SHAPE PARAMETER ESTIMATION FOR GENERALIZED-GAUSSIAN-DISTRIBUTED
FREQUENCY SPECTRA OF AUDIO SIGNALS

Ryosuke Sugiura, Yutaka Kamamoto, Takehiro Moriya

NTT Communication Science Labs., Nippon Telegraph and Telephone Corp.,
3-1 Morinosato Wakamiya, Atsugi, Kanagawa 243-0198, Japan

ABSTRACT to control its shape (hereinafter we call it "shape parameter”) to rep-
resent variant distributions including Gaussian and Laplacian. The
We have devised a method for estimating, from a single frame of alshape parameter of GGD is related to the sparseness of the obser-
dio frequency spectra, a shape parameter of multivariate generalizggdtion [3], and its applications have been studied not only for audio
Gaussian distribution which has variance represented by an all-polg;t also for image and video [9-13]. The work in [8] showed that
model and no covariance. Based on powered all-pole spectrum esapSE, with appropriate shape parameter, enables us to represent
timation (PAPSE), which is an extension of linear prediction, thegpserved spectra with higher likelihood compared to LP in the same
proposed method simultaneously estimates the shape parameter gfier, i.e., in the same degree of freedom. Moreover, the appropri-
the maximum-likelihood variance, allowing more accurate represengte shape parameter changed momentarily depending on some kind
tation of the probability density functions of the spectra. This papepf sparseness of the spectra and was expected to reflect the acoustic
shows an integration of the estimation into an audio codec for an exgatures of the observation. However, the smart method to choose
ample of its application, which resulted in the enhancement of thene appropriate shape parameter from the observation is still unclear
objective and subjective reconstruction quality. Since this estimagince it requires simultaneous estimation, from a single frame, of the

tion method provides us with simple parameters which reflect somghape parameter and the variance represented by PAPSE for GGD of
acoustic features of signals, the method may also be useful in othgfis shape.

audio signal processing problems. In this paper, LP and PAPSE are first breifly reviewed in the con-
Index Terms— Generalized Gaussian distribution, linear pre- text of maximum-likelihood estimation. Then, we introduce a simple
diction, feature extraction, audio compression method for approximately estimating both the maximum-likelihood

shape parameter and variance of GGD based on the PAPSE scheme.
Additionally, we show an example of its application to a TCX-based
1. INTRODUCTION codec.

In ger_1era|, one of th_e r_nain approaches for signe}l_processing prob- 5 REPRESENTING VARIANCE OF MULTIVARIATE
I(_ams is to apply _statlstlcal mot_jels to the probability _den5|ty func- DISTRIBUTION BY SPECTRAL ENVELOPE
tions (PDFs) of signals and estimate the parameters in these models
according to the observation. _ 2.1. Linear prediction
Linear prediction (LP) is a widely-used method for this approach N1
in audio signal processing, and LP-based methods have been ikP models the PDF of observed frequency spe¢tka },—, by
vented for many applications: for example, automatic speech recog?aussian with its variance r?vpjclasented by all-pole spectra, in other
nition [1], audio retrieval [2], speech dereverberation [3], and auords, spectral envelopiex};; :
dio coding [4]. In the sense of statistical modeling, LP can be in- 2
1| Xk
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terpreted as estimating the maximum-likelihood variance of multi- fe( Xkl || He) = exp <

variate Gaussian distribution (with no covariance) to which the fre- V2rHy 2 [ He

quency spectra of the observed signal are assumed to belong. Under »

this interpretation, the variance is modeled by an all-pole filter and H? = o2 |1+ Z ane—j”T""

its values also represent an envelope of the observed spectra. et
Indeed the assumption of Gaussian in LP makes its model a

-2

transform coded excitation (TCX) [5-7], an audio coding SChemeefﬁcients{an}” are given by solving the following problem:
which compresses signals in frequency domain, the input spectra n=1

are assumed to be Laplacian-distributed when the bits are allo- o 5 9

cated even though its variance is still estimated by LP. Our previous ?all% Z Dis(Hj || |Xx[7) 3)

work [8] pointed out that, in the cases like TCX, LP does not give k=0

the maximum-likelihood variance for non-Gaussian distributionswhereDis(z||y) = y/x — In(y/z) — 1 is called Itakura-Saito (IS)

and derived a simple method of optimal estimation for those casegivergence. This minimization problem is known to be, for the sake

called powered all-pole spectrum estimation (PAPSE). of the all-pole properties, equivalent to minimizing prediction error
PAPSE allows us to estimate the maximum-likelihood variancen the time domain and can be solved efficiently by Levinson-Durbin

for generalized Gaussian distribution (GGD), which has a parametexgorithm, which is reviewed in [8].
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2.2. Powered all-pole spectrum estimation approximate maximum-likelihood estimate®fn the shape param-

. . - . __eter estimation step. In principle, the moment-based method esti-
PAPSE was intended to represent the maximum-likelihood estimatg oo, by solving

of variance for GGD with a given shape parametd8]:

Afa) X, |° Flo)= L) ___ ®
oo (Xl || i) = 5% o (- | B@7-[ ) @ V()N B/a) Vs

wherem, andm. are respectively the empirical first and second

where A, B are constants written by gamma functidiiz) = moments of{; } !, Actually, it is much easier to choosefrom

S e " dt as

0 its candidates{a;}_; which makesF(a;) closest tom/\/mz
since we cannot explicitly calculate the inversefaiy).
Ala) = L«"% B(a) = F(3/O‘). (5) If the method used in the shape parameter estimation step gives
2I(1/e) I'(1/e) maximum-likelihood estimate of, the algorithm proposed above

) o ) makes the likelihood monotonically increase by the iteration, which
Slightly modifying the representation of the spectral envelope fromyroves its convergence. However, because of the approximation of
LP as shape parameter estimation by the moment-based method, we cannot

2 prove the convergence or optimality of this algorithm.
aB(a a0_2 a 1 2
H o = ( (©) Tk > = (a=B(a)H}? )%, (6)
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4. APPLICATION TO AUDIO CODEC

the minimization problem for estimating the maximum-likelihood One of the examples for applications of the proposed estimation
{an}}_, becomes as method is TCX, a high-compression audio coding scheme whose
fundamental framework is adopted in newly-established 3GPP en-

. 5 o hanced voice services (EVS) standard [16—18]. TCX first represents

H;;f; Z Dis (Hg |] [ Xk[%), M the input signals into real-valued spectra by modified discrete cosine

k=0 transform (MDCT) and then quantizes the spectra by scalar quan-

which is written in IS divergence and can be solved just as LP ustizer- Secondly, TCX allocates bits to quantized spectra by range-

ing Levinson-Durbin algorithm regarding-th-powered spectra as C0der-based arithmetic coding [4] according to their log-likelihood,
power spectra. and therefore higher likelihood enables more efficient compression.
The step size of the quantization is decided by a bisection search in
order to meet the target bit rate so that efficient compression tends to
3. SHAPE PARAMETER ESTIMATION WITH PAPSE attain high sound quality in reconstructed signals.

. . The calculation of the log-likelihood in [6] is done by using
As stated above, we can obtain, for a given shape parameter | anjacian distribution with its variance given by LP, of which per-
the maximume-likelihood variance of GGD. Here, our concern iSformance was improved by using GGD af = 0.7 with its vari-
how to find smartly, among various shape parameters in the PAPSE, .o given by PAPSE [8]. Here, we can apply the idea of the shape
scheme, the best parameter to represent the observation for e%ameter estimation: estimating frame-by-framevhich makes
frame, namely the frame-by-frame maximum-likelihaod higher likelihood, using different distributions in the arithmetic cod-

Although there are some previous works on estimating théng according to the estimated and transmittingy to the decoder
shape parameter, simply applying them to the PAPSE scheme Ieag§ allocating bits to it.
d

to inaccurate results: Methods such as moment-based method an

maximume-likelihood estimation in [14] assume uniform variance

over the observation, which conflicts with the PAPSE model; Meth- 5. EVALUATION OF ESTIMATION METHOD

ods for multivariate GGD as in [15] require several observation

belonging to the same distribution, which is hard to collect for audio

signals since their distributions are varying momentarily. At first, to check the characteristics of the proposed method, its ef-
Therefore, we present here an iterative algorithm for simultafect on likelihood, initial dependence, convergence, required number

neously estimating the shape parameter and the variance of GG# iteration, we estimated shape parameters for some speech and au-

based on the method in [14]. This algorithm is composed of twadio signals and calculated their likelihood. For the shape parameter

steps: PAPSE step and shape parameter estimation step. At first, wétimation step in the proposed method, we prepared fox itan-

set an initial value forv and iteratively perform the following steps didatesae = 0.1 to o = 3 in increments of). 1.

for the observed spectfaX; } ;' ': Figure 1 plots the average log-likelihood. The likelihood was

1. (PAPSE step) Estimate the maximum-likelihood variancec@lculated as relative log-likelihood in bits compared by its counter-
{Hy..o. YN by PAPSE of the present; part of LP:

2. (Shape parameter estimation step) Since the normalized spec- 1 faa(I Xl Il Hi,ap 1)
tra{Yy = Xi/Hro}r -y has approximately uniform vari- L=< > log, Fo(Xeal T Her) 9)
ance, estimate the shape parameter fidi}L ' by the kil ' '
method in [14] and update.

N—-1

.1. Likelihood comparison

wherel, M, anda; respectively stands for the frame number, the
Our preliminary test showed that the maximume-likelihood estima-total frames, and the estimatador thel-th frame.Hk,al*J andHy

tion in [14] often results in negatives, which causes computational were given by 16-th-order PAPSE and 16-th-order LP, respectively.
instability. Thus, we hereinafter use the moment-based method tib can be seen that there is some convergence and it depends on the
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6. EVALUATION OF AUDIO CODEC

S
o

6.1. Codec settings

To evaluate the proposed method in the audio codec, we prepared a
TCX-based codec which is the same one reviewed in [8]. At 16.4

(%)
S

o)

=8

g

3]

‘_"‘JE

<

- ! kbps, we used two settings for the comparison:

g 20 ;’ 1. (Baseline TCX) Using GGD af = 0.7 for arithmetic coding

ﬁ ! o = 05 for initial val with its variance represented by fixed PAPSE of 16-th order,

e / o e e or mitial value of which coefficients{a,, } .2, were vector quantized in the

=0k o= : 20; initial ‘{ﬂluf form of LSP as in [19] with 20 bits;

L) -

.g ! D @ _ 2.f or ?ltl.ltia ‘{a ue 2. (Adaptive PAPSE) Adding shape parameter estimation part

= {" a_ - ormua vaue before PAPSE. The arithmetic coding used different GGD

< 0& * * * * ! for each frame based on the estimatedThe variance was

&~ 0 1 2 3 4 5 also represented by 16-th-order PAPSE, of which coefficients
Iteration were quantized by the method stated above with different

codebooks for each. The « was represented by 1 bit as
mentioned below.

Fig. 1. Relative average log-likelihood compared to LP (bits/sample)This baseline TCX is the low-delay audio codec which was created
by each iteration and initial values. Black dotted horizontal linein [8] and showed comparable subjective quality to 3GPP extended
shows the limit found by an exhaustive search. 17232 frames oidaptive multirate wide-band (AMR-WB+) [20] at same bit rate with
16-kHz audio signals (about 6 minutes) were tested. significantly lower coding delay. For the estimated shape parameter,
we used the results from the first iteration of the proposed method
with initial valuea = 1. The quantization of the estimated shape pa-
Table 1. Relative average log-likelihood compared to LP fametera was designed heuristically by trial and error, with the op-
(bits/sample). 17232 frames of 16-kHz audio signals (about 6 mintimal a expected to change smoothly in audio signals: Representing
utes) were tested. the quantized shape parameterrith framea’; with fourth-order
moving average by 1 bit, in other words, selectihgwhich satisfies

Without PAPSE With PAPSE N 1,4 . A N .
Simple moment-|  Fixed Proposed | Exhaustive ar =p (Br+0.787-1+0.68-—2+0.56,—3 +0.43,_4) (10)

based estimation (o =0.7) | estimation) search where u(a) indicates theu-law algorithm of ITU-T G. 711 [21].
-60.1111 27.9153 | 37.4118 38.1298 The values foi3, was defined to make, be in[0.5 1].
The other bit allocations were evenly set: 8 bits for the step size,
3 bits for the noise-fill level, and rest of the bits for arithmetic coding
(see [8,22] for details).
initial values. Practically, it seems sufficient to use a large value for
the initial « and the results of the first iteration. 6.2. Objective evaluation
Table 1 compares other estimation methods with the proposed o . .
method (the result of the first iteration with initial value= 2). The "€ objective sound quality of the reconstructed S|g(1a!s, graded
difference between the proposed method and the exhaustive seaff@m —4 to 0 points, was calculated by McGill University'’s AFsp
was less than 1 bit, and changing the shape parameter frame by frafp@€VvalAudio [23]. Since TCX is mainly expected to compress au-
showed higher likelihood compared to the fixed PAPSE, which caldi0 Signals, we evaluated the sound quality using musical data: Fifty
culated the log-likelihood with a constamfor every frames. Simple  items randomly selected from the four databases in the RWC Music
moment-based method, which estimatedsing the moment-based Databage [24]: Ten items each from th_e Classical Music, Jazz Mus_lc
method without normalizing the spectra by its variafifie,,, seems and Music Genrg Databases; Twenty |tems from the Popular Music
to have given inaccurate estimates resuiting in the decrease of tiatabase, ten without vocals and ten with vocals. Ten seconds of

likelihood from LP. signals were extracted from each items and down-sampled into 16
kHz.
The relative scores of the TCX with adaptive PAPSE compared
5.2. Transition of shape parameters to the baseline TCX are shown in Fig. 3. The shape parameter es-

timation made the average objective quality higher, giving a signif-
Next we compared the transition of the estimated shape parametefgant difference in the total score. As for the complexity, the ad-
The test signal was composed of four seconds each of a popular Mgitional computational costs for applying the shape parameter esti-
sic (synthesizer), a classic music (violin), a jazz music (trumpet)mation in this condition were aboQt6 weighted million operations

a male speech (clean), and the same male speech with pink noiggr second (WMOPS [25]), aboR® of the total costs of the TCX-
(signal-to-noise ratio was 10 dB), which was used in [8]. Figure 2hased coder.

depicts the result. The shape parameters estimated by the proposed
method roughly tracked the optimal shape parameters found by thbe3
exhaustive search, showing the correspondence between the shape’
parameter and some acoustic features. On the other hand, the sifie evaluate whether the difference in objective quality shown by the
ple moment-based method constantly estimated as a@uad.5, previous experiment is actually audible, an informal subjective eval-
which revealed to be inaccurate by the previous experiment. uation was held. Five audio items in the RWC Music Database, ten

Subjective evaluation
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Fig. 2. Spectrogram and its shape parameters estimated for every five frames. Simple moment-based method for conventional method (bl:
chained line), proposed method (red solid line), and exhaustive search (blue slashed line).
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Fig. 4. ltem-wise relative subjective scores by MUSHRA compared
to the baseline TCX. Average and 95 % confidence intervals. As-

Fig. 3. Database-wise relative objective difference grades by PEAQerisk indicates there was a significant difference at 5 % in a paired
compared to the baseline TCX. Average and 95 % confidence intef-tast.

vals. Asterisk indicates there was a significant difference at 5 % in a
paired t-test.
resembles the results of the objective evaluation.

seconds each down-sampled into 16 kHz, were respectively coded 7. CONCLUSION

in the two conditions, presented to seven participants with the refer-

ences and 3.5-kHz band-limited anchors, and graded from 0 to 100/e presented a simple way to estimate both the shape parameter and
points, as is done in ITU-R BS.1534-1 Multiple Stimuli with Hid- Vvariance of generalized Gaussian distribution using powered all-pole
den Reference and Anchor (MUSHRA) [26]. The test items werespectrum estimation (PAPSE) and the moment-based shape parame-
labeled as follows: "Cello”, for a cello piece from the Classical Mu- ter estimation. This estimation scheme enables us to represent more
sic Database, "Synthesizer”, for a synthesizer piece from the Muprecisely, in the sense of likelihood, the distributions of audio fre-
sic Genre Database, "Piano”, for a piano piece from the Jazz Muduency spectra, which have nonuniform variance over the frequen-
sic Database, "Guitar”, for a Guitar piece from the Popular Musiccies. Despite that the proposed estimation is just an approximation
Database, and "Vocal”, for a female vocal piece from the Popu|af0l’ maximum-likelihood estimation, the results of the experiments
Music Database. proved that the estimates gave near log-likelihood to the optimal
_wise relative scores of the TCX witt°"es found by the exhaustive search and that they actually enhanced

Figure 4 describes the item S e . h
adaptive PAPSE compared to the baseline TCX. It can be seen thi}e oPjective and subjective quality of an audio coder. The param-
ers brought by this estimation may be useful in other tasks like

the average subjective quality were enhanced by the shape pararr?é - h - hich Id be a f hall
ter estimation with a significant difference in the total score, whichautomatic speech recognition, which would be a future challenge.
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