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1 In tro duction

High quality audio in, e.g.,CD or DAT playersrequire large amounts of data. A CD stream consists
of 4410016-bit samplesper channel, per second,which corresponds to 1.4 Mbit/s in stereo. Audio
at that bitrate contains a lot of redundancies,which can be exploited in a losslesscoder to get the
bitrate down to about half of that. The human auditory system, though has many limitations,
and thus lossy coder which exploits those properties, can be made much more e�cien t | 10 to 12
times lessbits can often be used without perceptual loss. The audio coding communit y usesthis
extensively, and has comemuch further in this �eld than for example the video coders.

In this project, I have read papers in current perceptual audio coding, and with conceptsfrom
those(and somenew ideas), I have implemented an experimental audio transform coder. The coder
is not intended to be state-of-the-art but rather a tool for me to learn the di�culties that arise in
a coder of this kind. The report is structured in the following way.

� 2 Current Implementations describessomeof the well-known implementations and standards
that exist, and someideasfrom those.

� 3 Human Audio Perception: Masking describesthe maskingproperties of the human auditory
system, and the implemented model of this in the coder.

� 4 Audio Coding goesthrough and motivatesthe quantization and bit coding usedin the coder.

� 5 Results and Conclusions shows bitrates and \qualit y" of someencoded audio clips. The
audio clips are presented on the web.

2 Curren t Implemen tations

There are numerous implementations of perceptual coders in use in commercial products. Sony's
ATRA C, usedin the MiniDisc system,and the famousMPEG-1 Layer I, I I and I I I [8] arewell known
examples. MPEG-2 AAC (AdvancedAudio Coding, also called NBC, non-backwards-compatible)
[7], and Dolby's AC-3 is currently consideredtop-of-the-line. The di�erences betweenthe di�eren t
coders are in the human audio perceptual model, the type of subband coding, and becomingmore
important, in special tric ks to handle special artifacts in e.g transient soundslike castanets.

Someexamplesof the current implementations will be presented here, ordered after the type
of subband splitting they use. All perceptual audio coders use some kind of subband splitting
(or almost all, seee.g [9]). Any linear subband splitting can be interpreted as linear transforms,
though, the the di�erence is really in the name of the method.

2.1 Subband Coders

Subband splitting of a signal is often performed with a two-channel uniform �lterbank. The �lter-
bank is usedseveral times to achieve �ner bandsplitting, in a �lter tree:

0 � 20000H z ! 0 � 10000H z; 10000� 20000H z

0 � 10000H z ! 0 � 5000H z; 5000� 10000H z :::

This way, the coder can split the input data into uniform bands, in each of which a quantizer,
adopted to the masking threshold (seesection 3), is applied.
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The �lterbank �lterbank consistsof four �lters, F0(! ), F1(! ), G0(! ) and G1(! ). The F 's are
usedto split the input data in a high and a low frequencyband. Both bands are then subsampled
with a factor of 2. To reconstruct, both bands are upsampled again, and �ltered with the G's.
Thus, the output X̂ (! ) can be written as

X̂ (! ) =
1
2

(F0(! )G0(! ) + F1(! )G1(! ))X (! )

+
1
2

(F0(! + � )0(! ) + F1(! + � )G1(! ))X (! + � ) (aliasing): (1)

To obtain aliasing cancellation, the following is required:

G0(! ) = F1(! + � ) (2)

� G1(! ) = F0(! + � ): (3)

Optimally ,
1
2

(F0(! )G0(! ) + F1(! )G1(! )) = 1; ! 2 [0::� ]; (4)

sothat perfect reconstruction is achieved. This is, though, often hard to achieve. The �lters usedin
most coders are Quadrature Mirror Filters (QMF), which achieve aliasing cancellation by choosing
F1 as the mirror image of F0 (around � =2):

F1(! ) = F0(! + � ) = � G1(! ) = G0(! + � ): (5)

To get good reconstruction without relying on the aliasing cancellation, which cannot be relied
on in the presenceof quantization noise, the QMF �lters have to have a steep pass-to-stop-band
transition.

2.1.1 MPEG-1, Layer I and I I

The ISO MPEG-1 audio coding standard, described in [8], consistsof three di�eren t layers (I, I I
and I I I). The layers di�er quite a bit in coding and psychoacousticmodels.

Layer I and I I both use only a QMF �lterbank of order 511, which has a 96 dB rejection
of sidelobes and a steep pass-to-stop-bandtransition. The �lterbank splits the input data in 32
subbands.

The psychoacousticmodel consistsof a 512point FFT (1024for layer I I), from which a masking
threshold is calculated. Peaksof the spectrum are consideredtonal components and treated di�er-
ently from the remaining noisecomponents. The tonal and noisemasking thresholds are added, to
produce a masking threshold. This is usedtogether with a linear quantizer to achieve appropriate
rate-distortion performance in each subband, so that each subband has the samenoise-to-mask-
ratio and the bits add up to the preferred bit-rate. The quantized subband data is �xed-length
encoded.

MPEG-1 Layer I at 384 kbit/s is used in Philips Digital Compact Cassette(DCC), and Layer
I I at 256 kbit/s is usedfor Digital Broadcast Audio (DBA).
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2.2 Wavelet Coders

A wavelet transform can be viewed as a subband decomposition as described in section 2.1. The
di�erence, though, is that the subband tree often is unbalancedin a wavelet decomposition, which
meansthat the frequencysplitting is nonuniform. This way, a �lterbank which resemblesthe critical
bands (seesection 3.1.3) can easily be formed.

An example of a wavelet coder can be found in [10]. The authors claim perceptually nearly
losslesscoding at about 80 kbit/s at a coding complexity which requires only about 50% of the
processingpower of a Pentium-75 for either decoding or encoding.

2.3 Transform Coders

Even if the above methods can be interpreted as transforms, there are coderswhich more explicitly
uselinear transforms, such asthe FFT, DCT (Discrete CosineTransform), MDCT (Modi�ed Cosine
Transform) and so on. Currently most usedis the MDCT (seesection 4.1.1), which combines 50%
overlap with \critical subsampling". Dolby's AC-3 usespurely MDCT for coding, and MPEG-1
layer I I I and MPEG-2 AAC 1 usehybrid subband-MDCT methods.

2.3.1 MPEG-2 AA C

A quick explanation what is done in the scalable sampling rate pro�le of MPEG-2 AAC [7] is
interesting to understand the current state-of-the-art. The audio data is �rst split into four uniform
subbandsusing a PolyphaseQuadrature Filter (PQF). For each of the four subbandsan individual
gain is transmitted assideinformation. The gain-controlled subbanddata is then transformed using
an MDCT of length 256 (or 32 for transient conditions). The window usedfor the MDCT is either
the Kaiser-Besselderived (KBD) or the sine window, which has di�eren t spectral characteristics,
suitable for di�eren t signals. For transient conditions, a shorter window is usedfor improved time
resolution.

The MDCT coe�cien ts are predicted from the two preceding frames, using a separateLMS-
adapted (Least Mean Square)predictor for every frequencyband. This improvescoding e�ciency
for stationary signals. Residualsafter the prediction are non-uniformly quantized and coded using
one of 12 di�eren t Hu�man codes.

In MPEG-2 AAC there are a lot of optional extra features. One of the most interesting is
Temporal Noise Shaping (TNS), which works well for transient signals. The idea is, that a tonal
signal in the time domain has transient peaksin the frequencydomain. The dual of this, is that a
signal which is transient in the time domain is \tonal" in the frequencydomain, i.e consistsmainly
of a few sines. \T onal" soundsare easily predicted using a LPC approach. Thus, a simple linear
predictor is used to predict the next spectral sample (going from low frequenciesto high) from it
lower-frequencyneighbors.

3 Human Audio Perception: Masking

The human auditory system has some interesting properties, which are exploited in perceptual
audio coding. We have a dynamic frequencyrange from about 20 to 20000Hz, and we hear sounds
with intensity varying over many magnitudes. The hearing system may thus seemto be a very

1 In the Scalable Sample Rate (SSR) pro�le.
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wide-range instrument, which is not altogether true. To obtain those characteristics , the hearing
is very adaptive | what we hear depends on what kind of audio environment we are in. In the
presenceof a strong white noise, for example, many weaker soundsget masked (seesection 3.2),
and thus we cannot hear them at all. Someof thesemasking characteristics are due to the physical
ear, and someare due to the processingin the brain.

Using masking principles, experiments have beenperformed by others where correctly shaped
noisehas beenadded to audio data without audible e�ect down to an SNR of 25 dB. On the other
hand, deliberately \wrongly" shaped noise, i.e noise with high energy in sensitive areas can be
audible up to an SNR of 90 dB.

I will now show some of the most important masking properties of the ear, and the models
of those. The models are combined in the coder to produce a masking thresholdcurve every 256
samples(5.8 ms), which is used to quantize the audio data. According to the model, noise under
that threshold is completely inaudible to the listener. Seesection 3.4 for a description how the
masking threshold is usedin quantization.

3.1 Basics

In this section, some of the most basic masking properties of the ear are described. These are
always present, and are mainly due to the properties of the pysical ear.

3.1.1 Absolute Threshold of Hearing

The simplest property to exploit is the ATH (Absolute Threshold of Hearing). We simply cannot
hear soundswhich are too weak. The ATH varies a lot with the frequencyof the test sound, which
can be seenin Fig. 2. The curve is approximated from experiments on a number of subjects (see
[1]).

Figure 2: The absolute threshold of hearing. The numbers indicate the ageof the test subjects.
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3.1.2 Implemen ted Mo del for ATH

From [2] I take the approximation of the curve in Fig. 2 as

AT H (f ) = 3:64(f =1000)� 0:8 � 6:5e� 0:6(f =1000� 3:3)2
+ 10� 3(f =1000)4; (6)

where AT H (f ) denotes the ATH in dB, and f is the frequency in Hz. The problem in digital
audio coding, is that one cannot know what absolute level the sound will be played at. One
common solution is to set the lowest point on the curve in eq. 6 to be equal to the sound pressure
level of a sine with amplitude � 1 LSB. In the coder, 16-bit sampleswith normalized amplitude
to � 1 are used. Thus, the smallest possible sine has amplitude A = 1=215, and has a power of
A2=2 = 1=22�15+1 = � 93:32dB � � 90 dB. The model used in the coder will thus be AT H 0(f ) =
AT H (f ) � 90.

3.1.3 Critical Bandwidths

Much of what is donein SimultaneousMasking (seesection3.2) is basedon the existenceof critic al
bands. The hearing works much like a non-uniform �lterbank, and the critical bands can be said
to approximate the characteristics of those �lters. Critical bandsdoesnot really have speci�c \on"
and \o� " frequencies,but rather width as a function of frequency { critical bandwidths.

The parameters for critical bandwidths can be derived in many ways [1], of which most give
consistent results { which in somesenseproves their presence.The critical bandwidths were �rst
derived from the tone masking of white noise. Under the assumption that the tone was masked
when the power of the noise in that critical band was equal to the about 1/4 of the power of the
tone, critical bandwidth was determined to be

B W(f ) =

(
100 H z f < 500 H z
0:2f H z f � 500 H z

(7)

Thesebandwidths are usedto form a critical band scale,rather similar to the logarithmic musical
scale. Conversion betweenthis bark frequency scaleand Hz can be approximated via the function
[2]

z(f ) = 13arctan(0:00076f ) + 3:5arctan(( f =7500)2): (8)

3.2 Simultaneous Masking

Simultaneousmaskingis a property of the human auditory systemwheresomesoundssimply vanish
in the presenceof other soundswith certain characteristics (so called maskers).

In the model described in the implemented coder, a short-term frequencyrepresentation of the
audio is used to help estimate the masking function. To get a frequency representation, a 512-
sample FFT is performed on the audio every 256 samplesto form F (f ). Every frequency bin is
mapped to a corresponding critical band (a real number), using eq. 8.

3.2.1 Spreading Function

In experiments [1][2], masking experiments has been made with two narrowband noise maskers,
with a frequency di�erence � f , masking a tone in between, and the other way around. It shows
that the masking from the two maskers is approximately constant as long asthe � f is lessthan the
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critical bandwidth at that frequency. But masking does not only occur within the critical band,
but also spreadsto neighboring bands. A spreading function SF (f ; a) can be de�ned, where f is
the frequency and a the amplitude of a masker. This function would give a masking threshold for
neighboring frequenciesof a single tone. The simplest function would be a triangular function with
slopesof +25 and -10 dB / bark, but a more sophisticated one is highly nonlinear and dependson
both frequencyand amplitude of masker.

3.2.2 Implemen ted Mo del for Spreading Function

A spreading function which takes into account both in-band masking and inter-band masking is
(taken from [2])

sf (z) = 15:81+ 7:5(z + 0:474) � 17:5
q

1 + (z + 0:474)2; (9)

where z is the frequency in barks. This equation is modi�ed to take into account the decreasing
slope at higher masker amplitudes i in the following manner:

SF (z) = (15:81� i ) + 7:5(z + 0:474) � (17:5 � i )
q

1 + (z + 0:474)2; (10)

where i = min(5 � jF (f )j � B W(f ); 2:0) , f is the frequencyof the masker and B W(f ) is the critical
bandwidth at f . A higher valueof i givesa 
atter SF 0(z), and the formula for i is an experimentally
found heuristic which compensatesa frequencybin if it is only a small part of a wide critical band.
Setting the max of i to 2.0 wasnecessaryfor sometest sounds,wheree.ga basedrum could make a
large part of the high frequencyspectra vanish. SeeFig. 3 for an illustration of the spreadfunction.
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Figure 3: The masking spread function for a single masker. The scaledamplitude i varies from
0 to 2, where 2 corresponds to the wider spread.
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3.2.3 Tonalit y of Mask ers

Experiments have shown that there is a big di�erence between noise maskers and tone maskers,
and also the characteristics of the masked audio. [1] mostly describesthe casesnoise-masking-tone
and tone-masking-noise. When coding data, the resulting quantization errors is seenas noise,and
thus only the tonalit y of the masker, and not the masked data, has to be estimated. The tonalit y
is usedin section 3.2.5 for estimation of the masking threshold.

3.2.4 Implemen ted Mo del for Tonalit y

The tonalit y of a frequencybin F (f ) is estimated by looking at the predictabilit y of the phaseand
magnitude of that Fourier coe�cien t. The predictors are de�ned as follows:

'̂ t = 2 � arg(F t � 1(f )) � arg(F t � 2(f )) ; and (11)

M̂ t = jF t � 1(f )j: (12)

The phaseis thus linearly extrapolated from two former time instances,and magnitude is simply
assumedto be the sameas last. This gives no prediction error for one stationary sine within the
frequencyband. The tonalit y is then estimated from the maximum prediction error of the last two
phasevaluesand the last magnitude:

t(f ) = 1 � max(' err t ; ' err t � 1 ; M err t ); (13)

where ' err t = '̂ t � arg(F t (f ))=� and M err t = (M̂ t � jF t (f )j)=max(F t (f ); M̂ t ). This model gives
a weighted averaget of about 0.9 for highly tonal sting music, and 0.3 for white noise. Of course
the parameters in the masking threshold (section 3.2.5) estimation is adapted to these(non-ideal)
values.

3.2.5 Implemen ted Mo del for Masking Threshold

To produce the masking threshold from the spreadfunction and the masker, we needto know the
tonality t(z) and the spreading function SF (z) of the masker. After an idea taken MPEG-1 layer
I [2], the following model for masking threshold M (z) is used:

M (z) = P(zm ) + SF (z � zm ) � k(t(z))zm � l (t(z)) (db) ; (14)

where zm is the frequency in barks for the masker, z is the masked frequency in barks and P(zm )
is the power of the masker in dB. The functions k(t) and l(t) are experimentally found as a linear
combinations of constants for pure noiseand pure tones:

k(t) = 0:3t + 0:5(1 � t); and (15)

l(t) = 34t + 20(1� t) (16)
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3.2.6 Addition of Sim ultaneous Masking

The masking from di�eren t maskers has to be added to form the �nal masking function. One
could argue that the maskers should be added as powers or amplitudes. According to [1], though,
addition of two equal maskerscan give a resulting masker up 12 dB higher than two maskersalone.
This would mean, that the addition of maskers would be de�ned as follows:

SUM (M 1; M 2) = 40log(10M 1=40 + 10M 2=40); (17)

i.e as the addition of square roots of amplitudes. This model does not work for big di�erences in
M 1 and M 2, so in the coder the addition was de�ned as addition of amplitudes:

SUM (M 1; M 2) = 20log(10M 1=20 + 10M 2=20) (18)

Using this model for summation, all spectral components of the audio are consideredmaskers, and
their individual masking thresholds (calculated in section 3.2.5) added.

An example of the produced masking threshold, including both simultaneous and temporal
masking (described in section 3.3), can be seenin Fig. ??.

3.3 Temp oral Masking

Temporal masking is the characteristic of the auditory system where sounds are hidden due to
maskers before or even after that time. The e�ect of masking after a strong sound is called post-
masking, and can be in e�ect up to 200 ms. The pre-masking, where a sound actually is masked
by something which appearsafter it, is relatively short and may last up to 20 ms. An illustration
of this can be found in Fig. ??.

Figure 4: The e�ect of temporal masking. Picture taken from [1].

3.3.1 Implemen ted Mo del for Post-Masking

As can be seenin Fig. ??, the post-maskinge�ect varies with the length of the masker burst, from
5-10 ms up to 200 ms. This e�ect is exploited in the coder in by a one-pole �lter on the masking
threshold over time:

M 0
t = 0:85M 0

t � 1 + 0:15M t (19)

The �nal output mask is then taken as M t = max(M 0
t ; M t ). With this de�nition, a short burst

doesnot a�ect M 0
t much, while a longer burst will sustain the masking for a number of frameseven

though M t goes low again.
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Figure 5: Temporal masking with varying masker burst size. Picture taken from [1].

3.3.2 Implemen ted Mo del for Pre-Masking

The pre-masking is too short to be exploited in the sameway as in post-masking, but it is still
important. Pre-masking comesin useful to hide the e�ect of pre-echos, which can becomeaudible
in transient sounds. Pre-echos comesfrom the fact that quantized transform coe�cien ts produce
noise in all time instants in the time domain. A quiet signal block with a transient in the end
(e.g a drum) will thus be noisy even before the transient, where it can be heard. By making the
transform blocks short enough, this e�ect can be hidden by the pre-masking.

In this coder, the audio is transformed in 512-lengthMDCT blocks (11.6 ms), every 256samples
(5.8 ms). This should be enoughto hide pre-echos.
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Figure 6: An example of the masking threshold produced by the psychoacoustic model in the
coder. The example frame is number 500 (after 2.9 s) in sample jacob.wav .
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3.4 Quan tization using the Masking Threshold

The main reasonfor using a psychoacousticmodel for audio compressionis that given a masking
threshold M t (f ), the amplitude at that frequency may be quantized with a step sizeproportional
to M t (f ). The quantization can be seenas intro duction of noisewith power proportional to M t (f ):

FQ(f ) = F (f ) + noise(f )

The quantization error can then easily be adjusted to be lower than the masking threshold, and
thus becomeinaudible.

In the implementation of the coder, the psychoacousticmodel is adjusted using only a quantizer
with step sizeM t (f ) on every transform coe�cien t. This way, the coding is kept separatefrom the
psychoacousticmodel. Thus, when I start to designthe coder, I can be certain to get perceptually
perfect data independent of coding method.

4 Audio Coding

All lossy sourcecoding techniques can be interpreted as vector quantization (VQ) with variable
length coding 2. The coding schemeused in this coder usesan orthonormal transform (see4.1.3)
as a �xed codebook for vector quantization of MDCT (see4.1.1) transform coe�cien ts. Variable
length coding is done by a number of Hu�man codeson the VQ coe�cien ts.

Before I can move on to the actual coding, I intro duce the transforms usedin the coder.

512-point MDCT

512- point FFT

Masking threshold
Estimator

Tonality Estimator

KL-Transform

Coefficient
Quantizer

Huffman Coder

Transient Mode

Stationary Mode

Psychoacoustic Model

Audio In

Bitstream out

Figure 7: A schematic view of the coder.

2Seee.g A. Gersho and R.M. Gray, Vector Quantization and Signal Compression, Klu wer Academic Publishers,
1992. (Fourth Prin ting, 1995)
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4.1 Transforming

Two di�eren t types of linear transforms are used in the coder. The �rst one is the Modi�ed
Discrete Cosine Transform, which is used to represent the audio blocks in the frequency domain,
so that the masking threshold can be useddirectly for quantization. The secondis the Karhunen
L�oeve Transform (KL T), which is usedto e�cien tly encode blocks of MDCT coe�cien ts, where the
coe�cien t blocks correspond closely to critical bands. The KLT is used becauseof its optimalit y
in senseof energycompaction.

One might argue that a linear transform of a linear transform is just another linear transform,
and thus I am just wasting time. In this case,though, the frequencybasisis neededto quantize the
data according to the masking threshold, and thus the KLT cannot immediately be usedwithout
the MDCT step.

A linear transform can be thought of in many di�eren t ways. The MDCT here is best viewed
as a subband �lter bank, while the KLT is viewed as a changeof basis in an n-dimensional space,
where n is the length of the transform block.

4.1.1 Mo di�ed Discrete Cosine Transform (MDCT)

The MDCT is a linear orthogonal lapped transform, based on the idea of time domain aliasing
cancellation (TD AC). It was �rst intro duced in [3], and further developed in [4].

MDCT is critically sampled, which meansthat though it is 50% overlapped, a sequencedata
represented with MDCT coe�cien ts takesequally much spaceasthe original data. This means,that
a single block of IMDCT data doesnot correspond to the original block, on which the MDCT was
performed, but rather to the odd part of that. When subsequent blocks of inversetransformed data
are added (still using 50% overlap), the errors intro duced by the transform cancelsout ) TDAC.
Thanks to the overlapping feature, the MDCT is very useful for quantization. It e�ectiv ely removes
the otherwise easily detectable blocking artifact betweentransform blocks. The usedde�nition of
MDCT is (a slight modi�cation from [5]) is:

X (m) =
n� 1X

k=0

f (k)x(k) cos(
�
2n

(2k + 1 +
n
2

)(2m + 1)); for m = 0::
n
2

� 1 (20)

and the IMDCT:

y(p) = f (p)
4
n

n
2 � 1X

m=0

X (m) cos(
�
2n

(2p + 1 +
n
2

)(2m + 1)); for p = 0::n � 1 (21)

where f (x) is a window with certain properties (see[5]). The sine window

f (x) = sin(�
x
n

) (22)

has the right properties, and is used in this coder. The MDCT in the coder is performed with a
length of 512, and thus 256 new samplesare usedfor every block.

4.1.2 A Fast MDCT Implemen tation

The MDCT can be calculated using FFT. The naive approach, though, requires a 2n length FFT
for a length n block, becauseof the odd transform. There are faster approaches though [6]. The
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MDCT can be rewritten as an odd-time odd-frequencydiscrete Fourier transform (O2DFT)

X (m) = < (O2DF Tshf t (f x) (m)) = < (
N � 1X

k=0

f (k �
n
4

)x(k �
n
4

)e
� j �
2n (2k+1)(2 m+1) ): (23)

[6] presents a fast algorithm for calculating

W = O2DF T(odd(f (k �
n
4

)x(k �
n
4

))) = X (m) (24)

as

W2k = <(Pk ) (25)

Wn=2+2 k = =(Pk ) (26)

W2k+1 = �W n� 2(k+1) (27)

where

Pk = 2e� j 2�
n (k+ 1

8 )
n=4� 1X

r =0

((x(2r ) � j x(n=2 + 2r ))e� j 2�
n (r + 1

8 ) )e� j 2�
n= 4 r k

| {z }
n=4 point FFT

: (28)

Thus, the MDCT can be calculated using only onen=4 point FFT and somepre- and post-rotation
of the sample points. The IMDCT can be calculated in a similar way. Seethe code for a more
detailed description.

4.1.3 Karh unen L�oeve Transform (KL T)

The KLT is a linear transform where the basisfunctions are taken from the statistics of the signal,
and can thus be adaptive. It is optimal in the senseof energy compaction, i.e it placesas much
energy as possiblein as few coe�cien ts as possible. The KLT is also called Principal Component
Analysis, and for discretesignals,the is alsoequivalent with the Singular Value Decomposition. The
transform is generally not separable,and thus the full matrix multiplication must be performed:

X = UT x; x = UX ; (29)

where the U is the basis for the transform. U is estimated from a number of x i ; i 2 [0::k]:

U� V T = [x1 x2 : : : xk ] = A ) U = eigvec(AA T ) (30)

The adaptivenessis not usedin the coder, and the basisfunctions are calculated o�-line in MatLab.

4.2 Quan tization and Coding

In this section, I present a method for quantizing the audio data according the the masking thresh-
old.
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4.2.1 Co e�cien t Clustering - Frequency Domain

The �rst thing to be done in a more advancedapproach is to cluster the masking thresholds in the
frequency, so that quantization step sizesdo not take too many bits. This is often done in critical
bands. This coder uses24 slightly adjusted critical bands, in each of which the amplitude mean of
the masking threshold is usedas quantization step size. The bands wereadjusted to better usethe
total clipping which often occurs at high frequencies,due to the ATH.

Band First bin Last bin Coe�cien t ratio
1 0 1 0.874486
2 2 3 0.810296
3 4 5 0.831361
4 6 7 0.835856
5 8 9 0.894511
6 10 11 0.938870
7 12 13 1.000000
8 14 15 1.000000
9 16 18 1.000000
10 19 21 1.000000
11 22 24 1.000000
12 25 28 1.000000
13 29 33 0.932482
14 34 38 0.962853
15 39 45 0.839628
16 46 53 0.789081
17 54 64 0.685002
18 65 77 0.684814
19 78 91 0.712828
20 92 108 0.683237
21 109 128 0.672980
22 129 149 0.681761
23 150 170 0.818602
24 171 255 0.894698

The table shows the clustering of the frequencybins into bands. The \Co e�cien t ratio" column
is described below for stationary coding mode.

4.2.2 Co e�cien t Clustering - Time Domain

At tonal parts of the signal, the frequency coe�cien ts are highly correlated in the time domain,
since a tone corresponds to a stationary peak in the frequency domain. This is exploited in the
encoder by always encoding four MDCT blocks at a time. To not get artifacts at transitions, i.e
when the masking threshold changesabruptly , two modesof operation are intro duced,oneof which
is chosenfor each band:

1. Transien t mo de. The four MDCT blocks are encoded individually , and thus having an
individual encoder step size per block and band. The MDCT coe�cien ts are quantized and
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encoded as described in section 4.2.4.

2. Stationary mo de. The four MDCT blocks are jointly coded, using only one quantizer step
sizeper band. The coe�cien ts are transformed using a �xed KLT (section 4.1.3), quantized
and encoded. The KLT basis was estimated from the tonal mono sequencestrings.wav ,
which contains about 2000frames.

The mode decisionis donebasedon the meanof estimated variancesof the masking threshold over
the four blocks for all frequenciesin the band:

Var =
X

k2 band(n)

0

@
3X

p=0

(M (k; p) �
1
4

3X

l=0

M (k; l))2

1

A (31)

If Var > thr esh, then the Transient mode is used,otherwiseStationary mode. The value thr esh =
10� 3 which is usedin the coder, was found empirically.

The Stationary mode tries to use the energy compaction property of the KLT in the following
fashion: Since the �rst few coe�cien ts of the KLT probably have higher energy then the later
ones,the transform can without greater loss be performed with only a subsetof the basis vectors
U. Thus, the p last coe�cien ts from the KLT are never trasmitted. Experiments has shown that
this works �ne in the bands with many frequency bins, which leads to the following heuristic for
determining which coe�cien ts to skip: Use the P �rst coe�cien ts, where P is chosenso that

P � 1X

k=0

X 2
k � 0:9(

nX

k=0

X 2
k )(1 +

1
band+ 3

) (32)

P � 1:5 � band; (33)

where band2 [0::23] is the band number. This heuristic \cuts" the transform when enoughenergy
has been included. More energy is required for lower bands, where tonal instruments, such as
strings, sound very bad without that restriction.

An experiment on audio clip music.wav gives the average \coe�cien t ratio" in table 4.2.1,
where 1.0 corresponds to sending all coe�cien ts, and 0 to not sending any. The e�ect of the
weighting equationsabove is clearly visible in the table. In e.gmusic.wav, the overall bitrate is 121
kbit/second without the KLT and 106 with. It should be noted also that the KLT option without
the skipping of coe�cien ts givesno bitrate savings. Thus, the only gain I get from the KLT is that
the quantization noisefrom zeroed coe�cien ts can be spreadover the whole band.

4.2.3 Co e�cien t Quan tization

The coe�cien ts in a band are all quantized with the samestep sizeQ. To store Q in the bit stream,
it is indexed as

Qi = round(10log(Q) + 35); (min 0; max 50); (34)

and thereafter Hu�man encoded. The Q controls a nonuniform coe�cien t quantizer, with the
following characteristic.

xQ = sign(x)round

 �
�
�
�
x
Q

�
�
�
�

1=c
!

; (35)
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where a c = 1:3 has proved to work well. A nonuniform quantizer does not follow the masking
threshold theories in section 3.4, but works very well | it is usedin e.g MPEG-2 AAC [7].

The coe�cien ts of any orthogonal linear transform can be quantized as described above, since

Qerr (X ) = (X � X Q )T (X � X Q ) = (UT (x � xQ ))T (UT (x � xQ )) =

= ((x � xQ ))T ((x � xQ )) = Qerr (x) (36)

and sothe quantizer makesno di�erence betweenthe coe�cien ts from the di�eren t modesin section
4.2.2.

4.2.4 Bit Co ding

The quantized coe�cien ts are coded using an individual Hu�man table for each band. The string
of coe�cien ts are encoded one by one until the last nonzerocoe�cien t, where a separateHu�man
table storesthe number of zerosin the end of the block. The Hu�man tables are not published here
for the reasonthat they have not been �xed yet. In the coder experiment program, the Hu�man
trees are created dynamically basedon information from the processedsignal.

4.3 Stereo Coding

Stereosignalsneedsomespecial considerationsto exploit all redundancies:

� The masking thresholdcan be assumedto be the samefor both channels. Thus, the mean of
the two channels is fed to the masking threshold estimator. The threshold is of courseonly
transmitted oncefor both channels.

� Often, the audio is centered, i.e approximately equal in both channels. This is used by
encoding m = 1

2(l + r ) and d = l � m, i.e the mean and di�er ence signals.

Experiments has beenperformed on the assumption that, in every frequency band, the signal
is only a panned monophonic signal, i.e the samesignal is in both channels except for a scaling
factor. The left and right channel is seenas two vectors, orthogonal to each other (seeFig. 8). The
signal data in a band is usedto least-square-�t a vector betweenthe two vectors, representing the
most probable direction (the optimal direction would be found with an SVD, though). This vector,
and an orthogonal counterpart, is chosento be the new basis for the signal, and the left and right
signalsare transformed to the new basis. Even without counting the bits for the basisinformation,
this did not improve the results from just the mean-di�erence approach.

5 Results and Conclusions

The coder has beentested and developed mainly with about 10 secondsampels from music CD's,
most of which are in the table below. After �nishing the development, the MPEG-2 test�le
music.wav, containing many hard instruments, was tested. Someof the instruments were treated
well, and some, like for example the castanetssoundedrather bad. The castanetesof coursere-
quire somekind of pre-echo detection to sound good. Someexamplestake from that music.wav
are shown below.

All of the following samplescanbefound in wavformat on the web,at http://ccrma.stanford.edu/~bosse/ .
Note that no rate controlling module is developed, and thus bitrates vary a lot with the type of
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Samples

Figure 8: The left-right stereomodel, discussedin section 4.3.

signal. From the valuesbelow, onecan deducethat a fair perceptual losslesscoding can be achieved
at about 128 kbit/second for stereodata and 75 kbit/second for mono.

Audio Stream Bits/s M/S Apparent artifacts

Mono audio

mixed.wav 67 kb/s M
jacob.wav 71 kb/s M
cardigans.wav 73 kb/s M
strings.wav 58 kb/s M

Stereo audio

music.wav 106 kb/s S Especially triangle and castanets
tpd.wav 118 kb/s S
jacob.wav 124 kb/s S
castanets.wav 103 kb/s S Very audible preecho
instruments.wav 108 kb/s S
oasis.wav 118 kb/s S The \s" in \sunday'

Low bitrate

oasis.wav 89 kb/s S Easy to detect
jacob.wav 83 kb/s S Easy to detect

M/S meansmono/stereo. The low bitrate signalsare coded with a masking threshold multiplied
by a factor 1

0:5 and 1
0:3 respectively.

The encoder described in this report is apparently rather undeveloped. To improve the coder,
I would like to add somekind of transient coding, for example using wavelets. Transform-wavelet
hybrid coders (seee.g [11]) has becomemore popular and show good results. Also, an adaptive
prediction in either the time- or transform domain would decreasebitrate in stationary signals
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(although someof this is exploited by the KLT).
This project did not result in a coder with many new features, but in some experience and

knowledegefor me in the �eld of high �delit y perceptual audio coders.
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