encoder, which in turn, allows for higher quality than the constantrate coders like Layer I,II and AC-3. The disadvantage of variable rate encoders is that latency isnow increased, and the decoder must have additional memory. Also, for certain transmission media,only constant bitrate streams are desired.Once it has been determined how many bits are to be allocated in a given frame, the jointrate/distortion quantization loops are begun. The goal of these quantization loops is to iteratetowards a quantization solution that ensures:� All quantization noise is quieter than the masking threshold across all frequencies� The bitrate necessary to quantize the MDCT coe�cients, along with all the scalefactors andside information, is less than the pre-allotted bit budget determined by the PE and the bitreservoir.Initially, the MDCT coe�cients are quantized using the same resolution over all scalefactor bands(sfbs), which are 49 non-uniform regions of frequency. The quantization resolution is made coarseenough uniformly across all sfbs until the bit budget is met. After this rate loop, each sfb is checkedto see if its quantization noise is below the masking threshold. If any sfb does not meet this threshold,then that particular sfb's quantization resolution improves by a few dB. If after this distortion loop,the bitrate is still within budget and no sfb has quantization noise above its own masking threshold,the quantization loops are complete. Otherwise, the rate loops are again started, and all the sfbsare uniformly quantized coarser until the bit budget is met. Slowly, the algorithm will converge toa solution, although there is no guarantee that this solution is a global optimum. Typically, thistakes 10-16 iterations through both loops (Gbur et al., 1996). If the bitrate and quantization noiseconstraints cannot be met, there are several exit conditions to the iteration loops.The MDCT quantization process contains both a lossy and a lossless stage. The initial lossy stagequantizes each coe�cient on a logarithmic scale, according to the rate-distortion quantization loopsas previously described. Afterwards, a lossless quantization stage uses both run-length coding (across



4.1. EVOLUTION OF TRANSFORM CODING 77frequency) and Hu�man coding to further reduce the bitrate of the quantized MDCT coe�cients.The high frequency values are run length encoded to represent the long string of zeroes. Theremaining coe�cients are subdivided in up to three sections, and each section can use one of severalavailable Hu�man tables stored in the encoder and decoder.Layer III is perhaps most well known today as mp3, the �le extension used on MPEG Layer IIIaudio �les transmitted across the Internet. Layer III is also to be used in WorldSpace digital radio.4.1.3 Sony ATRACUnlike MPEG-Audio, Sony's ATRAC algorithm is not an open standard (Tsutsui et al., 1992). Itstands for Adaptive Transform Acoustic Coding for MiniDisc, and it is the proprietary format forSony's MiniDisc. The MiniDisc is a recordable, optical data-storage format for audio storage. AMiniDisc, while physically smaller than a CD, can store 74 minutes of audio through data compres-sion of 5:1 using ATRAC.Like MPEG-Audio, ATRAC uses �lter banks, psychoacoustic models, and quantizers. But, the�lter bank in ATRAC is signi�cantly di�erent. As can be seen in Figure 4.2, the input signal is�rst split into three octaves by using two stages of two-band, critically sampled, QMF analysis�lter banks. The top octave has a sampling rate of fs=2 with a bandwidth of 11-22 kHz, while thelower two bands have a sampling rate of fs=4 with respective bandwidths of 0-5.5 kHz and 5.5-11kHz. Each of these octave band signals are then fed into separate MDCT �lter banks. The windowlengths of the MDCTs get shorter during transient attacks, similar to the adaptive window switchingof Layer III, in order to reduce pre-echo artifacts.
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Fig. 4.2. The �lter banks used in Sony's ATRAC compression algorithmThe input signal is also fed through a psychoacoustic model, in order to determine what regionsof time-frequency the quantization noise can be injected and be perceptually inaudible. This infor-mation is sent to the MDCT coe�cient quantization algorithm. The raw MDCT coe�cients aregrouped into block 
oating units (BFUs). Each BFU has a �xed number of coe�cients, but BFUgroups have di�erent time-frequency resolutions depending upon octave. For example, in the lowoctave, each BFU spans 2.9 msec and a small frequency range. But in the top octave, each BFU



78 CHAPTER 4. TRANSFORM-CODED TRANSIENTSspans only 1.45 msec and a larger frequency range. When quantizing each BFU, a scalefactor istransmitted which determines the largest absolute value MDCT coe�cient in that BFU. The othercoe�cients in the BFU are normalized by the scalefactor, similar to Layer I,II, and then quantizedwith b bits, which are determined by ATRAC's bit allocation algorithm.4.1.4 Dolby AC-3Dolby Laboratories' AC-3 (Fielder et al., 1996) audio data compression algorithm is a proprietarysystem that has been chosen as the audio system for America's high de�nition television (HDTV)standard (U.S. Advanced Television Systems Committee, 1992) and North America's standard fordigital versatile disc (DVD). It is also currently being used in many digital satellite and digital cablesystems.AC-3 uses only a single MDCT �lter bank, as opposed to the three MDCT �lter banks of ATRACor the cascaded set of PQMF and MDCT �lter banks of Layer III. The length of the �lter bankwindow in AC-3 varies between 512 and 256 points, depending if an attack transient is present. Byonly having a single adaptive-length MDCT, the cross-talk aliasing problems of the iterated LayerIII �lter bank are avoided. The transient detector is a function that looks for surges in short-timeenergy, as opposed to the perceptual entropy measure of Layer III.The window design choices for AC-3 are also di�erent than those of Layer III. Layer III usesraised sine windows of di�ering lengths. When transitioning between short and long windows, thetails of the windows always overlap by 50% of the length of the shorter window. This method issimilar to the method used for MPEG AAC, which can be seen graphically in the earlier Figure 1.5in Section 1.1.2. But, AC-3 uses a Kaiser-Bessel window instead of a raised sine window in orderto more closely match the psychoacoustic masking curve characteristics. One possible shortcomingof AC-3 is that the same shape window is used for either long or short blocks. When a shortblock is used, only half (256 points) of a Kaiser-Bessel window is used, and the other half is set tozero (Shlien, 1997). Therefore, two consecutive short windows do not overlap at all. The windowswitching algorithm still obeys the perfect reconstruction Equation (1.6), but the frequency responseof a short window with either its right or left half set to zero is not optimal. Because these shortwindows are only used during attack transients, high quality is still obtained in spite of their poorfrequency response. The relative rankings of AC-3 among the other coders will later be discussed inSection 4.1.8.The quantization method for AC-3 is also much di�erent than any of the other transform codersdescribed in the section. AC-3 �rst encodes a coarse spectral envelope. This envelope has a 6 dBresolution in gain, so that the band gains become power-of-2 scalefactors for the bands. Scaling bypowers of 2 is equivalent to bit shifting in hardware, and is thus computationally very e�cient. Theenvelope is updated every single, dual, or four consecutive coe�cients across frequency. In orderto save bits, the envelope would only be updated every four coe�cients, but quality would drop.



4.1. EVOLUTION OF TRANSFORM CODING 79The spectral envelope can be updated in time as often as every frame or as seldom as every sixframes. For steady-state tonal signals, a seldom updated spectral envelope would be su�cient, butan attack transient would necessitate a spectral envelope update every frame. The spectral envelopeis quantized di�erentially across frequency, representing either �6dB;�12dB or no change.A parametric psychoacoustic model computes noise-to-mask ratios (NMR) for each coe�cientdepending on the spectral envelope, the desired data rate, and other encoder details. The MDCTcoe�cients, normalized by the spectral envelope, are now quantized according to the NMR fromthe parametric psychoacoustic model. An interesting feature of AC-3 is that the bit allocation andNMR information does not need to be transmitted to the decoder. Only the coarse spectral envelopeand the quantized MDCT coe�cients are sent. The identical NMRs are computed again at thedecoder using only the spectral envelope information. Afterwards, the quantized MDCT coe�cientbitstream can be decoded. When designing AC-3, the designers also recognized that better (andmore computationally expensive) psychoacoustic models may someday arrive. With this in mind, theencoder may use more expensive, higher quality psychoacoustic models and bit allocation algorithmsthan the inexpensive decoder may have. But, the encoder can send a relatively small amount ofauxiliary information dictating the di�erence in bit allocation between the inexpensive decoder'salgorithm and the expensive encoder's algorithm. In this manner, the millions of AC-3 decodersin DVD players and cable boxes already in circulation will remain backward compatible to theimproved, future AC-3 encoders.4.1.5 NTT Twin-VQAnother low bitrate proprietary transform coder is called Twin-VQ, designed by NTT (Iwakamiet al., 1995; Iwakami and Moriya, 1996). Like AC-3 and Layer III, it includes an adaptive lengthMDCT �lter bank. Twin VQ has three di�erent window lengths, allowing more degrees of freedomin choosing between better frequency or time resolution in any given frame. Twin-VQ di�ers themost from the previous schemes in its quantization methods.After an MDCT is taken of an audio frame, the coe�cients are 
attened in two separate steps.First, linear prediction is performed across frequency, and the prediction error is then a 
attenedversion of the coe�cients. By 
attening, it is meant that the variance of the coe�cients is reducedacross frequency. The parameters of the linear prediction are converted to line spectrum pairs(LSP) (Itakura et al., 1982), and then quantized using multi-stage vector quantization (Kataokaet al., 1993). After LPC 
attening, the spectrum is again 
attened by its coarse Bark-band envelope,which itself is quantized using weighted vector quantization. After 
attening by both LPC and Bark-band smoothing, the MDCT coe�cients are interleaved into subvectors and are vector quantizedusing a perceptually weighted distortion measure. The distortion measure is dependent upon apsychoacoustic model.



80 CHAPTER 4. TRANSFORM-CODED TRANSIENTS4.1.6 MPEG Advanced Audio Coding (AAC)MPEG AAC (Advanced Audio Coding) was originally designed to obtain a higher quality multichan-nel standard than achievable while requiring MPEG-1 compatibility (Bosi et al., 1997). Initially,it was called MPEG-NBC for Non-Backward Compatibility. The goal set in 1994 by the Interna-tional Telecommunication Union, Radiocommuncation Bureau (ITU-R) was for �ve full-bandwidthchannels at a total data rate of 384 kbit/s at an indistinguishable, or perceptually lossless, audioquality. This goal was met and exceeded at listening tests in 1996, where MPEG AAC met thequality requirements for �ve channels encoded at a total of 320 kbit/s.AAC Filter BankMuch of MPEG AAC has borrowed technology from MPEG Layer III. Perhaps one of the biggestreasons for the improvement in quality in MPEG AAC was the new MDCT �lter bank. The AAC�lter bank is adaptively switched in length between 128 and 1024 frequency bins (length 256 and 2048point windows, with 50% overlap), as pictured earlier in Figure 1.5 in Section 1.1.2. Often duringan audio signal, a high-frequency resolution �lter bank is needed, as was mentioned previously inSection 4.1.2. While the highest frequency resolution mode in Layer III is 576 bins, the longer MDCTtransform allows for 1024 frequency bins. The almost two-fold increase in frequency resolutionbetween Layer III and MPEG AAC allows for a signi�cant coding gain improvement for AAC.But high-frequency resolution is not desired during transients. Both Layer III and AAC enablethe window lengths to switch to a shorter length during transients. During these transients, LayerIII has a frequency resolution of 192 bins, versus 128 bins for MPEG AAC. Because MPEG AACdoes not use a cascaded PMQF/MDCT �lter bank like Layer III, no cross-talk aliasing reduction isrequired.AAC Psychoacoustic ModelThe decision to switch between window lengths in AAC is guided by the perceptual entropy (PE)measure, as was the case in Layer III in Section 4.1.2. In fact, the same MPEG psychoacousticmodel II is used in AAC as in Layer III.AAC QuantizationOne of the completely new quantization methods introduced in MPEG AAC is temporal noiseshaping (TNS). While linear predictive coding (LPC) computes a prediction in the time domain inorder to obtain a smoothed spectral envelope, TNS computes a prediction in the frequency domain(over a single frame) to obtain a smoothed time-domain envelope (Herre and Johnston, 1996). TNSuses a prediction �lter between order 12 and 20, depending on the complexity pro�le. In doing so,TNS �rst reduces the variance of the MDCT coe�cients by quantizing only the residual between the



4.1. EVOLUTION OF TRANSFORM CODING 81original coe�cients and the linearly predicted estimated of these coe�cients. Secondly, by convolvingthe coe�cients with this prediction �lter in the frequency domain, it is e�ectively windowing theoriginal signal in the time domain with its temporal envelope. This e�ective windowing processreduces pre-echo distortions by shaping the quantization noise in the time domain.TNS proved to be especially useful for signals such as speech and other signals that have bothharmonic and impulsive components. With low frequency harmonics, a long window is required inorder to obtain high frequency resolution. But with a long window, pre-echo distortions surroundingthe pitch pulses of speech become problematic. Therefore, by using TNS and convolving the MDCTdata with a prediction �lter, a new e�ective time-domain window is applied that forces the quantiza-tion noise to reside only during the pitch pulses, and not during the relatively quiet regions betweenthe pitch pulses. When quantization noise is heard between the pitch pulses, the resulting audiosounds reverberant. This is perhaps due to the fact that the decay region of most reverberationscan be thought of as exponentially decreasing �ltered white noise (Moorer, 1979).Another new technique introduced in MPEG AAC is prediction across frames. In this method,each particular MDCT bin is predicted over each successive frame, using second order backward-predictive �lters. For very tonal signals, there is some amount of correlation in a given MDCT binover time. Therefore, the residual between the time-predicted and the actual MDCT coe�cients isquantized, which reduces the bitrate for certain signals. As a disadvantage, there is a high complexityand memory cost to using prediction. Assuming only the lower 672 of 1024 MDCT coe�cients arepredicted, and each predictor requires 66 instructions, then the instructions per block is 44,352. Inaddition, the required storage bu�er is 4032 words. Prediction is only used in the main pro�le ofAAC, which contains all the possible modules. In this pro�le, prediction requires approximately halfof both the complexity and memory resources of the entire encoder (Bosi et al., 1997).The other pro�les are low complexity and scalable sampling rate (SSR). The low complexity pro�ledoes not use prediction, and the TNS �lter order is reduced. The quality is still quite high in lowcomplexity mode. As shown in (Bosi et al., 1997), the only sounds tested that made a considerabledi�erence between the main pro�le and the low complexity pro�le were the harpsichord and thepitch pipe sounds. Both of these sounds are purely tonal, and must have bene�ted greatly from theprediction module. The other eight sounds were of nearly indistinguishable quality relative to theoriginal in the low complexity pro�le. The third pro�le is SSR, which can be used to make a scalablebitstream by splitting the signal into four uniformly spaced critically-sampled subbands, in additionto using gain modi�ers to control pre-echo.The rate/distortion loops used in Layer III are mostly the same in AAC. The subsequent Hu�manlossless coding section has been improved from its version in Layer III to AAC. In AAC, the MDCTcoe�cients can be dynamically segmented into one to 49 sections, and each section can use one ofeleven Hu�man tables.Applications of MPEG AAC include Japanese Digital Satellite Television, USA Digital Radio,



82 CHAPTER 4. TRANSFORM-CODED TRANSIENTSand Internet audio applications. As it is a relatively new standard, it may be surfacing in moreapplications in the future.4.1.7 MPEG-4 Transform CodingMPEG-4 is seen as the successor to MPEG-2 (there was no MPEG-3), and there are many di�erentkinds of audio compression algorithms present in it. MPEG-4 has speci�cations for CELP-stylespeech coders, sines + noise coders (Edler et al., 1996), and transform coders, which are designedto span the desired bitrates from 2 to 64 kbps/channel (Edler, 1996). In addition, synthesized audiousing such techniques as wavetable synthesis and physical modeling are also described (Scheirer andRay, 1998). In this section, only the new transform coder will be discussed. The MPEG-4 testingprocess is still ongoing at the time of this thesis writing, so the details provided below are a currentsnapshot of the standardization process as of the summer of 1998.The MPEG-4 transform coding algorithm uses almost all of the functionality of MPEG AACas its core. In addition to the modules of AAC, several other algorithms have been added to thesystem. These include Twin-VQ quantization, bitrate scalability quantization, and perceptual noisesubstitution. Currently, there are three possible quantization schemes for the MDCT coe�cients inMPEG-4: the rate/distortion loops of AAC, Twin-VQ quantization, and bitrate scalability quan-tization. The AAC rate/distortion analysis-by-synthesis quantization loops, followed by Hu�mancoding was discussed earlier in Section 4.1.6. Twin-VQ was described earlier in Section 4.1.5.Bitrate ScalabilityThe third alternative quantization method o�ered in MPEG-4 is the multi-layer bit-sliced arithmeticcoding (BSAC) algorithm (Park et al., 1997). Instead of iterating through analysis-by-synthesis rate-distortion loops as is in AAC, all MDCT coe�cients are initially quantized such that the quantizationlies just underneath the masking threshold dictated by the psychoacoustic model. Then, groups offour adjacent MDCT coe�cients are formed into vectors. A subvector is then formed containingall the most signi�cant bits (MSB) of the four MDCT coe�cients, another subvector then containsthe second-most signi�cant bits of all four coe�cients, and so on, until the least signi�cant bits(LSB) are reached. Each of these subvectors are losslessly and arithmetically encoded. To create abitstream of a certain bitrate, the encoder will utilize only a certain percentage of the arithmeticcoded subvectors, starting with the MSB subvectors. In addition to scaling along this dimension ofmost signi�cant MDCT coe�cients, BSAC will also scale along the dimension of bandwidth. Thatis, at 16 kbit/s, no MDCT coe�cients will be sent above 3.5 kHz. The coe�cients below 3.5 kHzwill be scaled by the most signi�cant bit subvectors. For more detailed implementation details, seethe ISO working draft, Grill et al. (1998b).



4.1. EVOLUTION OF TRANSFORM CODING 83Perceptual Noise SubstitutionIt has been noticed that for certain noise-like regions of frequency in given frames, it is not necessaryto encode the actual MDCT coe�cients. Rather, it is su�cient to encode the total energy ofMDCT coe�cients in that frequency region, and then synthesize random MDCT coe�cients withthe same energy at the decoder. This perceptual noise substitution method for wideband audiocoding was �rst published by Schulz (1996), and is currently in the MPEG-4 working draft (Grillet al., 1998b). A certain frequency region is deemed noise-like depending on the tonality measurefrom the psychoacoustic model and if there were no large jumps in energy from the previous frame.More about this method, and other noise modeling techniques, will be discussed later in Section5.1.1.4.1.8 Comparison Among Transform CodersComparing a wide range of audio compression algorithms is a long and expensive process, but perhapsthe best and most recent published comparison is Soulodre et al. (1998). The authors comparedmany coders, including MPEG Layer II, MPEG Layer III, MPEG AAC, and Dolby AC-3 at severalbitrates. As an overall level of quality, the algorithms are sorted in order of best to worst : MPEGAAC, Layer III, AC-3, Layer II. The AAC testing was using its main pro�le. This determinationwas made over several bitrates, except Layer III, which was only tested at 128 kbit/stereo. Seethe following table for a comparison of the di�erent algorithms at several bitrates, showing theirdi�grades. A di�grade of 0 means there is no di�erence heard. A di�grade of -1 means there is adi�erence heard, but it is not annoying. A di�grade of -2 means the material is slightly annoying.A di�grade of -3 means the material is annoying, and a di�grade of -4 means very annoying. Thetotal bitrates are shown for a stereo signal. The testing error of the di�grade values is �0:111.Codec 96 kbps 128 kbps 160 kbps 192 kbpsMPEG AAC -1.15 -0.47 { {MPEG Layer III { -1.73 { {Dolby AC-3 { -2.11 -1.04 -0.52MPEG Layer II { -2.14 -1.75 -1.18From the above table, it can be seen that MPEG AAC @ 128 kbps is roughly equivalent toAC-3 @ 192 kbps, or 50% higher bitrate. Also, MPEG AAC @ 96 kbps is roughly equivalent toMPEG Layer II at 192 kbps, or 100% higher bitrate. In addition, MPEG Layer III @ 128 kbps isequivalent to MPEG Layer II @ 160 kbps. No publicly available published comparisons could befound detailing the quality of ATRAC and Twin-VQ at these bitrates.



84 CHAPTER 4. TRANSFORM-CODED TRANSIENTS4.2 A Simpli�ed Transform CoderIn the sines + transients + noise system of this thesis, the transient modeling is represented bytransform coding. The goal of this thesis is not to further the state of the art of transform coding.Rather, the goal is to have a fast, e�cient, and reasonably scalable transform coding algorithm withresults close to that of the best available coders today. With this goal in mind, the transform coderused in this system is a simpli�ed version of MPEG AAC. In addition, the transform coder is onlyactive during the frames that contain attack transients, as determined by the transient detector(Section 2.2). A graphical example, in the time domain and time-frequency plane, can be seen inFigure 4.3.
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Fig. 4.3. The time region between 50 to 120 msec, which straddles the attack transient, is modeledby transform coding. The other areas of the time-frequency plane are modeled by multiresolutionsinusoids and noise modeling.The input to the transform coder is mostly just the original signal. At the boundaries of the tran-sient region, the input signal is the residual between the original signal and the decaying, windowedsinusoids from the multiresolution sinusoidal modeling octaves. This can be seen graphically in Fig-ure 4.4. Notice that the lowest octave sinusoids ramp-o� the slowest due to their longer windows,and thus reach the farthest in the transient region.
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Fig. 4.4. The analysis windows for sinusoidal modeling and transform-coded transients surroundingan attack transient



86 CHAPTER 4. TRANSFORM-CODED TRANSIENTSOnce the transient detector determines that a certain frame of audio contains a transient (Section2.2), the residual signal is formed and is then passed to the MDCT �lter bank and the psychoacousticmodeling algorithm. The transform coding 
ow diagram can be seen in Figure 4.5. The MDCT�lter bank uses only short, 256 point raised-sine windows. As opposed to MPEG AAC, there isno need to perform adaptive length window-switching because the transform coding is only activeduring transients. Because MDCT windows are only used over certain segments of the audio signal,certain care must be taken at the boundaries of the transient region. Due to the implementation ofthe MDCT �lter bank, any region of samples must be covered by two separate, overlapping MDCTwindows. This is necessary to perform the alias cancellation. In this system, the transient region is24*128 = 3072 samples long. In order to implement this with 256 point windows at 50% overlap, 26MDCT windows are necessary. The MDCT of the �rst 256 point window outputs 256 samples, butonly the last 128 samples are used, because only they are overlapped with its neighboring window.Similarly, only the �rst 128 synthesized MDCT samples of the last window are used. The additional 2MDCT short windows amounts to a relatively small overhead. A simpli�ed graphical example of thiscan be seen in Figure 4.6a. In order to reduce the bit overhead, the �rst and last window could onlybe 128 samples long, and still satisfy the overlapping of tails property necessary for alias cancellationas was shown in Equation (1.6). Figure 4.6b shows this case of shorter �rst and last windows. Butby shortening the �rst and last window in half, as is done for windows during transients in AC-3(Fielder et al., 1996), the frequency response of each bandpass �lter would be considerably worse. Inaddition, this bitrate overhead increases as the window length increases. Therefore, it is importantto keep the windows short (in addition to reducing the pre-echo quantization artifacts).
transient
detector

psychoacoustic
model

short-windowed                   quantizer          Huffman
MDCT filterbank                                           codingFig. 4.5. The simpli�ed transform coder used to model transients.The psychoacoustic model is the same MPEG psychoacoustic model II used in MPEG-Layer IIIand MPEG AAC. Details of the psychoacoustic modeling, and of this particular model can be seenin Sections 1.1.2 & 3.5. The psychoacoustic model computes the signal-to-mask ratio (SMR) overmany separate frequency regions, which determine how much quantization noise can be injected into
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Fig. 4.6. This �gure shows the boundary conditions necessary to provide MDCT transform codingover short time regions. The shaded region in both plots distinguish times that are covered by twooverlapped windows. Consequently, this is the time region that is covered by transform coding. Inthe top �gure a), the �rst and last windows (dotted) are of the same length as the other (solid)windows, and thus have the same frequency resolution. But, when synthesized, the time samplesoutside the shaded area are discarded. In the lower �gure b), the �rst and last (dotted) windowsare 50% shorter, and abruptly begin and end. This reduces the bit overhead, since no synthesizedMDCT samples are discarded. The perfect reconstruction, overlapping of tails property shown inEquation (1.6) is still satis�ed, but the frequency resolution of the �rst and last windows are inferiorto that of the other middle, symmetric windows.these frequency regions while still being inaudible (or masked).The quantizer inputs the raw MDCT coe�cients, along with the SMR data, and then proceedsto quantize each of the MDCT coe�cients with just the minimum amount of resolution such thatthe quantization noise in each frequency band is masked. First, the MDCT coe�cients are dividedinto their scalefactor bands (sfb), as is done in MPEG AAC. There are 14 nonuniformly spaced sfbsfrom 0-22 kHz. Each sfb has an allowed amount of quantized noise from the psychoacoustic model,called xmin(b) in Grill et al. (1998b). The b parameter is the variable that spans the scale factorbands. The formula for quantization of MDCT coe�cient i in sfb b isxquant(i) = int�hmdct(i)2 14 (scalefactor(b))i3=4� (4.1)The inverse quantization method is:y(i) = xquant(i) 34 2� 14 (scalefactor(b)) (4.2)Each scalefactor(b) governs the quantization resolution of each scalefactor band. It is usually within



88 CHAPTER 4. TRANSFORM-CODED TRANSIENTSthe range of -128 to 0. The closer to 0, the �ner the quantization. If it weren't for the non-linearity of raising the values to the 34 th power, then every time scalefactor(b) is raised by one, thequantization resolution gets raised by 1:5dB � 20log10(2 14 ). With the extra non-linearity, everyincrement of scalefactor(b) is 1:1dB � 20log10(2 14 � 34 ). As the quantization resolution increases, sodoes the variance of the quantized values, xquant(i), and in turn, the bitrate.The goal is to quantize the MDCT coe�cients using the coarsest resolution possible (and ac-cordingly, the lowest bitrate), but still have the quantization noise be less than the allowed maskingnoise in each band, xmin(b). Over each scalefactor band, b, the following optimization is made to�nd the most negative scalefactor(b) that will still have its quantization noise masked:minscalefactor(b)24 Xi2sfb(b) [mdct(i)� y(i)]2 � xmin(i)35 (4.3)In order to quickly �nd the optimal scalefactor, a binary search is performed in log2128 = 7iterations (Gbur et al., 1996). In addition, a neighborhood of �3 scalefactors not already checked inthe binary search is also tested. This is necessary due to the fact that with smaller scalefactor bands,especially those with only four MDCT coe�cients each, quantization noise does not monotonicallydecrease with increasing scalefactors.After the MDCT coe�cients are quantized with the appropriate scalefactors, the quantizedMDCT coe�cients and the scalefactors are losslessly encoded using Hu�man coding and run-lengthcoding. In this system, in order to reduce complexity, two Hu�man tables are used for the MDCTcoe�cients and are used over �xed frequency ranges (low and high). In order to improve coding gain,the full dynamically segmented Hu�man coding using up to 11 tables of MPEG AAC could be usedinstead (Section 4.1.6). The scalefactors are di�erentially encoded over frequency each frame, andthen Hu�man encoded using a separate Hu�man table. To reduce these scalefactor bits, promisingwork has been done using vector quantization compression of the scalefactors (Sreenivas and Dietz,1998).4.2.1 Time-Frequency PruningThrough various rounds of experimentation, it was found that the entire frequency range does notneed to be encoded during all of the 24 short windowed (66 msec total) MDCT transform frames ofa transient frame, as shown in Figure 4.3. It was found that the high frequency MDCT coe�cientsonly need to encoded during a region of time shorter than the original 66 msec transient frame.Through listening tests, high frequency MDCT coe�cients (above 5 kHz) only need to be encodedfor 10 of the 24 windows (29 msec total). This process of reducing the total number of MDCTcoe�cients in time-frequency is referred to as pruning. This time-frequency pruning step reducesthe number of MDCT coe�cients to encode by 29%. These regions of time-frequency not coveredby transform coding are now represented by Bark-band noise modeling, which is a much cheaper



4.2. A SIMPLIFIED TRANSFORM CODER 89bitrate representation per region of time-frequency. Bark-band noise modeling will later be discussedin Section 5.2.The placement of the 10 high frequency MDCT windows in the larger 24 window transient frameis dependent upon a secondary transient detector. The algorithm �rst computes the energy in theMDCT coe�cients between 5 and 16 kHz over each of the 24 short windows. A large surge of energy,which is always present during a transient, is located among the 24 windows, and the group of 10windows is centered around this transient point.
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Fig. 4.7. This �gure shows how to prune the time-frequency plane for transform coding of atransient. Like Figure 4.3, the lower plot shows 250 milliseconds of a drum attack in a piece of popmusic. The upper plot shows the time-frequency segmentation of this signal. During the attackportion of the signal, transform coding is used for about 66 milliseconds between 0 to 5 kHz, butfor only 29 milliseconds between 5-16 kHz. The remainder of the 66 msec from 5-16 kHz is encodedusing noise modeling. By reducing the time-frequency region of transform coding, the bitrate isreduced as well. During the non-transient regions, multiresolution sinusoidal modeling is used below5 kHz and Bark-band noise modeling is used from 0-16 kHz.Given more time, and more complexity in the software, the transient MDCT coe�cients intime-frequency could be pruned in such a way to match the smoother characteristics of an impulseresponse of a continuous wavelet transform (Vetterli and Kova�cevi�c, 1995). In this manner, theresponse in time-frequency would be short in duration at high frequencies, and smoothly taperwider as the frequency becomes lower. If implemented, the time-frequency plane would look similarto Figure 4.8. This hybrid solution of switching between representations at transient signals is alsoused in Sinha and Johnston (1996). But in that paper, MDCT coding is used during the non-transient signals, and a wavelet �lter bank during transient signals. Special care was taken to ensureorthogonality during the transition between representations.
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Fig. 4.8. In this �gure, the time-frequency is pruned even further than in Figure 4.7 in order torepresent only the regions in time-frequency around the transient. In doing so, there is a signi�cantreduction in the number of MDCT coe�cients to encode. In their place, much cheaper bitraterepresentations of sinusoidal and noise modeling are used.



4.2. A SIMPLIFIED TRANSFORM CODER 914.2.2 MicrotransientsThere are certain transients, which will be termed microtransients, that are not broadband or loudenough to be found by the detection algorithm stated in Section 2.2. For example, small drum tapslike a closing hi-hat sometimes appear not as a full transient, but rather as a microtransient. Ifthese microtransients are modeled by Bark-band noise modeling, the result will not sound crisp, butrather distorted and spread. The solution is to use transform coding centered around these attacks,but only from 5 to 16 kHz. Because these high frequency transients are very sudden and short,only four transform coding frames of 128 samples each are necessary. Before and after the suddentransient, bark-band noise modeling is used. See Figure 4.9 for an example and further discussion.
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Fig. 4.9. This �gure shows how transform coding can preserve sharp, high-frequency attacks.The bottom plot shows the original signal, as shown previously in Figures 4.7 and 4.8. The plotdirectly above it shows the same signal highpass-�ltered, with a cuto� at 5 kHz. Notice that at220 milliseconds, a transient is observed in the highpassed signal, but not in the lower widebandsignal. Accordingly, the time-frequency plane around t=220 milliseconds and between 5 and 16 kHzis encoded using transform coding techniques. This preserves the high-frequency transient onset.Bark-band noise modeling is used for surrounding times above 5 kHz.4.2.3 Bitrate-ControlAs compared to sines and noise modeling, transform coding requires the most bits per area of thetime-frequency plane. Because the average number of attack transients per second widely variesbetween input signals, the bitrates among these input signals will vary widely. In order to reducethe variance of the required bitrates among the signals, some dynamic bitrate control is applied to



92 CHAPTER 4. TRANSFORM-CODED TRANSIENTSthe transform-coding of transients. The bitrate control comes in two 
avors: a �ne tuning, and acoarse tuning. The �ne tuning is performed by altering the allowable signal to mask (SMR) ratio.The coarse tuning will alter the sensitivity of transient detector, and thus reduce the number oftransients. These two methods will be described brie
y in the following subsections. For an overall,updated transient coding 
ow diagram, see Figure 4.10.
transient
detector

psychoacoustic                        rate                   bit
model                                    control             counter

short-windowed                   quantizer          Huffman
MDCT filterbank                                           codingFig. 4.10. The simpli�ed transform coder, as shown in Figure 4.5, modi�ed to have adaptive ratecontrol.Masking Threshold AdjustmentInitially, as described earlier using Equation 4.3, the MDCT coe�cients in each frame are quantizedas coarsely as possible such that the resulting quantization noise is barely softer than what themasking threshold will allow. The masking threshold can be anywhere between 6 to 18 dB belowthe (spread version of the) energy spectra, which is determined by the psychoacoustic model asdescribed in Section 3.5. In order to make small reductions of the bitrate to encode the MDCTcoe�cients, the SMR can be slowly reduced from its original value across all frequencies. Loweringthe SMR allows more quantization noise to be evenly introduced across all of the scalefactor bands,thus lowering the bitrate. After lossy quantization, the coe�cients are Hu�man coded and then thebit cost is determined and fed back to the rate control. If the bitrate is still not su�ciently low,then the rate control box, as shown in Figure 4.10 will lower the SMR again.Transient Detector AdjustmentData from the bit counter is fed to the rate control, which decides whether to lower the SMR orchange the transient detector. If lowering the SMR is not su�cient to obtain a low enough bitrate fora certain signal, then the total number of transients is decreased. The transient detector sensitivityparameters will be altered such that only the most prevalent attack transients will be 
agged. Theother previously 
agged transient regions will be re-encoded and modeled as sines and noise. Inthe limit, no transients would be encoded using transform coding. After some experimental results,



4.2. A SIMPLIFIED TRANSFORM CODER 93signals can be encoded with 16-20 kbps using just sines + noise. Signals synthesized using onlysines and noise have duller attacks, but this is a necessary trade-o� if only a limited transmissionbandwidth is available. With all transients encoded using transform coding, the bitrate totals useanywhere between 20-36 kbps, depending on the number of transients detected per second.
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Chapter 5
Noise Modeling

For compressing certain noisy signals, there are e�cient model-based methods, and then there arebrute-force waveform-based methods. De�ning what noisy means is not straight-forward. In speechcoding, it could be based on a voiced/unvoiced decision (Dudley, 1939). Alternatively, speech canbe voiced or unvoiced in individual frequency bands (Gri�n and Lim, 1988). Or, a noisy signalcould be the excitation of a series of formant and pitch prediction �lters (Atal and Remde, 1982).Audio signals can also be noisy in certain frequency regions, and tonal (non-noisy) in others (Schulz,1996). Or, the residual of an audio signal minus a sinusoidal modeled version can be considerednoisy (Serra, 1989; Hamdy et al., 1996; Goodwin, 1996).Whatever the de�nition of noisy may be, using a model-based approach will most always be moree�cient in terms of bit rate than encoding the waveform itself. Encoding the waveform using timedomain techniques such as ADPCM (Cumminskey, 1973), or frequency domain techniques such astransform coding (Bosi et al., 1997), preserve the phase of the signal. For stationary noise processes,the phase properties of noisy signals are not perceptually important. Psychoacoustics dictates thatfor a wide class of noisy signals, only short-time energy spectral, envelopes de�ned over a Bark scale,are perceptually relevant (Zwicker and Fastl, 1990). These slowly, time-varying spectral envelopescan be represented with many fewer bits than needed for ADPCM or transform coding techniques.A challenge for many systems is isolating the noisy part of the signal from the rest of the signal.Once the noisy part is segregated from the original, then compression is relatively straight-forward.In this chapter, previous noise modeling algorithms for speech and audio will initially be discussedin Section 5.1. Afterwards, the noise modeling component used in the sines+transient+noise systemwill be described in Section 5.2. Quantization techniques used in the noise modeling algorithm willthen be presented in Section 5.3. 95



96 CHAPTER 5. NOISE MODELING5.1 Previous Noise Modeling AlgorithmsThis section will describe how noise modeling has been successfully used in the past in audio andspeech compression algorithms. The noise modeling algorithms have been divided into two cate-gories, which will be termed additive and residual noise models. The former additive noise models,which will be discussed in Section 5.1.1, model frequency ranges of audio as either noise or an-other audio representation (e.g., sinusoidal modeling or transform coding). Residual noise modelsmodel the residual of the original input minus a di�erent initial modeling of the original input (e.g.,sinusoidal modeling) as noise. Residual noise models will be discussed in Section 5.1.2.5.1.1 Additive Noise ModelsThe systems in this subsection categorize speech & audio as either tonal or noisy, as a functionof frequency. The input is split into subbands, and a tonal/noisy determination is made withineach band. Based on this determination, separate representations and quantization methods areused. In early speech coders, this tonal/noise determination was made for an entire frame, overall frequency. If a frame were determined to be noisy, then it was modeled as �ltered white noise(Atal and Schroeder, 1967). Usually, the �lter was a smoothed spectral envelope derived via linearprediction coding (LPC) of the original signal frame.Multiband ExcitationThe Multiband Excitation (MBE) speech coder splits a speech signal into several subbands, whosenumber can set to be equal to the number of harmonics (Gri�n and Lim, 1988). In each subband,the speech is declared to either be tonal or noisy. In the tonal regions, the speech is synthesizedas a harmonic set of sinusoids. In the noisy regions, noise is synthesized using IFFT, overlap-addtechniques. The sinusoids in the tonal regions are encoded with their own amplitude and phase data,and they are harmonically related to a single fundamental frequency. The amplitudes are given bya smoothed spectral envelope. The subband energy gains in the noisy regions are also determinedby the smoothed spectral envelope. The tonal versus noisy determination is made every frameby computing the ratio of the sinusoidal residual energy and the original input energy over eachsubband. By encoding only the gain of each noise subband and not the phase, the noisy subbandsrequire fewer bits than the tonal subbands. In addition, these noisy subbands give the speech amore natural quality than using just sinusoids.Transform Coding Noise SubstitutionLike the MBE, it is possible for audio transform coding to obtain good results by modeling di�erentsubbands as either noisy or non-noisy. But unlike MBE, transform coding noise substitution modelsseparate frequency bands as either noise modeled or MDCT transform coded signals. As �rst



5.1. PREVIOUS NOISE MODELING ALGORITHMS 97introduced by Schulz (1996), certain frequency regions above 5 kHz are checked to see if theyare noise-like. This topic was brie
y introduced earlier in Section 4.1.7. This noisy/non-noisydetermination is made by using a combination of two methods, similar to the transient detectorpresented in Section 2.2.3. The �rst method looks at the normalized mean squared error betweenthe original MDCT coe�cients in a given scalefactor band (sfb) and the predicted MDCT coe�cients.Each scalefactor band may have between 4 to 64 MDCT coe�cients, depending on the frequency.The second method looks for large positive changes in short-time power levels. When both of thesemethods coincide, a subband is termed noisy. In noisy sfbs, only an energy gain of the MDCTcoe�cients present in the sfb is transmitted. At the decoder, MDCT coe�cients are synthesizedusing a random number generator with the given transmitted gain. For non-noisy sfbs, each MDCTcoe�cient in that sfb is quantized using traditional transform coding techniques (Section 4.1.2),which accounts for a much higher bitrate per sfb than noise modeling would require. Accordingto Schulz (1996), the same quality of audio coding with noise substitution can be realized withtraditional MPEG-1 transform coding (ISE/IEC JTC 1/SC 29/WG 11, 1993) using 20% fewer bits.Similar noise substitution techniques are currently being proposed in the MPEG-4 Audio standards(Grill et al., 1998b).5.1.2 Residual Noise ModelsThe next class of algorithms presented in this subsection represent audio residuals as noisy. Theseresiduals are formed as the di�erence between the original signal and another initial representationof the original signal, such as sinusoidal modeling. Therefore, the �nal representation is the sumof two representations in the same frequency region, one of which is a residual noise model. Thisis in contrast to the previous Section 5.1.1, where the speech and audio is represented as either anoise model or another representation in any given frequency range. Because residual noise modelshave noise and an additional representation present in a given frequency range, it is sometimesdi�cult for the sum of the two to sound as if it is a single source, not the disjoint sum of two audiorepresentations. More on this ability to perceive a fused audio image will be discussed at the end ofSection 5.2.Sines + Residual NoiseA major contribution to the analysis / transformation / synthesis computer music �eld was the workof Serra (1989). In Serra's thesis, a residual noise model was �rst introduced to sinusoidal modelingas a method to perform high quality modi�cations to monophonic musical instruments and voice.Previously, only sinusoidal models were used (McAulay and Quatieri, 1986b) in the context of speech.But, using only sinusoids was not su�cient for attack transients of musical instruments, or noisysignals such as breath noise of wind instruments or bow noise of string instruments. To modelthese more complex signals, a residual is formed with the original signal minus the synthesized



98 CHAPTER 5. NOISE MODELINGsinusoids. The intra-frame noise envelope is �t using line segment approximation (Phillips, 1968)in the short-time frequency domain. To synthesize the noise, an IFFT with random phase andline segment approximated spectral magnitude is computed. While this system performs very wellfor high quality modi�cations, such as time-scaling and pitch-shifting, it was not designed for datacompression. But, its contribution of using a residual noise model for sinusoidal modeling has beenused by many other researchers in the audio data compression community.Another system to use sinusoidal modeling with a noise-modeled residual is currently beinginvestigated for the MPEG-4 Audio standard (Edler et al., 1996; Grill et al., 1998a). This system,as opposed to the previously mentioned system by Serra (1989), is designed speci�cally for very lowdata rates (6 to 16 kbps) and compressed domain modi�cations. The sinusoids can be synthesizedwith independent frequency information, or as a harmonically related set (if appropriate). Aftersubtracting the original signal from the synthesized sinusoids, a residual is formed. The residualis then modeled using an IFFT with a spectral magnitude envelope and random phase, similar to(Serra, 1989). To reduce the bitrate of the envelope, the envelope is generated by �rst computinga DCT of the FFT magnitude of the residual short-time signal. The �rst seven DCT coe�cientsare quantized and transmitted. At the decoder, and inverse DCT creates a smoothed version ofthe residual magnitude spectra. The noise is synthesized using an IFFT with this DCT smoothedenvelope and random phase. Therefore, the �nal sound is a sum of the sinusoids and the residualnoise model, both from 0 to fs=2 Hz..A more recent method of sines and residual noise modeling is presented by Goodwin (1996, 1997).In this paper, the residual signal is modeled by �rst splitting a signal into equivalent rectangularbands (ERBs) (Moore and Glasberg, 1996), which are non-uniform divisions of frequency similar tothe critical bands of hearing (Zwicker and Fastl, 1990). Once the signal is split into its ERBs, thetotal energy is computed in each ERB band, for each frame. Splitting the signal into ERBs can beachieved with either a set of bandpass �lters or FFT/IFFT techniques. At the decoder, randomspectral magnitudes are generated in each ERB with their corresponding ERB encoded gains, alongwith random phase values. These synthesized magnitudes and phases are processed via an windowedoverlap-add IFFT, and the residual noise is complete. This system in Goodwin (1996) was originallydesigned for modi�cations, and was not speci�cally designed for data compression. But, as will bediscussed in more detail later in Sections 5.2 and 5.3, this noise modeling technique can be e�cientlyquantized.Sines + Wavelets + Residual NoiseThe �rst in a series of publications of sines+wavelets+noise papers is by Ali (1996), followed by(Hamdy et al., 1996; K.N.Hamdy et al., 1997; S. Boland, 1997). These papers extend the modelingof the residual of sinusoidal modeling to include transient and noise modeling. This section willdescribe the work done by Ali (1996) and Hamdy et al. (1996).



5.2. BARK-BAND NOISE MODELING 99The sinusoidal modeling uses di�erent parameter estimation techniques (Thomson, 1982), butstill uses traditional tracking and intra-frame parameter interpolation algorithms (McAulay andQuatieri, 1986b; Serra, 1989). The sinusoidal residual below 11 kHz is then encoded using previouslyestablished wavelet coding techniques (Sinha and Tew�k, 1993). The residual above 11 kHz is furthersplit between edges and non-edges. It seems that non-edges of the wavelet transform coe�cients canbe e�ciently modeled by simply synthesizing random coe�cients. The variance of the coe�cients(assuming zero mean), along with a temporal decay variable is transmitted. At the decoder, non-edge wavelet transform coe�cients in each of the bands are synthesized according to the variance anddecay constant. It is reported that for most signals, over 80% of wavelet coe�cients (above 11 kHz)can be synthesized using noise substitution techniques without any audible artifacts. Because thetime resolution is so much �ner in high frequency wavelet transform bands, these noise substitutiontechniques are necessary to reduce the large number of parameters per second. The edge waveletcoe�cients, which are determined by a transient/edge detector, are encoded separately, and are notsynthesized. The method of encoding the noisy high frequency wavelet coe�cients is very similar tothe noise substitution method of MDCT coe�cients previously described in Section 5.1.1 (Schulz,1996). This shows that for high frequency signals in certain cases, audio can be approximated verye�ciently by noise processes without much perceptual distortion.5.2 Bark-Band Noise ModelingIn the system presented for this thesis, the noise model used is a combination of both additive andresidual noise models (only during non-transient regions). From 0 to 5 kHz, residual noise modelingis performed on the residual of the original signal minus the synthesized sinusoids. From 5 to 16kHz, only additive noise modeling is performed on the original signal itself. To maintain a low totalbitrate, it is assumed that all non-transient regions from 5 to 16 kHz are noise-like, which is similarto the high frequency assumptions made in (Hamdy et al., 1996). This assumption seems to bereasonable tradeo� in quality; if more bits were taken from the transient or sinusoidal models inorder to add higher frequency sinusoids, more perceptible artifacts will be heard in those regionsof time-frequency. In other words, noise modeling is a very inexpensive (by bitrate) method toincrease the audio bandwidth that does not introduce very objectionable artifacts. For most musictested at bitrates below 32 kbps, artifacts introduced by modeling the non-transient bandwidthfrom 5 to 16 kHz as only noise (instead of sines + noise) are subtle. Some artifacts heard due tonoise modeling will be a slight spreading of any attacks not captured by the transient model. Inaddition, monophonic, tonal instruments will have their higher harmonics modeled inaccurately bynoise. For the future, this particular class of tonal input signals may be detected, and thus increasethe frequency range of sinusoidal modeling higher than 5 kHz. But at these very low bit rates, alarger audio bandwidth and slight high-frequency artifacts seems like a better design than a lower



100 CHAPTER 5. NOISE MODELINGtotal audio bandwidth with fewer artifacts.�Through psychoacoustic experiments, it has been found that for stationary, noise-like signals,the ear is not sensitive to variations of energy within a Bark band. Rather, it is sensitive to thetotal short-time energy within each Bark band. Between 0 and 22 kHz, there are only 25 Barkbands. For a more detailed description of the critical bands of hearing, see the previous discussionon psychoacoustic masking thresholds in Section 1.1.3. Therefore, to e�ciently encode the noisyaudio signal, the noise modeling encoder divides the audio spectrum into uniform sections on theBark frequency scale (Zwicker and Fastl, 1990) (but non-uniform on the linear frequency axis) manytimes a second. This process can be accomplished using a set of bandpass �lters, or FFT methods(Goodwin, 1997). In Figures 5.1 and 5.2, the FFT noise encoder and decoder are shown.
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Fig. 5.1. This �gure shows the basic noise modeling encoder. The windowed input signal is placedthrough a short-time FFT. Groups of FFT bins are formed into Bark bands, and a Bark band energygain is computed for each. The �gure is not drawn to scale.To give a graphical example of a real audio signal, see Figures 5.3 and 5.4. In the left part of Figure5.3 is the original frame of audio. The right part shows the residual of the original signal (below 5kHz) minus the multiresolution sinusoidal modeling. In Figure 5.4, there are two spectra. One isthe short-time spectral magnitude of the residual, and the other is the Bark-band approximation ofthe residual. Its spectrum has a 
at magnitude over the frequency range of each Bark band.To assure the signals are perceptually similar, the energy is matched over each Bark band between�This matter may be a personal preference, but other researchers have also agreed in private communications.
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Fig. 5.2. This �gure shows the basic noise modeling decoder, to complement the noise encoder inFigure 5.1. Each Bark band gain is used as a uniform magnitude across all FFT coe�cients in thatparticular Bark band. Random phases are generated for each FFT bin. The �gure is not drawn toscale.the residual and the Bark-band synthesized signal. To show this, the same derivation and notationis used from Goodwin (1997). Let S(k; i) denote a particular original analysis FFT bin, with the kthbin and the ith frame. Then Ŝ(k; i) be the FFT bins of the piecewise constant Bark band synthesizednoise. In addition, �r is the number of FFT bins in the rth Bark band, and M is the size of theanalysis/synthesis IFFT. Therefore, the energy of the sum of the FFT bins in the original spectrumand the piecewise uniform Bark-band synthesized noise are equal:~Er(i) = 1M Xk2�r jŜ(k; i)j2 = 1M Xk2�r jS(k; i)j2 (5.1)Because all of the FFT magnitudes are identical in a given Bark band, the left side of the aboveequation can be rewritten as: ~Er(i) = �rM jŜ(k; i)j2 (5.2)Then, the piecewise uniform Bark band magnitude can be derived as a function of the energy in theanalysis FFT Bark band: jŜ(k; i)j =sM�r ~Er(i) (5.3)Each FFT frame is therefore constructed by a piecewise uniform magnitude across each Bark
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Fig. 5.3. The left signal is a frame of the windowed original signal. The right signal is the windowedresidual of the original input audio minus the multiresolution sinusoidal modeling.band and a random phase component. After an IFFT, the time domain output is windowed andoverlapped-added with 50% overlapping Hanning windows.The method of Goodwin (1997) was chosen as a noise model after comparing it to the implementedresults using DCT-smoothed spectral envelopes (Grill et al., 1998a) and LPC-smoothed spectralenvelopes (Serra, 1989). All three models allowed for low bitrates, but only the Bark band noisemodel had noise that seemed to fuse with the sinusoids. In the other two methods, the sines andnoise seemed to be perceptually separate audio streams added together, and did not perceptuallyform a single audio signal. But, when the sines and the Bark band noise (from 0 to 5 kHz) wereadded together, the sum seemed like a single source was playing, not just independent sines andnoise signals being played simultaneously. This is a di�cult phenomenon to describe in words, andperhaps described best by an audio example. While this ability to perceptually fuse sines and Barkband noise seemed to work well for the variety of audio material tested, di�erent noise methodscould conceivably work better or worse on di�erent input source material.5.3 Noise Parameter QuantizationNow that the noise modeling representation is chosen, the next task is to e�ciently quantize theparameters in a perceptually meaningful manner. As was mentioned earlier (during non-transientsegments), from 0 to 5 kHz there are sines and noise, while above 5 kHz there is only noise. Accord-ingly, noise is quantized di�erently above and below 5 kHz. In quantizing these noise parameters,
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Fig. 5.4. This �gure shows the magnitude spectrum of the residual signal, and the piecewiseconstant magnitude spectrum of the Bark-band noise modeling.there are several design choices:� the total number of noise bands over frequency� the temporal update rate of the Bark band gains� magnitude resolution of each Bark band gainFrom 0 to 5 kHz, after extensive yet informal listening tests, the noise parameters were quantizedover 10 equi-Bark spaced bands, the analysis windows were 1024 points long (50% overlap, which is86 frames/sec at 44.1 kHz), and each band's energy gain was scalar quantized with 1.5 dB magnituderesolution. This amounts to a bit rate of 2 to 3 kbps for most all audio inputs. Because the residualnoise signal is considerably quieter (on average) than the synthesized multiresolution sinusoidalsignal it is being added with, the frame rate of these noise parameters can be lower. The noisemodeling thus has the same temporal resolution as the middle multiresolution sinusoidal modelingoctave. To help improve the temporal resolution of the noise modeling, an additional noise envelopecan be added (George and Smith, 1992; Edler et al., 1996).Because additive noise modeling is the only representation of the non-transient regions of audioabove 5 kHz, it is important to have good temporal resolution of the Bark band energies. Aftermany listening tests, su�ciently high quality is achieved using 6 Bark bands from 5 to 16 kHz, andan analysis frame of 256 points (50% overlap, which is 344 frames/sec at 44.1 kHz). At this frame



104 CHAPTER 5. NOISE MODELINGrate, using scalar quantization and Hu�man encoding, the noise from 5 to 16 kHz would requireabout 10 kbps.In order to lower the bitrate of this high frequency noise information, it was discovered duringlistening tests that the temporal resolution of the Bark band gains, ~Er(i), can be reduced, but onlyin certain regions, while still maintaining high quality. As a graphical example, see the top plot inFigure 5.5. This plot shows the Bark band energies in one band from 8000 to 9200 Hz, over a timeperiod of 330 milliseconds. An example of a smoothed Bark band signal ~Er;LSA(i) can be seen inthe lower plot of Figure 5.5.The next problem to solve is to distinguish which regions of ~Er(i) need to be represented closely,and which regions can be smoothed or approximated. After many listening tests, it seemed thatthe regions of ~Er(i) that needed �ne quantization were those surround large sudden increases ordecreases in magnitude. In Figure 5.5, sudden changes of ~Er(i) occur at times 60 to 80 msec, andfrom 210 to 220 msec. In other regions, the Bark band energies can be e�ciently approximatedusing relatively long line segments.To smooth the signal, �rst a set of breakpoints are determined. Breakpoints are so called becausethey are points at which the straight lines break to change slope. These breakpoints are certainelements of ~Er(i) that are transmitted. The remaining points at the decoder are linearly interpolatedfrom these breakpoints. In the bottom plot of Figure 5.5, the breakpoints are the circled samples, andthe remaining points are clearly linearly interpolated from them. To quantize this representation,the magnitude (in increments of 1.5 dB) and the timing of the breakpoints are di�erentially scalarquantized, and then Hu�man encoded. In order to protect the bitstream from packet or bit errors,the breakpoints are not di�erentially quantized for all time; every several frames, the breakpointsare coded individually, without knowledge of the previous breakpoint.In order to determine these breakpoints, a greedy algorithm by Horner et al. (1995) is imple-mented that iteratively decides where a new breakpoint in the envelope would best minimize theerror between the original and approximated envelope. The number of breakpoints is set to 20% ofthe length of the envelope itself. Using fewer breakpoints would lower the bitrate, but would intro-duce audible artifacts in the synthesized noise. By using line segment approximation, the bitrate isreduced from 10 kbps to 3 kbps, while still maintaining the same perceived quality of synthesis.While line segment approximation techniques can model most high-frequency transients, themost sudden high frequency transients do not use noise modeling at all. As was discussed earlier inSection 4.2.2, transform coding is utilized over a short period of time at high frequencies for a certainclass of transients. These microtransients, as can be viewed in Figure 4.9, model short transientsthat only occur at higher frequencies. Examples of such microtransients are hi-hat closings or cymbaltaps.
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Fig. 5.5. The top plot shows a bark band (8000-9200 Hz) RMS-level energy envelope for about 300milliseconds. The bottom plot shows the line segment approximated RMS-level energy envelope. Thecircled points are the transmitted envelope points, and the remaining points are linearly interpolatedusing the transmitted points.
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Chapter 6
Compressed Domain Modi�cationsAs was mentioned earlier in Section 1.3, compressed domain processing is de�ned as the abilityto perform modi�cations on the audio while in its compressed form. The bene�t of this property isa large reduction in complexity and latency. Because modi�cations are performed separately on thesines, transients, and noise, the quality of the modi�cations rival the best commercial modi�cationsystems available today.As an example, one user receives a compressed audio bitstream. This user needs to performtime scale modi�cation upon it, and then transmit the compressed data to a second user. If themodi�cations are performed in the compressed domain, then the bitstream can be simply sent aheadto the next user with only a relatively small amount of partial decoding and processing delay. Thiscan be seen in the 
ow chart of Figure 6.1.

compressed-domain
modifications

compressed                                             compressed
data                                                         modified data

Fig. 6.1. Performing modi�cations in the compressed domainIf the modi�cations were performed on the raw audio pcm �le, then the encoded �le would �rsthave to be decoded, then modi�ed, then encoded as seen in Figure 6.2.In the audio compression system presented in this thesis, the encoder has higher complexity andlatency than the decoder.� Therefore, adding an extra encoding step every time modi�cations aredesired can signi�cantly increase the complexity and latency requirements. As more and more audiois exchanged in compressed-form across data networks, the need to perform quick modi�cations withlow complexity and latency will only increase.�This asymmetric complexity property is also shared by all other current commercial audio compression systems.107
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decoder                modifications               encoder

raw                           modified                   compressed
data                           raw data                         data

compressed
dataFig. 6.2. Performing modi�cations by switching to the time domainTo show more detail of the compressed domain processing system, see Figure 6.3. Initially, theinput compressed audio bitstream is demultiplexed into its four separate components: the mul-tiresolution sinusoidal parameters, the low frequency f0-5 kHzg residual Bark-band noise modelcoe�cients, the transform-coded transient data, and the line-segment approximated Bark-band highfrequency noise model coe�cients. Each of these representations have to be inverse quantized sep-arately. In the case of the sinusoids (Section 3.7), the residual noise parameters (Section 5.3), andthe transform coded data (Section 4.2), the inverse quantization is some class of Hu�man decodingand table lookups for inverse scalar quantization. For the high frequency noise model (Section 5.3),the Bark-band noise energy gain envelopes are easily recreated from the line segment approximationbreakpoints in the Hu�man decoded bitstream.Once the fsines,transients,noiseg bitstreams have been inverse quantized into raw parameters,they are then modi�ed in the compressed domain modi�cations box in Figure 6.3. Details of partic-ular time and pitch scale modi�cations to each of these sets of fsines,transients,noiseg parameterswill be discussed later in Sections 6.1 and 6.2 respectively.After modi�cations, the parameters can either be easily re-quantized and multiplexed back into asingle compressed bitstream or decoded into a raw audio signal for playback. For the re-quantizationprocess, shown in Figure 6.3 on the bottom row from right to left, the complexity is very low. Inthe case of time-scale modi�cation, the parameters before and after the modi�cation process do notchange. Rather, only the timing information is altered. Therefore, the inverse quantization stateinformation is saved before modi�cations, and then used again to re-quantize the parameters. In thecase of pitch-scale modi�cations, only the sinusoidal frequency parameters are scaled, and all otherparameters remain the same. Since sinusoidal frequency information is quantized in a table-lookupas discussed earlier in Section 3.7, this added encoding takes very little complexity.6.1 Time-Scale Modi�cationsAs was originally mentioned in Section 2.3.1, time-scale modi�cation is handled separately forsines+noise and for transients. The sines+noise signals are stretched in time, while the transientsare merely translated in time. By using translation and not stretching, the waveform correspondingto the transient is not altered; rather, it is now restored in a new time location. In the speci�c caseof drum hits, when time is slowed, one would desire the drum attacks to be just as sudden and
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Fig. 6.3. This �gure shows in more detail how a compressed bitstream is modi�ed. First, each ofthe independent signals must be inverse quantized: multiresolution sinusoids, low frequency residualnoise, transform-coded transients, and the high frequency noise. This inverse quantization processis usually inverse Hu�man coding and table lookups. After the modi�cations, the data can eitherbe decoded and listened to, or requantized and retransmitted in compressed form.sharp as the original signal. Using this algorithm, the drum attacks will simply be farther apart intime than the original, but the decay of the drums will now last longer. For a simpli�ed graphicalexample of this algorithm, see Figure 6.4.For a more speci�c, real-world signal example, see Figure 6.5. The left column signals show(from top to bottom) the original signal, the fully synthesized signal, and then the separate sines,transients, residual noise, and high frequency noise signals. These synthesized signals on the leftside of the �gure all occur at the original time-scale, with � = 1. On the right column, the samecorresponding synthesized signals are shown synthesized twice as slow as the original, with � = 2.Notice that the sines and the two noise signals are stretched by a factor of two, but the transientsare merely translated farther apart in time.In the next several subsections, more details will be given that describe how each of the individualrepresentations are altered. The sines and both noise models will be described in Section 6.1.1,and the transients will be detailed in Section 6.1.2. In Section 6.1.3, the phase-matching betweenthe multiresolution sinusoids and the transform coded transients, even when time-scaled, will bedescribed.6.1.1 Sines and NoiseIn order to stretch the sines and noise representations by a factor of �, the simplest method is toalter the synthesis window length by a factor of �. If � = 1, then the output is synthesized at thesame speed as the original, and if � = 2 the output is synthesized twice a slow as the original. Let
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timeFig. 6.4. This �gure shows how time-scale modi�cation is performed. The top diagram shows thetime relationships between the sines+noise and the transients in the original signal. In the lowerdiagram, the same signal is time-scaled to be slower than the original signal. The sines and noisesegments of the audio are stretched in time, while the transients are translated in time.the analysis window length be termed La, and let the synthesis window be Ls, such that � = LsLa .Assume that at any time scale �, the overlap of the windows is always maintained at 50%. Themethods of stretching the parameters are slightly di�erent if synthesized in the time or frequencydomain. In the next two subsections, each of these cases will be detailed.Time Domain MethodsBoth the sines and the noise can be synthesized in the time domain. While more straightforward toimplement in the time domain, the computational complexity is higher than using frequency domainmethods discussed in the next subsection. When sinusoids are synthesized using a bank of oscillatorsin the time domain, sample-rate parameters of famplitude,frequnency,phaseg are interpolated fromthe frame-rate parameters that were quantized and transmitted from the encoder. Now that theframe length has been stretched, Ls = � �La, the sample-rate parameters are still interpolated fromthe transmitted frame-rate parameters using the same methods. But because the distance betweenframes is now di�erent, the sample-rate parameters have changed. By stretching the sinusoids in thismanner, only the time evolution of the signal changes. For example, a sinusoid that swept from 400Hz to 405 Hz over 20 msec in the original signal now sweeps from 400 Hz to 405 Hz over 20� msec.The pitch is not altered due to the time scale changing, as would occur during simple sample-rateconversion of the original signal.When synthesizing noise in the time domain, white noise is �ltered by a bank of bandpass �lterswhose gains are interpolated at a sample-rate from the frame rate, quantized and transmitted Bark-band energy gains from the encoder. Just as in the case of the sinusoids, to time-stretch the noise,simply spread apart the frame-rate Bark-band gains by a factor of �. Then linearly interpolate thesample-rate energy gains from these stretched frame-rate parameters.
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112 CHAPTER 6. COMPRESSED DOMAIN MODIFICATIONSFrequency Domain MethodsThe sines and noise can also be synthesized using more e�cient FFT methods, and can still bestretched as was done using time domain methods. Instead of synthesizing sines using a bank ofoscillators, a triad of sinusoidal parameters frame can be converted to a main-lobe width of spectraldata (Rodet and Depalle, 1992). It is also possible to have linearly changing sinusoidal frequencythroughout the frame by using more complex algorithms (Goodwin and Rodet, 1994; Goodwin andKogon, 1995). In order to synthesize noise in the frequency domain, piece-wise uniform energy gainsare placed in the FFT domain, as was discussed earlier in Section 5.2 and shown in Figure 5.4.Once all the sinusoidal triads and the noise gains in a given frame are converted to spectral data,a single IFFT is performed, time-windowed, and overlapped with the previous frame. In order tostretch the sines and noise using FFT methods, simply change the synthesis IFFT frame lengthaccording to the time-scaling factor �. The IFFT-domain sines and noise parameters will be slightlyaltered when time-scaling due to the di�erent number of spectral bins between the encoder anddecoder.6.1.2 TransientsHandling the transients for time scale modi�cation is much simpler than handling the sines or noiserepresentations. The MDCT coe�cients of the transform-coded transients are merely translated toa new position in time. As can be seen in Figure 6.5, the short-time attack regions of the signalmodeled by transform coding are moved to their new location, which is directly after the previouslystretched region of stretched sinusoids and noise. The MDCT coe�cients are not modi�ed, and theframe rate of the short MDCT windows remain the same.6.1.3 Transition between Sines and TransientsAs was seen earlier in Chapter 2, and now again in Figure 6.6, there is a considerable amount ofoverlap between the multiresolution sinusoidal modeling windows and the transform coding transientMDCT windows. In the lower octaves, the overlap between the sines and transients is larger thanthat of the higher octaves, due to the longer window lengths. Special care is taken to match thephases of the sinusoids in the frame preceding the beginning and end of the transient region tothe overlapping transient signal. The reason for the phase-locking is to ensure a smooth transitionbetween the sines and transients. More details of this procedure were discussed earlier in Section3.4.3.When a signal is time-scale modi�ed, all the sinusoidal modeling windows stretch by a factor of�, but the parts of the sinusoidal windows that overlap the transient regions do not stretch. Theoverlapping sinusoidal frames are not stretched in order to ensure that the sum of the sines andtransients in the overlapping region is the same as in the original signal. As was mentioned before,



6.2. PITCH-SCALE MODIFICATIONS 113the transient signal is not stretched, but rather translated. Therefore, the sinusoids that are addedto the transients during the overlap region must not be stretched either. This concept can be viewedin Figures 6.6 and 6.7. If the sinusoidal windows portions during the transient region were stretched,then the sum of the sines and transients would not sum to be roughly equal to the original signal.Even during time-scale modi�cation, the sinusoids are kept phase-locked to the transient signalduring the portion of overlap between the two representations. In Figure 6.7, this overlap regioncorresponds to time regions of approximately f95 to 110 msecg and f145 to 160 msecg. Theseoverlap time regions are slightly di�erent in each of the multiresolution sinusoidal octaves, but areindependent of the time scaling factor, �. In each octave, the frame before the overlap region,Ft�1, receives initial sinusoidal phases from the phaseless reconstruction performed in previousframes. Over the period of the frame Ft�1, phases must be interpolated from the initial phase at thebeginning of the frame to the phase at the end of the frame derived from the encoder's parameterestimation. If this condition is satis�ed, then the frame during the overlap region, Ft, will havesinusoids phase-locked to the original signal, and thus the transform-coded transients. By alteringand interpolating the phases across Ft�1, some amount of frequency shift will be introduced. But,it is not been perceptually noticeable in any of the audio signals already processed. If it were everto become a perceptually relevant problem, then the phases could be interpolated over more than asingle frame before Ft. The more frames the phase is interpolated over, the smaller the frequencyshift. For a previous treatment of this topic of switched phase reconstruction, see Figure 3.4.3.6.2 Pitch-Scale Modi�cationsPitch-scale modi�cations are de�ned as altering the pitch of a signal without changing its playbackspeed. The pitch shifting parameter, �, is de�ned as the ratio of the output pitch to the input originalpitch. For example, � = 2 means that the output signal will be an octave higher than the original.The pitch-scale modi�cations are somewhat simpler conceptually than time-scale modi�cations. Theonly changes to make in this system is to alter the multiresolution sinusoidal frequencies by �.6.2.1 Noise and Transient Models Kept ConstantThe residual noise, the transients, and the high frequency noise are all kept constant. The residualand high frequency noise components are not pitch-scaled since there should not be any tonalcomponents in these representations. It is desirable that only the tonal components be scaled, andthe noisy sources should remain the same. Ideally, the residual noise is always the di�erence betweenthe input signal and the synthesized sinusoids. But the di�erence signal between the input signal anda pitch-scaled synthesized sinusoids does not deliver a meaningful residual. Therefore, the residualnoise obtained from the di�erence of the original signal and the non-pitch-scaled sinusoids is kept.



114 CHAPTER 6. COMPRESSED DOMAIN MODIFICATIONS

0 50 100 150 200 250
time [milliseconds]

am
pl

itu
de

tr
an

si
en

t
hi

gh
 o

ct
av

e
m

id
dl

e 
oc

ta
ve

lo
w

 o
ct

av
e

Fig. 6.6. This �gure shows the (from top to bottom) the MDCT windows used for transform-codedtransients, the analysis windows for multiresolution sinusoidal modeling, and the original synthesizedsines+transient signal. In this �gure, no time-scale modi�cation, � = 1 is performed. This is incontrast to Figure 6.7, when the audio is stretched, with � = 2.
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Fig. 6.7. This �gure shows the (from top to bottom) the MDCT windows used for transform-coded transients, the analysis windows for multiresolution sinusoidal modeling, and the synthesizedsines+transient signal when time-scale modi�ed by � = 2. Notice that the sinusoidal modelingwindows at the transient region boundaries are non-symmetric. The portion of the window thatoverlaps with the transient MDCT windows retain the original length as is used with � = 1, asshown previously in Figure 6.6.



116 CHAPTER 6. COMPRESSED DOMAIN MODIFICATIONSFor future work, the quantized Bark-band residual noise gains could be interpolated up or downin frequency, according to the pitch-scaling factor, �. The attack transients are also kept constantduring pitch-scale modi�cations. The transient detector only locates short signals segments suchas voice fricatives or drum attacks. Usually, these types of audio signals are not pitched; that is,they do not have a well de�ned pitch associated with them. Since these types of signals modeledas transients are not pitched, it is not necessary to alter these audio segments when performingpitch-scale modi�cation on the entire signal.6.2.2 Pitch-Scaling the SinusoidsBecause of the representation of sinusoidal modeling, it is relatively trivial changing the pitch of themodeled audio; simply alter all the sinusoidal frequencies from f ! � � f . The only complication ishow to handle the sinusoids in the frame that overlap the transient region, Ft.Below 5 kHz and with no modi�cations, the original signal during the overlapping frame Ft ismodeled as a sum of the synthesized sinusoids and the transients (disregarding the noise models forsimplicity): x(n) = s1(n) + t(n) n = 0; : : : ; S � 1 (6.1)where x(n) is the original input signal, s1(n) is the synthesized sinusoids with no time-scale mod-i�cation (� = 1), t(n) is the transform-coded transient signal, and S is the frame length. Thequantized parameters are transmitted to the decoder to synthesize s1(n) and t(n) over the frame Ft.The phases of s1(n) had to be maintained during this frame in order to constructively add to t(n)to recover an approximate version of x(n). The phase coherency is also necessary when performingtime-scale modi�cation, as was discussed earlier in Section 6.1.3.But when performing pitch-scale modi�cations, it is no longer necessary to maintain phase match-ing during the frame of overlap, Ft, between sines and transients. Because the sinusoids have allbeen pitch-scaled, s1(n) ! s�(n), Equation (6.1) no longer holds. The phase information for thesesinusoids, estimated with no pitch-scale modi�cation at the encoder, are no longer relevant sincetheir frequencies have been scaled at the decoder. Also, since the sinusoids have been pitch-scaledand the transients have not been pitch-scaled, there is no phase correction that could phase-matchthese two signals. A possible �x to this situation would be to either:� Pitch-scale the sinusoids back to their original frequencies during the frames of overlap withthe transients� Pitch-scale the transients to match the pitch-scaled sinusoidsBut, neither of these �xes would work. The �rst approach would generate audible frequency chirpswhen sweeping the sinusoidal frequencies from � � f ! f over the period of a frame. The second



6.3. CONCLUSIONS 117approach has not been shown possible in the compressed domain. Perhaps the closest published resulthas been to perform frequency domain pitch-scaling on DFT magnitudes and phases Ferreira (1998).But in that study, poor results were reported when attempting to scale \wideband signals, such asimpulsive noise and sound attacks". And, the modi�cations were performed on 2x oversampled DFTdata, not critically sampled MDCT data.In practice, as long as the transient detector is robust and only detects true attack transients,high quality pitch-scale modi�cation is obtained by scaling only the sinusoids and not pitch-scalingthe transients. By not having the pitch-scaled sinusoids phase-locked to the transients, there isthe possibility of some very slight discontinuities. But psychoacoustically, these discontinuities willbe much less perceptible than any artifacts due to quickly scaling the sinusoidal frequencies from� �f ! f . Due to pre-masking e�ects of the transient attack (Zwicker and Fastl, 1990), these possiblediscontinuities are even less perceptible.Another possible solution, yet not as elegant, would be to perform pitch-scale modi�cation by�rst performing compressed-domain time-scale modi�cation, then decoding the signal into raw audiosamples, and then performing sample-rate conversion to e�ectively alter the pitch. Many commer-cial perform pitch-scale modi�cations in this manner; �rst, use a standard time-domain time-scalemodi�cation algorithm (Roucos and Wilgus, 1985; Verhelst and Roelands, 1993) to stretch the signalslower by �. Then, resample the slower signal at a sample rate of fs=� using any number of standardtechniques (Smith and Gossett, 1984). While this approach would not allow all of the processing tobe performed in the compressed domain, it would alleviate any problems of overlapping pitch-scaledsinusoids with non-pitch-scaled transients. On the other hand, by using standard sample rate con-version post-processing algorithms, transient widths will be altered as function of the pitch scalingfactor.6.3 ConclusionsThis chapter showed that pitch and time-scale modi�cations are possible in the compressed audiodomain. Some amount of inverse quantization is required before the modi�cations can take place,but the inverse quantization requires a very low amount of complexity. Because the transient andnon-transient regions are encoded separately, high quality time-scale modi�cations are possible thatonly stretch the non-attack regions. Pitch scaling modi�cations are also possible with almost noadded complexity to the decoder.
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Chapter 7
Conclusions and Future ResearchThe goal of this thesis research has been to create a set of audio representations that can enableboth high quality data compression at very low bitrates, and to simultaneously allow for compresseddomain processing. By using a mix of parametric (sines and noise modeling) and non-parametric(transform coding) representations, this thesis hopefully comes closer to a real-world solution. Atall stages of the research, data compression quality had to be exchanged for the ability to modifythe compressed data, and vice-versa (Levine and Smith, 1998). In the end, after all the trade-o�s,this thesis shows the �nal results. In this �nal chapter, the conclusions will be drawn from eachof the three audio models of fsines,transients,noiseg, along with the compressed domain processingresults. Afterwards, possible future directions for research in this �eld will be discussed.7.1 ConclusionsWhile the sines, noise, and transient models presented in this work are not novel audio represen-tations by themselves, their combination together, along with the improvements and quantizationmethods are novel. In the next few subsections, the improvements for each of these representationswill be summarized.7.1.1 Multiresolution Sinusoidal ModelingMultiresolution sinusoidal modeling helps increase the audio quality for polyphonic music inputsignals. While the loudest attack transients are encoded using transform coding, there are notenough bits to encode all of the minor transients with transform coding. With shorter analysiswindows at higher frequencies, pre-echo artifacts at these minor transients are signi�cantly reduced.Once the sinusoidal analysis is performed, the next step is to choose which sinusoids to keep,followed by quantizing the remaining sinusoids. It is desirable to only keep the sinusoidal parametersthat are modeling only true sinusoids. Any parameters that are modeling noise are to be eliminated;119



120 CHAPTER 7. CONCLUSIONS AND FUTURE RESEARCHlater, the noise energy those sinusoids were attempting to represent will be modeled by a noise modelusing many fewer bits per region of time/frequency. The decision to keep sinusoids is based on twoseemingly independent metrics: 1) sinusoidal trajectory length and 2) time-averaged signal-to-maskratio (SMR). By including both the tracking length data and the perceptual relevance of eachtrajectory in the decision process, informal listening tests verify that essentially only true sinusoidsremain. Further reductions in bitrate result from downsampling (in time) remaining sinusoidaltrajectories that fall below a certain SMR threshold. After these sinusoidal selection and smoothingprocesses, the amplitude and frequency data are di�erentially scalar quantized, followed by Hu�manencoding. For most audio inputs, multiresolution sinusoidal modeling is encoded using 8 to 12 kbps.7.1.2 Transform-coded TransientsTransform coding for audio signals is a well established, and some would say mature, �eld of study.But using transform coding for only short regions of time centered about attack transients is novel.In addition, adaptively switching between transform coding and other parametric coding techniques(sines and noise modeling) is also novel. This approach works well because transform coding modelsall the signals e�ectively that sinusoidal and noise modeling cannot: attack transients. Becausetransform coding is only used over very short segments of audio (< 70msec), compressed domaintime-scale modi�cation is possible by merely translating these short attack transients rather thanstretching them.While using short-time transform coding for transient regions is an e�ective representation, thebitrate can be prohibitively high. One method to reduce the transform coding bitrate is to limitthe time-frequency region in which transform coding is used. The region of transform coding ofattack transients is divided into 24 short (256 point at 44.1 kHz) 50% overlapping MDCT windows.Initially, all 24 windows encode MDCT coe�cients from 0 to 16 kHz. To conserve bits, some of the 24windows farther away from the exact transient attack time will only encode MDCT coe�cients from0 to 5 kHz. The remaining bandwidth from 5 to 16 kHz in these windows is represented with noisemodeling instead. In order to keep the bitrate even lower, psychoacoustic masking thresholds canbe altered, thus allowing more transform coding quantization noise to be added. Another approachto lowering the bitrate is to lower the total number of transients; this can be done by altering thesensitivity in the transient detector. In practice, transform-coded transients require 4 to 16 kbps, butthe range could be even wider if extreme cases of audio are considered (from only long steady-statetones to only fast drum hits).7.1.3 Noise ModelingModeling noisy audio signals parametrically has been well known for many years. In this system,two separate noise signals are formed: 1) a residual noise signal that is the di�erence between the



7.2. IMPROVEMENTS FOR THE SYSTEM 121original signal and synthesized sinusoids, all below 5 kHz and during only non-transient time regions,and 2) a noise signal that models the original signal above 5 kHz and during only non-transient timeregions. All energy above 5 kHz during the non-transient regions is modeled as noise in order tolower the overall bitrate. While there may be some cases of isolated tonal signals above 5 kHz, thisnoise substitution method is a reasonable approximation for most music at 32 kbps/ch and lower.In the future, this 5 kHz bandwidth cuto� could be signal adaptive in order to accommodate verytonal input signals better. If users desire this sines+transients+noise system for only modi�cations,and are willing to use higher bitrates (� 32kbps), then sinusoids could be modeled over the entirerange of the original audio bandwidth.For both noise signals, Bark-band noise modeling, as introduced by Goodwin (1997), is used.The input noise signal is split into Bark spaced subbands, and each subband has its average energysampled at a certain frame rate. Below 5 kHz, this frame rate is approximately 86 times a second,while above 5 kHz, the noise gain frame rate is approximately 345 times a second. A higher framerate is needed at the higher frequencies in order to preserve sharp attacks. In order to reduce thedata rate above 5 kHz, the signal vector comprising a single Bark-band's energy gain over time issmoothed using line segment approximation techniques. After di�erential scalar quantization andHu�man coding of the noise gains below 5 kHz and the line segment breakpoints above 5 kHz, thebitrate requirements for the total noise modeling is approximately 5 to 7kbps.7.1.4 Compressed Domain ProcessingHigh quality compressed-domain time-scale modi�cation is now possible because the transients aremodeled separately from the non-transient regions of the input signal. By stretching the non-transient, sines+noise signals while translating the transform-coded transient regions, attack tran-sients remain as sharp as the original, even while the rest of the signal is time-scaled. This qualityof time-scaling, even up to time-scaling factors of 2 to 3, is di�cult for most of the commercial time-scale modi�cation systems. Even the phase vocoder, which usually has the highest quality time-scalemodi�cation results, does not handle transients well. Compressed-domain pitch-scale modi�cationis also possible, just by merely altering the frequencies of the sinusoidal modeling parameters. Thepitch-scaling properties are not novel, given that even the �rst sinusoidal modeling algorithms wereable to pitch-scale in this manner.7.2 Improvements for the SystemThe overall goal for this thesis was to match the results of audio data compression, while allowingfor compressed domain processing. If this research were to continue on, several straightforwardimprovements would be made.The �rst improvement would be to include a bit reservoir technique, similar to that in MPEG-I



122 CHAPTER 7. CONCLUSIONS AND FUTURE RESEARCHlayer III (Brandenburg, 1995) and MPEG-AAC (Bosi et al., 1997). But, this shared bit reservoirwould hold available bits for the sinusoidal models, the transient models, and both noise models.If any one of these components were deemed more perceptually relevant at a given frame than theothers, then that model would take bits out of the bit reservoir.Another improvement, as stated in the previous section, would be to adaptively set the highcuto� frequency for sinusoidal modeling. For example, if a long, steady, clarinet tone were the inputsignal, it would be more perceptually important to include all of the harmonics present. For mostpolyphonic music, tonal elements cannot be easily discerned above 5 kHz, but an adaptive algorithmshould make this decision.Much improvement could be made in the transform coding section. If the rate/distortion loopswere implemented in the current transform coder as they are in MPEG-AAC (Bosi et al., 1997), alongwith all the complex, multiple Hu�man encodings, then the bitrates associated with the transientmodels could drop signi�cantly. But due to time constraints, only a relatively simple transformcoder is implemented for this thesis. In addition, more work could be used for an algorithm thatdynamically decided how much bandwidth to allocate for transform coding versus noise modeling ineach of the short windows of transient coding. This would allow the transform coding to shape thetime/frequency plane precisely around a transient, as was alluded to earlier in Figure 4.8.7.3 Audio Compression DirectionsTransform coding works well for most audio inputs at higher bitrates. In this context, higher bitratesare de�ned to be the range 64 to 128kbps=ch. By �rst transforming windowed audio samples intothe MDCT domain, and then quantizing according to masking threshold criteria, it can handlealmost all classes of audio inputs. As long as there are enough bits to meet the psychoacousticthresholds, the inverse quantized signal will almost always sound identical to the original. Theproblem with transform coding arises when the desired bitrates drop below 64kbps=ch.� Suddenly,the psychoacoustic quantization algorithms are bit-starved, and the results are suboptimal. Thecurrent alternative is usually to reduce the audio bandwidth such that high quality audio is obtained,even though it is over a smaller frequency range.At the bitrates investigated in this thesis, between 20 and 32kbps=ch, it is not currently possibleto use transform coding (or any other method) to deliver perceptually lossless, CD quality audio(44.1 kHz sampling rate, 16 bits/sample). If the bitrate is constrained to be lower than 32kbps=ch,it must be assumed that some coding artifacts will be introduced. The next question must be: Whatare the least objectionable coding artifacts to introduce? Limiting the bandwidth of the transform-coded audio can be considered an artifact. The coding artifacts from sinusoidal modeling sound�In late 1998, this bitrate of 64kbps=ch seems like the point at which perceptually lossless transform coders seemto have reached a limit, from the results of MPEG-AAC listening tests. But no doubt, the future will deliver morecomplex and better sounding algorithms that will push this limit lower.



7.3. AUDIO COMPRESSION DIRECTIONS 123di�erent than the coding artifacts from noise modeling. The artifacts heard from a bit-starvedtransform coder also sound di�erent.Listening tests at these lower bitrates can become a much more di�cult issue than the tests at thehigher rates. At the higher bitrates (� 64kbps=ch), perceptually lossless quality can be obtained. Ifa group of trained listeners cannot tell the di�erence between the original and the encoded version,then the tests are complete. But at very low bitrates, one can certainly determine which is theoriginal and which is the encoded version. The goal is to decide which of the many encoded versionssound better than the other encoded versions. This issue can be a tricky one, since it may result inpreferences that can vary from person to person. Some may like a wide audio bandwidth coupled withpoor pre-echo artifacts, while others may want a smaller audio bandwidth with very few audibleartifacts. Some may consider noise modeling at high frequencies reasonable, while others wouldrather have transform coding used over higher frequencies with more quantization noise injected.Adding yet another layer of complexity to this quality issue is the question of what signals touse as test inputs? At the higher bitrates, very tough signals like solo castanets, pitchpipe, andglockenspiel were used. Throughout the MPEG standardization process, it is hard to imagine thatsome of the encoding modules were not included and/or tuned for the explicit purpose of improvingthe test scores for one particularly tough input signal. For these lower bitrates, would it be betterto use average music heard over the internet (or other widely used transmission media) as the inputtest signals?The answers to these questions of quality metrics and testing are certainly out of the scope of thisthesis. But, they will no doubt be problematic as long as people attempt to compress and transmitmusic over transmission media with bitrates so low that encoders cannot achieve perceptually losslessquality.Parallel to the question of quality at these lower bitrates, is the question of compressed domainmodi�cations. Will these compressed domain audio modi�cations become needed or required inthe future? This is a di�cult one to predict. In the video compression world, compressed domainmodi�cations are already being used widely. If compressed domain modi�cations for audio do becomean important feature in the future, hopefully the work in this thesis will make a contribution towardsthe �eld.
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Appendix A
The Demonstration Sound CDThe attached CD contains several sounds demonstrating the topics covered in this thesis. First,there will be two sets of mono sounds compressed to 32 kbps, and then compared to MPEG-AACat the same bitrate. The MPEG-AAC encoder was using source code from FhG, which used abuild from September 1998. After the data compression comparison, the audio input signals will besegregated into their independent sines, residual noise, transients, and high frequency noise signals.To end the CD, demonstrations of the compressed-domain time-scaling and pitch-scaling abilities willbe played. These sounds �les are also accessible from http://www-ccrma.stanford.edu/~scottl.track description1 original version of Mozart's Le Nozze di Figaro2 Figaro, compressed using MPEG-AAC at 32 kbps3 Figaro, compressed using sines+transients+noise at 32 kbps4 Figaro, just multiresolution sinusoids5 Figaro, just residual Bark-band noise6 Figaro, just transform-coded transients7 Figaro, just high frequency Bark-band noise8 original version of It Takes Two by Rob Base & D.J. E-Z Rock9 It Takes Two, compressed using MPEG-AAC at 32 kbps10 It Takes Two, compressed using sines+transients+noise at 32 kbps11 It Takes Two, just multiresolution sinusoids12 It Takes Two, just residual Bark-band noise13 It Takes Two, just transform-coded transients14 It Takes Two, just high frequency Bark-band noise15 It Takes Two, time-scale modi�ed slower by � = 2 with sines+transients+noise16 It Takes Two, time-scale modi�ed slower by � = 2 with CoolEdit (commercial software)17 It Takes Two, looped with varying time-scaling factors: � = f2:0; 1:6; 1:2; 1:0; 0:8; 0:6; 0:5g18 It Takes Two, looped with varying pitch-scaling factors: � = f0:89; 0:94; 1:00; 1:06; 1:12g
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