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Abstract: This paper proposes a voice decompo-

sition method based on voice model. Using correla-

tion distance as a criterion frequency domain decom-

position is formulated. For a pair of correlation co-

e�cient vectors minimizing powers of spectra is char-

acterized using quadratic programming problem with

constraint, where values of powers are non-negative.

The solution of the problem without constraint is cal-

culated using a linear equation where the coe�cients

are determined by correlation coe�cient vectors. A

correspondingmatrix for the linear equation has a non-

negative determinant, and the su�cient and necessary

condition for existence of reverse matrix is that given

correlation coe�cient vectors are linear independent.

The solution with constraint is also given by solving a

linear equation.

1 Introduction

This paper proposes model-based voice decomposition

method. Human being can segregate and distinguish

each component in two or more mixtured and over-

lapped voices. However, it is too di�cult to recognize

each component in the overlapped voices, and the cur-

rent speech recognition technology treats non-target

voices as noises. The fundamental idea of this pa-

per is that human being knows and has typical voice

patterns and decomposes composed voice using these

model patterns.

Voice waveform is transformed to a correlation vec-

tor as its feature vector. Therefore, the decomposition

in waveform domain is translated to the decomposi-

tion in the correlation vector domain. On the other

hand, generally voice is assumed to be represented by

a set of representative vectors which are generated us-

ing VQ technique. Speech under noisy environment

is represented as two sets of correlation vectors; one

is from speech and the other is from noise. Cocktail

e�ect speech by two talkers is also represented as two

sets of correlation vectors; one is from �rst talker and

the other is from the second talker.

For given number of mixtures and a set of repre-

sentative vectors corresponding to its component, the

decomposition of the input vector is de�ned as search-

ing a pair of representative vectors which minimizes

the correlation distance between input vectors and the

composition of a pair of representative vectors.

For speech recognition decomposition on frequency

(spectral) domain is su�cient. The author studied

voice segmentation and clustering problem from multi-

ple signal sources[1, 2], and this study is one extension

overlapped voice from multiple signal sources[3]. au-

ditory segregation of sound stream in [4] mentioned

their method did not use voice characteristics, on the

other hand, this paper stands on the positive use of

this. For speech recognition, [5] studied composition

of HMMs which represent sound sources. They did

not study the decomposition problem.

2 Formulation of Decomposition

Two speech waves, x1(t) and x2(t), composes and the

periodogram of its composed wave xs(t) = x1(t)+x2(t)

is given as follows;

Xs(�) = j
X
t

xs(t)e
�jt�j2

=
X
t

jx1(t)e
�jt�j2 +

X
t

jx2(t)e
�jt�j2

+2
X
t;t0

x1(t)x2(t
0)e�j(t�t

0)�
: (1)

Here, suppose that x1(t) and x2(t) are independent

(i.e., no correlation), Eq.(1) is simpli�ed.

Xs(�) = X1(�) +X2(�); (2)

where, X1(�); X2(�) are periodograms of x1(t); x2(t),

respectively. It is assumed that LPC spectra fs(�) and

f1(�); f2(�) derived from Xs and X1; X2 assumed to

have the same relationship.

fs(�) = f1(�) + f2(�): (3)

When one of two spectra fi(�) is uniquely known, the

observation of fs(�) determines the another spectra.

This idea can be generalized as follows;
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For given fs(�), �nd f1;j1 2 V1 = ff1;jg and

f2;j2 2 V2 = ff2;jg which minimize the following

Eq.(4);

min
j1;j2

d(fs; f1;j1 + f2;j2): (4)

� �
Here, d is a spectral distance; LPC cepstrum distance

or correlation distance. To get �nite set of representa-

tives there are two ways;

1. �nite representatives ffi(�)g to approximate spec-
tral space

2. use constraint of LPC spectra

LPC cepstrum distance d between LPC spectra g1; g2

are calculated as follows;

d
2(g1; g2) = (c1;0 � c2;0)

2 + 2

NX
n=1

(c1;n � c2;n)
2 (5)

Using power, ui, and correlation coe�cients, ri;n, Eq.(3)

is represented as follows;

f1(�) + f2(�) = (u1 + u2)

1X
n=�1

u1r1;n + u2r2;n

u1 + u2

e
�jn�

:

(6)

Therefore, power and correlation coe�cients of f̂(�) =

f1(�) + f2(�) is calculated.(
û = u1 + u2

r̂n =
u1r1;n + u2r2;n

û

(7)

To calculate Eq.(5), LPC cepstrum coe�cients (ĉj1;j2;n)

(n = 0; : : : ; N) are calculated from composed power

and correlation coe�cients in Eq.(7), and Eq.(4) is

translated as follows;

d
2(fs; f1;j1+f2;j2) = (cs;0�ĉj1;j2;0)

2+2

NX
n=1

(cs;n�ĉj1;j2;n)
2

Therefore, for LPC cepstrum distance calculation, it is

su�cient that representatives, Vi = ffi;jg, have only
information on its power and correlation coe�cients.

3 Voice Decomposition Using Cor-

relation Distance

In order to estimate power term the decomposition

using correlation distance is described considering each

model Vi is represented by the correlation coe�cients.

Using the correlation distance Eq.(4) is calculated as

follows;

d(fs;

IX
i=1

fi) =

NX
n=�N

(usrs;n �

IX
i=1

uiri;n)
2
: (8)

The problem to obtain ui(i = 1; : : : ; I) which mini-

mize Eq.(8) is called quadratic programming problem.

Here, the problem has a constraint considering non

negativeness of ui.

Without the constraint the least square method

gives the solutions by the linear equation which is de-

rived from partial derivatives of Eq.(8) by ui setting

0. X
j

uj

X
n

rj;nri;n = us

NX
n=�N

rs;nri;n: (9)

The matrix R = (Rij) is symmetric and its determi-

nant det(R) � 0, where i; j elements Rij is de�ned

by
P

n
ri;nrj;n(i; j = 1; : : : ; I). det(R) = 0 is equiv-

alent that 9i; ri exists on a hyper plane determined

by r1; r2; : : : ; rI , where ri is excluded. For example,

in case of two variables, r1 6= r2 implies det(R) > 0.

u1; u2 is determined by the derived linear equation.

To simplify the discussion the solution with the

constraint in two dimensional case is described. The

above solution for two dimension is calculated as fol-

lows; 8<
:

u1 = us
Rs1R22 �Rs2R22

R11R22 �R12R21

u2 = us
R11Rs2 �R21Rs1

R11R22 �R12R21

(10)

Criterion (Eq.8) is equal to a quadratic function of

u1; u2, the surface of the criterion is elliptic in three

dimensional space and there is always solution which

gives the minimal value. Here, if u2 < 0, the solution

is given when the elliptic curve is touched to u1 axis.

This is equal to the quadratic function of u1 with u2 =

0 in the following D(u1; u2) has a multiple root.

D(u1; u2) =

NX
n=�N

(u1r1;n + u2r2;n � usrs;n)
2

@D(u1; 0)

@u1

= 2

NX
n=�N

(u1r1;n � usrs;n)r1;n

u1

NX
n=�N

r1;nr1;n = us

NX
n=�N

rs;nr1;n

u1 = us

Rs1

R11

: (11)

From the above discussion, spectral representatives do

not require their power terms as power terms can be

estimated using Eqs.(9) and (11).



4 Experiments for Evaluation

4.1 Speech database

200 di�erent combinations are generated from ran-

domly chosen 400 words in ATR 5240 word set. Si-

lence intervals are removed using the phoneme label

information. The duration length for the longer word

is reduced to the length with the shorter word. In ex-

periment 4.2 100 pairs of 200 words in the phoneme

balanced 216 words are used as the training speech

data.

4.2 Di�erence of overlapping on wave

and correlation domains

Let the power of x1(t) and x2(t) be u1 and u2. The

ratio of these powers is de�ned as � =
q

u1

u2
. Let �dB

be the ratio of the power levels when x1(t) and x2(t)

are overlapped. Its ratio on the wave domain can be

calculated as  = 10�=20. xs(t) is calculated as follows;

xs(t) = x1(t) + �x2(t): (12)

On the other hand, considering the relation between

the correlation coe�cients r1;n and r2;n of x1; x2, the

overlapping in the correlation domain is as follows;

~rs;n =
r1;n + 

2
r2;n

1 + 2
: (13)

The value of LPC cepstrum distance is converted into

dB scale using ddB(g1; g2) = 4:342 dCEP(g1; g2).

The overlapping and decomposition processing on

correlation and wave domains is compared. Fig.1 shows

the diagram of the experiment. At �rst, for each frame

the power calculation, pre-emphasis and hamming win-

dowing are processed, and each power is normalized.

In order to adjust powers to the given ratio, WAVE-2 is

weighted as Eq.(12), and the overlapping on the waves

and correlation analysis is performed in Fig.1 (A). The

other path is pre-emphasized, Hamming windowed,

and after correlation analysis and power normaliza-

tion, weighting and overlapping is done in Fig.1 (B) as

shown in Eq.(13). After LPC Cepstrum analysis the

distance is calculated.

WAVE1 WAVE2

COR

    CALC
DISTANCELPC CEPLPC

+

1

1
1

1
+
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1 : Pre-processing &Power adjustment
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COR

B

Figure 1: Procedure of Experiment

Comparing the complexity of mixed voice and sin-

gle voice in spectral shapes, it seems that the for-

mer is larger than the latter. Based on the above

assumption, LPC analysis order is varied from 12 to

24. Table 1 shows the experiment condition. As Fig.2

shows that the largest distance value in the result is

of 0.8dB, where � = 0dB overlapping and 24th LPC

analysis. The smallest distance value is 0.25dB, where

� = 40dB overlapping and 12th LPC analysis. The

result shows that the smaller the analysis order the

smaller the distance value. The distance for two ad-

joining analysis orders, for example, 16th and 20th, in

the same overlapping dB is about 0.02dB. The distance

value in higher LPC analysis order becomes larger be-

cause higher order LPC analysis represents more pre-

cise frequency components. Lower order in LPC anal-

ysis is better, however, a higher order LPC analysis

is applied in the following decomposition experiment

because maintaining rich frequency components using

higher order LPC analysis can carry the characteristics

of input voice.

Table 1: Analysis conditions
speaker 1 male,1 female

pre-emphasis 1� 0:97z�1

auto correlation 24

LPC analysis 12,16,20,24

LPC cepstrum 36

window length 256 points(21.3ms)

window shift 256 points(21.3ms)

sampling frequency 12kHz
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Figure 2: E�ect of LPC analysis order

4.3 Accuracy of power estimation

The accuracy of the power estimation given by the

least square method is examined. In this experiment

the order of LPC analysis and the truncation order of

LPC cepstrum are both 24.

Power estimation is evaluated, where a correlation

coe�cient vector is used the nearest in the codebook.



As the criterion, correlation distance and LPC cep-

strum distance were compared. When LPC cepstrum

distance is applied, the variance of estimated power

value is large and sometimes the estimation failed.

For correlation distance, power estimation works well

within 10dB of power level. Power values sometimes

become negative. Using correlation distance the fail

rate of the power estimation is 3% for overlapped level

� =0dB, and that is 17% for level � =10dB. The

fail rate is always about 10% larger when the LPC

cepstrum distance is used. Therefore, the correlation

distance is better for the distance calculation in over-

lapped voice.

4.4 Decomposition using VQ codebook

The decomposition using VQ codebooks is evaluated.

The distance is calculated after power estimation for

all combination of correlation coe�cients in two code-

books, and the optimal combination, f1i; f2j , is searched.

The decomposed spectra are compared with the di-

rect calculated spectra from voice. The comparison is

done using LPC cepstrum distance. Analysis condition

is the same as experiment 4.2 Fig.3 shows the result

where the correlation orders are 16th and 24th. The

di�erence is about 5.43dB for 24th correlation order

and � =0dB overlapping level. In this condition the

negative root case is 26.1%. Better result is achieved

for 24th correlation order than 16th correlation order.

It seems that the decomposition becomes easier for

higher order because higher order spectra have much

information. The other possible reason is that the ac-

curate power estimation is possible for higher order.

The reason why in Fig.3 the di�erence for WAVE2 in

10dB overlapping level is smaller is that its power be-

comes 10 times larger and it is easier to catch the spec-

tral feature and to decompose.
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Figure 3: Result of decomposition experiment

5 Conclusion

The di�erence is calculated that distance of the pro-

cessing in the correlation domain are examined and a

wave domains. The experiment result demonstrated

that processing on correlation domain is almost the

same as one on wave domain. The power estimation

from two correlation coe�cients was examined. The

di�erence between decomposed and original spectra is

about 5dB. As the future studies, the solving method

with constraint will be evaluated and the solution with

time domain constraint will be formulated.

Acknowledgment

The author would like to thank to exciting discussion

with K.Unayama, 1996 Graduation Research Student,

who was doing experiments on this paper. On solution

of quadratic problem, he also would like to thank to

helpful comments from Prof.K.Funahashi, Univ. of

Aizu.

References

[1] M.Sugiyama, et al, Speech Segmentation and

Clustering Problem Based on An Unknown-

multiple Signal Source Model, Trans. of IEICE,

Vol.J76-D-II, No.12, pp.2477-2485 (Dec. 1993).

(in Japanese)

[2] J.Murakami, et al, Study of Unknown-Multiple

Signal Source Clustering Problem using Ergodic

HMM, Trans. of IEICE DII, Vol.J78-D-II, No.2,

pp.197-204 (Feb. 1995). (in Japanese)

[3] M.Sugiyama, Model Based Voice Decomposition

Method, Tech. Rep. of Speech Research Commit-

tee, SP97-10, pp.1-8 (June 1997). (in Japanese)

[4] H.G.Okuno, et al, Evaluation of Sound Stream

Segregation from the Viewpoint of Speech Recog-

nition, IEICE Tech. Rep., SP95-86, pp.35-40

(Dec. 1995). (in Japanese)

[5] F.Martin, et al, Recognition of Noisy Speech by

Using the Composition of Hidden MarkovModels,

Proc. of ASJ Fall Meeting, 1-7-10 (Oct. 1992).


