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REAL–TIME PERFORMANCE MEASURES OF
LOW DELAY PERCEPTUAL AUDIO CODING
Eros Pasero — Alfonso Montuori

∗

The selection of the wavelet packet best basis of a perceptual real-time audio encoder has been a challenging task
for researchers. Due to the subjective nature of the auditory masking phenomenon, fully objective performance measures
(entropy versus SNR, delay, etc) are not sufficient for the selection of optimal representations. In our work we present a DSP
application by means of which we can measure, for each hybrid wavelet packet basis resulting from a predetermined library
of wavelet filters, the bitrate of a perceptually transparent coding of the audio input and the overall filter bank delay. The
novelty is that the transparency of the compression is established with a subjective evaluation. The tool user can customize
both the filter bank parameters and the psychoacoustic model parameters by means of a MATLABr graphical interface
and listen in real-time to the reconstructed signal. The audio codec runs in real-time on a TI TMS320C6711TM DSK.
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1 INTRODUCTION

The energy spectrum of 48 kHz sampled audio signals
is uneven and time varying. Linear prediction based algorithms which have been used effectively in narrowband
speech coders to achieve high quality speech at low bit
rates are inefficient for wideband audio coding because
they attempt to match all frequencies equally well. These
considerations provide motivation for using adaptive subband coding. The basic idea is to filter the signal into subbands and to treat each subband differently on the basis
of the energy distribution of the current speech frame.
Moreover, a subband subdivision is mandatory if we want
to take advantage of the masking properties of the human
auditory system. By studying the limitations of auditory
perception, particularly how it reduces the information
rate of the received signal through time and frequency
masking constraints, improvements can be made in the
efficiency of audio coding schemes without impacting the
quality of the reconstructed signal.
It has been shown that wavelets can approximate time
varying non-stationary signals in a better way than the
Fourier transform representing the signal on both time
and frequency domains [1]. Hence they can easily detect
local features in a signal. Furthermore, wavelet decomposition allows analyzing a signal at different resolution
levels. Due to these properties wavelet filters concentrate
speech information into a few neighbouring coefficients,
which is essential for a low bit rate representation. In fact,
in this way we can advantageously encode them using an
entropy coding system.
The discrete wavelet transform (DWT) is usually implemented using an octave-band tree structure. This is

accomplished by dividing each sequence into a component containing its approximated version (low-frequency
part) and a component with the residual details (highfrequency part) and then iterating this procedure at each
stage only on the low-pass branch of the tree. The main
drawback of the octave-band tree structure is that it
does not provide a good approximation of the critical
subband decomposition of the human auditory system.
We can obtain a better approximation with the discrete
wavelet packet transform (DWPT) [3]. In the wavelet
packet transform one can also split the high-frequency
part in a low and high frequency parts. By iterating this
procedure we can get different representations of the signal that have different time and frequency resolutions.
Several studies and algorithms have been proposed
which address the issue of designing the best wavelet
packet filter banks for perceptual audio compression [4, 5].
These algorithms are mainly based on fully objective efficiency measures (bitrate, delay, etc) that are calculated
for a large set of different tree-structured wavelet packet
configurations with a coding scheme obeying to the constraints of a predetermined psychoacoustic model. The
entropy of the coded signal, ie , the lowest rate at which
transparent coding is possible is referred to as perceptual
entropy [6]. Quite often the predetermined psychoacoustic model is not equally optimized for all the different
tree-structured wavelet packet configurations, first of all
because the tested filter banks have different time localization and frequency selectivity. In other words this approach does not guarantee the perceptual transparency
of the compression for all the tested configurations.
We propose a tool to compare the performances of
different filter bank configurations which have proven to
produce perceptually transparent coding. Our first aim is
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the validation of optimal filter bank configurations which
achieve transparency with minimum bitrate maintaining
the filter bank delay below a fixed threshold. By means of
a GUI (Graphical User Interface) the user can customize
the codec by changing both the encoding parameters (the
decomposition tree, the filters for each stage of the decomposition tree, etc) and the psychoacoustic model parameters establishing in real-time the transparency of the
compression with a subjective evaluation. Once we get
a perceptually transparent compression, it makes sense
to observe the objective performances of the coder: estimated bitrate and overall filter bank delay.
TMS320 DSPs have proven to be efficient for realtime compression of audio signals [7–10]. The codec algorithm was first written in C and then optimized on
the TMS320C6000 DSP platform. The graphical interface was written in MATLAB. The codec communicates
in real-time with the graphical interface
 by means of a
Real Time Data Exchange RTDXTM link [11].
2 FILTER BANK SELECTION

2.1 Subband Decomposition
The continuous variation in the frequency response of
the human ear can roughly be described as a band pass
filter bank consisting of overlapping band pass filters. If
we want to make use of the spectral masking properties of
the human ear, the most natural subband decomposition
is a tree structure chosen so that the resulting subbands
mimic the critical bands of the human auditory system
(Bark frequency Scale) [12].
However, the critical band decomposition is not guaranteed to be an optimal decomposition in the sense defined above. If, on the one hand, the choice of the closest
possible match to the critical band decomposition guarantees the maximum exploitation of the masking model,
on the other hand the truncation of the tree structure at
some level before reaching the critical band decomposition brings down the overall filter delay and the bitrate
overhead for the transmission of side information.
In order to compare the performances of different decompositions, the GUI allows the user to select an arbitrary dyadic tree-structured subband decomposition (see
Fig. 1).
The psychoacoustic model calculates the masking
thresholds for each critical band (see the next section). In
order to achieve a perceptually transparent compression,
the coding algorithm assumes that for each subband selected by the user the noise threshold to be considered is
the minimum of all constituent critical bands (including
those critical bands which are not totally included in the
user subband, but partially overlap it). The transform
domain coefficients were quantized by means of a 6-bit
uniform mid-tread quantizer so that the quantization error did not exceed the noise threshold.

2.2 Filter Selection
The GUI allows also the user to select a filter for each
level of the transform within a preset wavelet packet filter library (see Fig. 1). The DWPT generalization which
includes the choice of an optimal wavelet transform at
each level of the decomposition is referred to as Hybrid
Wavelet Packet Transform [13]. At each stage of the decomposition the choice of the filters of the transform as
well as their length influence the separation of the subband signals, the time resolution, the filter bank delay
and the compression performances.
The compression algorithm is optimized in a basis that
produces few high amplitude coefficients and many small
coefficients. A high amplitude wavelet coefficient occurs
when the wavelet has a support that overlaps a transient or a sharp attack. The number of high amplitude
coefficients created by a transient depends on the length
of the high pass analysis filter impulse response, which
should thus be as short as possible. Furthermore, also
synthesis filters’ impulse response must be compact in
order to prevent excessive time spreading of quantization
errors during synthesis (perceptible, for example, as the
so-called “pre-echo” problem) [14]. Over smooth regions,
the wavelet coefficients are small at high frequencies if
the wavelet has enough vanishing moments. However the
support size of the wavelet increases proportionally to
the number of vanishing moments. The choice of an optimal wavelet is therefore a trade-off between the number
of vanishing moments and its support size [1]. The advisability of a trade-off is strengthened by the fact that
if, on the one hand, the filter bank must be frequency
selective in order to make a correct use of the masking
properties in different subbands and avoiding unmasked
aliased quantization noise in side lobes of the subband filter [15], on the other hand analysis and synthesis filters’
lengths must be controlled so as to keep the overall delay acceptable. In order to reduce the filter bank delay a
commonly used approach is to reduce gradually the filter
lengths through the cell structure, even though assigning
to the first stages of the decomposition the filters with
the longer impulse response is not always the best choice
[4].
The wavelet packet library was constructed in a previous fully objective and computationally expensive selection step (in which we compared the bit rates achieved
by the error spectrum lying under the spectral domain masking curve of a predetermined psychoacoustic
model), being careful to include in the library the best
filters with different frequency selectivity, time resolution
and smoothness properties. In the library were included
also biorthogonal filter banks, very popular for image
compression applications, which, besides producing nonphase- distorting filters, have the advantage that can be
designed so that the characteristics of the analysis filter
bank be different from synthesis filter bank.
Daubechies filters [2] showed the best performances
between orthogonal filters, whereas Villasenor filters [16]
were the best between biorthogonal filters. We included
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Fig. 1. Subband decomposition and filter bank selection

among the others in the library, the Vaidyanathan, Vetterli and Cohen-Daubechies-Faveau filters [1].

modified function [19, 20]:
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3 PSYCHOACOUSTIC MODEL OPTIMIZATION

The samples of the time-scale representation must be
quantized to reduce the amount of data sent to the transmission channel. The allocation of the bits to the subbands considered the perceptual noise masking characteristics of the human ear.
The hybrid wavelet packet transform was used as frequency analyzer for the psychoacoustic model in place
of the Fourier transform in order to avoid the redundant computation of frequency analysis on psychoacoustic
model and filter bank [17].
The calculus of the masking thresholds involved several steps [18]:
a) First we used the wavelet packet transform with the
filters selected at each level by the user to calculate the
signal energy in each critical band (discrete Bark spectrum). The critical band boundaries and the relative
Bark values were set as in ISO/MPEG psychoacoustic
model II [19].
b) The masking effect is not band-limited to within
the boundaries of a single critical band, but a masker
centred within one critical band has some predictable
effect on detection thresholds in other critical bands.
The spread of masking was modelled by the rounded

In this expression, zk is the bark value of the signal being spread, z is the bark value of the band being spread
into, l and r , multiplied by b , are approximately the
left slope and the right slope in decibels per Bark, f
is the peak flatness and a is a compensation factor
needed to satisfy the condition SdB (0) = 0. We let the
user adjust the value of the parameters r , l and f ,
which were initially set to 25 dB/Bark, −10 dB/Bark
and 1, respectively, as in [19]. The spreading function
(1), converted to a linear scale, was convolved with the
discrete Bark spectrum to account for the spread of
masking (spread critical band spectrum). Due to the
non-normalized nature of the spreading function, the
spread critical band spectrum was renormalized as in
[19].
c) As tonal maskers and noise maskers generate different masking patterns, several approaches have been
proposed to calculate a tonality index for the signal.
The AAC Auditory Masking Model considers the predictability of individual frequency components across
time, in terms of magnitude and phase tracking properties (unpredictability measure) [21]. Due to the limited frequency selectivity of the DWPT, the spectral
flatness measure (SFM) [22] was used in place of the
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Fig. 2. Psychoacoustic model optimization

Table 1. A filter selection for transparent compression of 48 kHz
audio samples at 96 kb/s with an overall filter bank delay less then
10 ms.

Level
1
2
3
4
5
6
7

Filter
Daubechies
Daubechies
Daubechies
Villasenor
Villasenor
Daubechies
Haar

Length
20
28
24
6, 10
6, 10
6
2

unpredictability measure. The SFM is defined by the
ratio of the geometric mean to the arithmetic mean of
the power spectral density components in each critical
band. It has the property that it is bounded by zero
and one. Values close to one will occur if the spectrum
is noiselike, whereas values close to zero will occur if
the there are dominant sinusoidal components in the
spectrum. The SFM was converted in decibel and used
to calculate a tonality coefficient α as follows:

to noise ratio in decibels [12, 21, 23]. The noise threshold estimate was then formed for each critical band I
by dividing the value of the renormalized spread critical
band spectrum by the signal to noise ratio (converted
to a linear scale).
e) The amount of energy needed in a pure tone such
that it can be detected by a listener in a noiseless environment is the absolute threshold of hearing (ATH).
The maximum between the Bark threshold and absolute threshold of hearing was taken as final masking
threshold, taking care to select the minimum value of
AHT inside each critical band.
The masking thresholds were updated every 10.67 ms
for adjacent frames of 512 samples. The computation was
performed on overlapping analysis windows. The length
of the analysis window was depending on the delay of the
hybrid analysis filter bank selected by the user.
The GUI provide the user an interactive window which
allows him to customize the spreading function parameters (right slope, left slope and peak flatness), the masking indices and the SF MdB min value, while listening in
real-time the effect of his changes (see Fig. 2).
4 REAL TIME IMPLEMENTATION


SF MdB
,1
α = min
SF MdB min


(2)

where SF MdB min is the SFM value in dB used to
estimate that a signal is entirely tonelike, which was
initially set to −60 dB.
d) The averaged value of the tonality index was used
to weight geometrically the tone-masking-noise component and the noise- masking-tone component (masking
indices) for each critical band I to calculate the signal

We implemented our tool on the TI TMS320C6711
DSK, equipped with the TMDX326040A Audio Daughter
Card for sampling up to 48 kHz. The DSK was connected
to a PC through its parallel interface.
The input signal was sampled and digitalized by means
of the 16-bit A/D converter. In order to transfer continuously the digitalized voice from the A/D serial port
to the CPU memory without loading the CPU, we performed this operation by programming the Enhanced Di-
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rect Memory Access controller (EDMA). Although the
CPU and the EDMA controller function independently
of one another, when both are performing simultaneous
data accesses it is necessary to properly schedule and
configure them in order to minimize conflict and waiting
while meeting real-time requirements. To allow the CPU
activity to be distanced from the EDMA activity we implemented a ping-pong buffering technique [24]. In pingpong buffering there are two sets of data buffers for all
incoming and outgoing data streams. While the EDMA
is transferring data to the ping buffers, the CPU is compressing the data in the pong buffers. When both CPU
and EDMA activities complete, they switch.
We used a Real Time Data Exchange (RTDX) 2-way
data channel to transfer data between the host computer
and the DSP target without interfering with the application. On the host computer a MATLAB script writes on
the Host-to-Target channel the filter bank and masking
parameters whenever the user updates them and periodically reads on the DSP-to-Host channel the current values
of bitrate and overall filter bank delay. Conversely, the
code running on the DSP periodically checks the Hostto-Target channel to update the codec with the new parameters set by the user and writes on the DSP-to-Host
channel the current values of bitrate and delay.
The bitrate was calculated by summing the perceptual
entropy in the wavelet domain [25] and the overhead for
the coding of the masking thresholds.

5 MAIN RESULTS

We used a database of several 48 kHz audio samples
(viola, clarinet, bass, harpsichord, castanets, piano, guitar, drums, etc).
First of all, we observed that the optimal masking
model does not keep unchanged if we modify the filter bank configuration. In fact, a trade-off between the
frequency selectivity and the time localization does not
guarantee the transparency of the coding performed with
the procedure described in section 3, which corresponds
to the idea of adding the quantization noise independently
in non-overlapping subbands.
In particular, if we use the wavelet packet transform
as frequency analyzer to calculate the SFM, as in [17], a
decrease of the analysis filter bank frequency selectivity
leads to an overestimate of the SFM when the spectrum in
a particular band is narrowband. We observed that this
overestimate could be partially compensated by raising
the SF MdB min default value.
Furthermore, a decrease in frequency selectivity should
be also compensated with a lowering of the peak flatness
parameter f of the spreading function.
In order to preserve frequency selectivity as the number of stages of the DWPT increases, a commonly used
approach is to use orthogonal Daubechies filters in each
stage of the transform, reducing gradually the filter
lengths through the cell structure (with Haar filters in the

last stages of the transform). We found that also biorthogonal filters, such as the Cohen-Daubechies-Faveau and
Villasenor filters, can be advantageously used in the middle stages of the transform (see table 1).
The best solutions were obtained by stop doing the
low frequency subband decomposition at some level before the critical band subdivision one. This choice, in fact,
besides to keep the overall delay acceptable, reduces advantageously the bitrate overhead for the transmission
of side information, at expense of a partial exploitation
of the psychoacoustic model. In particular the use of
Daubechies, Villasenor and Haar filters (see table 1) guaranteed a transparent compression at 96 kbit/s and an
overall filter bank delay (analysis and synthesis filters delay) less then 10 ms.

6 CONCLUSIONS AND FUTURE WORK

An interactive interface for performance measures of perceptual audio coding has been proposed and a real time
implementation in a mixed MATLAB/TMS320C6000 environment has been tested.
The interface has permitted to demonstrate that some
simplifying hypotheses, often used for the selection of
the wavelet-packet best basis, are not always satisfied.
In particular, when the wavelet packet transform is used
as spectral analyzer, a “tuning” of the parameters of the
psychoacoustic model for each filter bank configuration
guarantees meaningfully better performances than the
use of a preset masking model.
Even though the interface allowed the identification
of a representation suitable for applications requiring low
coding delay, such as real-time communication, it finds
its more natural application for the validation and the
optimization of a set of candidate solutions of a fully
objective best basis search algorithm. Moreover, from the
educational point of view, this application can support
graduate students on wavelets, DSP programming and
perceptual coding.
Future work includes the analysis of the performances
of a time-varying filter bank, the incorporation of a temporal masking model, and a mean opinion score (MOS)
validation procedure.
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