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ABSTRACT

In this paper we present a technique for lossless compression
of the sinusoidal modeling parameters. Compression is indeed
useful for embedding spectral sounds in a synthesizer, broadcast-
ing spectral sounds or simply storing many of them on a medium.

This technique consists in compressing the frequency and am-
plitude parameters of each partial by adaptively sub-sampling and
encoding their evolutions with time. It can be easily extended to
handle spectral envelopes instead of partials, that is two-dimen-
sional structures instead of one-dimensional ones.

We have also designed a very compact file format for (com-
pressed) spectral sounds based on this compression scheme.

1. INTRODUCTION

Spectral models provide general representations of sound in which
many audio effects can be performed in a very natural and musi-
cally expressive way. Based on additive synthesis, they contain a
deterministic part consisting of a – often huge – number of partials,
which are pseudo-sinusoidal tracks for which frequencies and am-
plitudes evolve slowly with time. The spectral modeling parame-
ters of this deterministic part consist of the evolutions intime of
the controls of the partials, thus leading to a large amount of data.

In this paper we present a technique for lossless compression
of these sinusoidal modeling parameters. This technique can turn
out to be very useful for analysis / synthesis programs dealing with
spectral modeling. Section 2 clarifies the spectral model consid-
ered here, while Section 3 explains the compression technique for
the model parameters. Finally, Section 4 presents some interesting
improvements that can be made to the compression method.

2. SINUSOIDAL MODELING

The phase vocoder [1] uses the short-time Fourier transformto
produce series of short-term spectra taken on successive windowed
temporal frames. The McAulay-Quatieri analysis [2] looks across
these short-term spectra for partials. These partials are pseudo-
sinusoidal tracks for which frequencies and amplitudes vary slowly
over time. The audio signala can be calculated from the additive
parameters using equations:a(t) = PXp=1 ap(t) os(�p(t)) (1)�p(t) = �p(0) + 2� Z t0 fp(u) du (2)

whereP is the number of partials and the functionsfp, ap, and�p
are the instantaneous frequency, amplitude, and phase of the p-th

partial, respectively. TheP pairs(fp; ap) are the parameters of the
sinusoidal model and represent at timet points in the frequency-
amplitude plane. This representation is used in many analysis /
synthesis programs such as Lemur [3], SMS [4, 5], S+T+N [6, 7],
as well as ourInSpect[8, 9] free software package.

In the remainder of this paper we focus on the sinusoidal model
described above, thus leaving aside noise as well as transients. As
a consequence, the following method is a lossless compression
scheme for the parameters of sounds within this sinusoidal model,
and not for any kind of sounds.

3. COMPRESSING THE PARAMETERS

Grey [10] demonstrated that for many natural sounds the functionsfp andap could be simplified by piecewise-linear approximations
with great data reduction by keeping only some breakpoints in-
stead of every discrete value of the (sampled) functions. Infact,
even if the consequences of this simplification are often notno-
ticeable, they can become very audible after some transformations
have been performed on the sound. Moreover, this simplification is
ill-suited for sounds with vibrato or tremolo (see Figure 1). Strawn
[11] also proposed to approximate the frequency and amplitude
functions of the partials. Charbonneau presents in [12] a study of
the perceptual effects of these data reductions on the timbre of the
sounds. The compression scheme we propose in this section isa
lossless compression. We consider the frequency and amplitude
functions of the partials as continuous-time control signals.

3.1. Sub-Sampling

The frequencies and amplitudes of the partials are slow time-vary-
ing parameters, slow enough to avoid amplitude or frequencymod-
ulation phenomena that would modify the timbre. They can be re-
garded as inaudible signals controlling audible oscillations. They
are indeed band-limited signals, with a maximal frequencyF be-
low the threshold of hearing, around 20 Hz. The Shannon-Nyquist
theorem assures that2F – only 40 here – samples per second are
sufficient for the signal to be reconstructed without any error. The
evolutions in time of the frequencies and amplitudes of all the par-
tials can be safely sub-sampled. For that purpose, we use a generic
resampling algorithm such as the one presented in [13].

3.2. Encoding

After the resampling of the parameters, an encoding processis per-
formed in three steps on each parameter (frequency and amplitude)
of every partial of the sound.

DAFX-1



Proceedings of the COST G-6 Conference on Digital Audio Effects (DAFX-00), Verona, Italy, December 7-9,2000

(a) Frequencies

(b) Amplitudes

Figure 1: Frequencies and amplitudes of the partials of an alto
saxophone as functions of time (horizontal axis), during 1 second.

3.2.1. Delta-Encoding

First, delta encoding consists in replacing the stream of parame-
ter samples by the one resulting from the differences between two
consecutive samples, close samples leading to small differences:v1; v2; � � � ; vn ! v1; (v2 � v1); � � � ; (vn � vn�1)

3.2.2. Variable-Length Quantities (VLQ)

Then, variable-length quantities – also used in MIDI files [14] –
allow us to store each delta-encoded value with a reduced number
of bits. Each value is stored as a series of bytes which is called
a variable-length quantity. Only the first 7 bits of each byteare
significant. So, if we have a value requiring more than 7 bits,we
have to unpack it into a series of 7-bit bytes. Of course, we will
have a variable number of bytes depending upon our value. To
indicate which is the last byte of the series, we leave bit 7 clear. In

size (in Kbytes) sine voice saxophone trumpet

temporal 86 127 246 3190
spectral 11 1077 1137 13134

resampled <1 270 284 3284
Delta <1 135 142 1642
VLQ <1 30 30 660
RLE <1 12 15 589

spectral (zip) 9 753 1051 10449

Table 1:Some results using our compression method. The last line
gives the performance of the Lempel-Ziv method (zip files).

all of the preceding bytes, we set bit 7. So, if the value is between
0 and 127, it can be represented as one byte. More generally, if the
value is between27k and27(k+1) � 1, k bytes are required for its
corresponding variable-length quantity.

3.2.3. Run-Length Encoding (RLE)

Finally, a classic run-length encoding algorithm is used tocom-
press the sequences of consecutive samples with the same value.
Run-length encoding stands for the specification of elements in a
list as a list of pairs giving the element and number of times it oc-
curs in a run. This is a well-known technique widely used in math-
ematics and computer science. Here is an example of run-length
encoding:1; 1; 1; 2; 3; 3; 4; 4; 4; 4; 4! (1; 3); (2; 1); (3; 2); (4; 5)
This technique allows us to compress the list of values whenever
consecutive values are the same.

3.3. Results

Concerning the compression ratio, the alto saxophone soundpartly
shown in Figure 1 lasts2:85 seconds and was sampled at 44100
Hz. As a consequence, its time-domain representation (temporal
model) using 16-bit quantization consists of 246 Kbytes. When
the spectral analysis is done each 64 samples, this sound gives rise
to an SDIF file of 1137 Kbytes (using sinusoidal tracks with 64-
bit floating point values). After the resampling and delta-encoding
steps, its size is only 284 Kbytes. After the VLQ step, this size
drops to 30 Kbytes. At the end, after the RLE step, it is only 15
Kbytes. In this case there is a1=75 ratio from the SDIF informa-
tion. Other examples can be found in Table 1. Moreover, we show
that the well-known Lempel-Ziv method – used for example in the
zip compression – performs poorly on the spectral data.

3.4. File Format

The resulting structures are not suited for implementationin the
Sound Description Interchange Format (SDIF) [15, 16, 17], which
is overall a succession of frames ordered in time. This is thereason
why we have designed a new file format for (compressed) spectral
sounds. This format is currently used in theInSpectanalysis tool
[8, 9] as the MSC format.

The detailed description of the MSC format can be found in
the sources ofInSpect. For short, this format is composed of a
header followed by the compressed partials. Each partial consists
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Figure 2:The hierarchical structure of the MSC file format.

of two values (start and length) followed by two compressed ar-
rays, one for the frequency and the other for the amplitude ofthe
partial. Each compressed array is composed of the stream of val-
ues of the down-sampled evolutions of the considered parameter of
the partial. The first sample is called the “base”, and the amplitude
of the variations is called the “delta”. In fact, the values (vi) are
stored relatively to the base and normalized according to the delta,
that is(vi�base)=delta, encoded as integers using variable-length
quantities (see above).

4. COMPRESSION ENHANCEMENT

It is possible to enhance this basic compression scheme.

4.1. Adaptive Sub-Sampling

First, it is possible to enhance the compression ratio by performing
an adaptive sub-sampling, that is by choosing the minimal sam-
pling rate allowed for the parametersfp andap of each partialp
instead of fixing an unique sampling rate for all the partialsduring
the resampling step.

4.2. Interdependent Parameters

It is also possible to enhance the compression ratio by taking ad-
vantage of the potential interdependence of the parameters.

4.2.1. Pseudo-Harmonic Sounds

For pseudo-harmonic sounds like in Figure 1(a), we use the knowl-
edge that the frequencies are close to multiples of the fundamental
frequency. We store only the ratios to this frequency, whichare
close to integers.

4.2.2. Analysis of Partials Evolutions

Such relations among partials can also exist for their amplitudes,
as in Figure 1(b), and can be found out by analyzing the parameters
themselves and comparing the results among partials.

Performing a spectral analysis on the parameters of the par-
tials is of great interest too. More formally, we consider the classic
sinusoidal model as defined in Equations 1 and 2. Since the am-
plitude and frequency of each partial can be considered as band-
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Figure 3:The amplitudes of the first three partials of an alto sax-
ophone (ap, 1 � p � 3) as functions of time (horizontal axis),
decomposed here as macroscopic envelopes (aap;0) and residual
microscopic variations. From top to bottom are the amplitude
functionsap, the associated macroscopic envelopesaap;0, and the
residual microscopic variations. As a consequence, the tremolo is
separated from the envelopes. This tremolo is coded in thefap;1
and aap;1 parameters. Since the frequency of the tremolo is the
same for the three partials, thefap;1 (1 � p � 3) values are
indeed very similar.
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limited signals, we now decompose them within a similar sinu-
soidal model. More formally:8<: ap(t) = aap;0(t) +PPapn=1 aap;n(t) os(�ap;n(t))�ap;n(t) = �ap;n(0) + 2� R t0 fap;n(u) du (3)

and8<: fp(t) = afp;0(t) +PPfpn=1 afp;n(t) os(�fp;n(t))�fp;n(t) = �fp;n(0) + 2� R t0 ffp;n(u) du (4)

whereaap;0 andafp;0 are extremely slow time-varying functions,
band-limited to a frequency much lower than the smallestfap;n
andffp;0 frequencies, in practice a few Hz. Theseaap;0 or afp;0
parameters define the macroscopic variations in, respectively, am-
plitude or frequency – that is the “envelopes” – whereas the other
parameters (forn > 0) reflect the microscopic variations. This
decomposition is illustrated in Figure 3.

By performing a spectral analysis, we can extract from each
amplitude or frequency parameter of each partial an envelope to-
gether with pseudo-partials,(fap;n; aap;n) or (ffp;n; afp;n) (forn > 0), respectively, that are in fact the evolutions of the spectral
parameters resulting from the reanalysis of the parameter of the
partial. Thus the analysis of the evolutions of the partialsresults in
other (pseudo) partials, very slow-time varying.

In this further analysis level we can find similarities among
the parameters. For example, a sound with tremolo or vibratowill
show such similarities among the partials. It is possible toreduce
the amount of data needed to represent a sound by sharing these
redundant informations.

5. CONCLUSION

We perform lossless compression with impressive ratios andthe
file format we have designed is very compact. It has proven to
be very useful for analysis / synthesis programs based on spec-
tral modeling. Even if we have not investigated it yet, we believe
that our technique could be used for lossy but perceptually loss-
less compression [18], using quantization and taking advantage of
psycho-acoustical phenomena such as masking [19] to reducethe
number of partials to be stored.
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