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ABSTRACT AR processes and the AR driving processes variances are esti-
mated based on EM algorithm. Gabrea and O’Shaughnessy [4]

This paper deals with the problem of speech enhancement whemave proposed estimating the noise and driving process variances
a corrupted SDEECh signal with an additive colored noise is the using the property of the innovation sequence, obtained after a
only information available for processing. Kalman filtering is preliminary Kalman filtering with an initial gain.
known as an effective speech enhancement technique, in whichin this paper the speech signal and the additive noise are mod-
speech signal is usually modeled as autoregressive (AR) procesgled as the AR processes and a new adaptive Kalman filter based
and represented in the state-space domain. In the above contexiethod is proposed to recover the speech signal from a sequence
all the Kalman filter-based approaches proposed in the past, opof the speech signal corrupted by an additive colored noise.
erate in two steps: first, the noise and the signal parameters arerhe estimation of time-varying AR speech model parameters is
estimated, and second, the speech signal is estimated by usingased on robust recursive least square algorithm with variable
Kalman filtering. In this paper a new sequential estimators are forgetting factor. The variable forgetting factor is adapted to a
developed for sub-optimal adaptive estimation of the unknown a nonstationary signal by a generalized likelihood ratio algorithm
priori driving processes variances simultaneously with the sys- through so-called discrimination function, developed for auto-
tem state. A robust recursive least-square algorithm with vari- matic detection of abrupt changes in stationarity of signal. The
able forgetting factor is used for the estimation of the speech sequential estimators are derived for sub-optimal adaptive esti-
AR parameters and a recursively least-squares lattice algorithmmation of the unknown a priori driving processes variances si-
is used for the estimation of the noise AR parameters. The algo-multaneously with the system state by reformulating and adapt-
rithm prOVides improved SpeeCh estimate at little Computational |ng the classical approach used for control app”cations_ A lim-
expense. ited memory algorithm is developed for adaptive correction of
the a priori statistics, which are intended to compensate for time
varying model errors. The algorithm involves using the state cor-
rections to estimate the driving processes variances and provides

e . improved state estimates at little computational expense.
Kalman filtering is known as an effective speech enhancement P P P

techni in which h sianal i I deled " The paper is organized as follows. In Section Il we present the
echniqué, in which speech signal Is usually modeled as au Ore.'speech enhancement approach based on the Kalman filter algo-

gressive (AR) process and represented in the state-space doma"?ithm. Section Ill is concerned with the estimation of AR pa-

{\:I]ar?_): ap;t)roac_kll_ﬁs using |ﬁalman f|:te_r|ntg hav:e be.e? retfetLenceq Nrameters and driving processes statistics. Simulation results are
e literature. They usually operate in two steps: first, the n0|seéne subject of Section IV.

and the signal parameters are estimated, and second, the spee

signal is estimated by using Kalman filtering. These approaches

differ essentially one from the other by the choice of the algo- 2. NOISY SPEECH MODEL AND KALMAN

rithm used to estimate the parameters of such model, the models FILTERING

adopted for the speech signal and the additive noise.

In[1], [2], [3] and [4] the noise under a simplified assumption is

considered as an white Gaussian process, but in [5], [6] and [7]

the noise is considered colored. Paliwal and Basu [1] have used P

estimates of the speech signal parameters from clean speech, be- s(n) = Z a;s(n — i) +u(n) 1)

fore being contaminated by white noise. They then used a de- i=1

layed version of Kalman filter in order to estimate the speech .

signal. In [2], Oppenheim et al. have used a time-adaptive algo- o(n) = Z bjo(n — §) + w(n) @)
Jj=1

1. INTRODUCTION

The speech signa(n) and the additive nois&n) are modeled
as thepth-order order andth-order AR processes:

rithm to adaptively estimate the speech model parameters and
the noise variance. Gannot et al. [7] have proposed the use
of EM (Espectation-Maximisation) algorithm to iteratively es- y(n) = s(n)+v(n) 3)
timate the spectral parameters of speech and noise parameters.

The enhanced speech signal was obtained as a byproduct of thevhere s(n) is the nth sample of the speech signa{n) is the
parameter estimation algorithm. In [6], the coefficients of the nth sample of the additive noisg(n) is the nth sample of the
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observationg; is theith AR speech model parameter andis

thejth AR noise model parameter.

This system can be represented by the following state-space

model:

X
2
[

Fx(n—1)+d(n)

Hx(n)
where:
1. x(n) is the(p + ¢) x 1 state vector

(4)

(5)

X(TL) = [S(n7p+1)7 T 7s(n)7v(n7Q+1)7 to vv(n)}T

2. d(n)isthe(p + ¢) x 1 vector

. 70,11/(”)707"'

,0,w(n)]"

(6)

(@)

3. the sequences(n) andw(n) are uncorrelated Gaussian

o2(n) anda? (n)

4. Fisthe(p + ¢) x (p + ¢) transition matrix

Fs 0
e
0 1 0 o 0
0 0 1 e 0
Fs =
0 0 0 1
ap QAp—1 QAp—2 ai
0 1 0 0
0 0 1 0
Fe=| : ; o
0 0 o - 1
by bg-1 bg—2 -+ b1

5. Histhel x (p + ¢) observation row vector

H:[07"'7071707"'7071}

The standard Kalman filter [8] provides the updating state-vector

estimator equations:

y(n) — HX(n/n — 1)

K(n) = P(n/n—1)H x
x [HP(n/n—1)H"]!
%(n/n) = %(n/n—1)+K(n)e(n)
P(n/n) = [1-K(®HP(n/n—1)
X(n+1/n) = Fx(n/n)
P(n+1/n) = FP(n/n)F" +Q(n)

where:

(8)

9)

(10

(11)

12)

(13)

(14)

(15)

(16)

17)
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1. %(n/n — 1) is the minimum mean-square estimate of the
state vector(n) given the past observationgl), .. .,

y(n —1)

2. x(n/n—1) = x(n) —%(n/n—1) is the predicted state-
error vector

3. P(n/n— 1) = E[X(n/n — 1)%7 (n/n — 1)] is the pre-
dicted state-error correlation matrix

4. %(n/n) is the filtered estimate of the state veckdn)

5. X(n/n) = x(n) — %X(n/n) is the filtered state-error vec-
tor

6. P(n/n) = E[%(n/n)X" (n/n)] is the filtered state-error
correlation matrix

7. Q(n) = E[d(n)d” (n)] is the driving processes correla-
tion matrix

8. e(n) is the innovation sequence
9. K(n) is the Kalman gain

white noise sequences with zero means and variancesthe estimated speech signal can be retrieved apttheompo-

nent of the state-vector estimatofn/n).

3. PARAMETER ESTIMATION

The estimation of the driving processes variances is derived un-
der the assumption of the constant values avesamples by
reformulating and adapting the approach proposed in control by
Myers and Tapley [9]. The estimation of the transition matrix,
which contains the AR models parameters, was made using a
adaptation of the robust recursive least square algorithm with
variable forgetting factor proposed by Milosavljevic et al. [10].

3.1. Estimation of Driving Processes Variances

The estimation of driving processes variances needed to compute
the matrixQ(n) is derived under the assumption of the constant
variance oveN samplesi(n), u(n—1), -+ ,u(n—N+1) and
w(n),w(n—1),--- ,w(n— N +1), respectively by reformulat-

ing and adapting the approach proposed in control by Myers and
Tapley [9]. Using the state propagation equation (4) the samples
of the driving process(n) are given by the equation:

u(n) = Hi[x(n) —Fx(n—1)] (18)
whereH; = [0,---,0,1,0,---,0,0]. The true state vectors
x(n) andx(n — 1) are unknown, sa(n) cannot be determined,
but the approximation:

a(n) = Hi[k(n/n) —%x(n/n —1)] (29)
can be used [9]. The samplegn) are assumed to be repre-
sentative ofu(n) and can be considered independent and identi-
cally distributed. Based on the laStmeasurements the variance
o2 (n) is estimated [11]. The sample variarig(n) is obtained
by:
1 N-1

A2 _ L 2

Ga(n) = Z:: [a(n —4)] (20)
The analysis reduces to expanditgf[a(n)]?} in term of
o2(n). We writea(n) in term of the filtered state-error vectors:

a(n) = —Hix(n/n) + HiFx(n — 1/n— 1) +u(n) (21)



Since the filtered state-error vectors errors are not independentwhereH, = [0,---,0,0,0,---,0,1]. Based on the lasiv

the correlation are avoited by writing:
a(n) + Hix(n/n) = HiFx(n — 1/n — 1) + u(n)
The variance of this equation is:

E{[a(n)+Hx(n/n)]*} = HiFP(n—1/n—1)F H]

Now we develop E{[a(n) + Hix(n/n)]*} in term of

(22)

+o2(n)

(23)

E{[a(n)]?} and of other computed terms in the Kalman filter:

E{la(n) + Hux(n/n)]*} = E{fa(n)]’}

_l’_

+ H,P(n/n)HT

Using the Kalman filter equations the filtered state-error vector

can be rewriting as:
x(n/n) =1 -K(n)H]x(n/n—1) — K(n)v(n)
and the second term in (24) is:

Blam)i" (n/mH} = —HP(n/n)HT
+ HP(n/n—-1)x

x [I-K(n)H"H]

By combining (23)(24) and (26) the resulting expression for is

E{[a(n)]?}is:
E{la(n)]*}

H,FP(n—1/n— 1)FTH]

+ H,P(n/n)H{

2E{a(n)x" (n/n)H] }

(24)

(25)

(26)

— 2H,P(n/n—1)[I - K(n)H]"HT

+ ou(n)

Using (20) and (27) an unbiased estimatosd{n) is given by:

5in) = ;Jg[a(nmz
— H,FP(n—1/n—1)F"H]
— H,P(n/n)H]
+ 2HP(n/n—1) x

x [I-K(n)H"H]

@7)

(28)

The samples of the driving procesgn) can be approximated

by:
B(n) = Hz[X(n/n) —X(n/n—1)]

(29)
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measurements an unbiased estimatarpfn) is obtained by:

z

Ghm) = & >

7

Il
<)

— HoFP(n—1/n—1)F'HJ

— HyP(n/n)HI

+ 2HoP(n/n—1) x

x [I-K(n)H"H] (30)

3.2. Estimation of the Transition Matrix

In our approach, getting’ requires the AR parameters estima-
tion. For a such purpose we estimate the transition matrix in
two steps: first, we estimate the noise AR parameters during the
silence period and second, the speech AR parameters.

The recursively least-squares lattice (RLSL) [12] algorithm is
proposed for adaptive estimation of the noise AR parameters be-
cause it has a rate of convergence typically an order of magnitude
faster than the least mean squares (LMS) algorithm used in [2]
and it provide the best prediction in the sense of least-squarer
error of the present value of the noise. The RLSL algorithm is in
fact rewriting of the QR-decomposition-based least-squares lat-
tice algorithm (QRD-LSL), which represent the most fundamen-
tal form of an order-recursive adaptive filter. This algorithm en-
joys many of the properties of the QRD-LSL algorithm, namely,
fast convergence, modularity, and an integral set of useful para-
meters and variables for signal processing applications.

A robust recursive least-square algorithm with variable forget-
ting factor is used for adaptive estimation of the speech AR para-
meters using the firgt components of the state-vector estimator
%(n/n). The equation (1) can be rewritten in the form:

s(n) = x1 (n — 1)0(n) + u(n) (31)
where
0n) =[ ap(n) ap-1(n) - a(n)]” (32
and
xi1(n)=[s(n—p+1),--- 7s(n)]T (33)

The robust recursive least square approach estimates the vector
6(n) by minimising the M-estimation criterion [10]:

n

Jp = % SN [E0) (34)
=1
where
vle) =) = min [, 2 ogne) 9

is the Huber influence function anll is a chosen constant. The
vectorx; (n) used in (31) is unknown but can be approximated
by %1(n/n), the firstp components of the state-vector estimator



%(n/n). In this case the robust recursive least square approach Output SNR

gives the estimation equations:

e(i) = H1R(i/i)— %] (i—1/i—1)0( —1) (36)
(@) = )

+ @) RT(Gi—1/i— DR — D& (i — 1/i — 1)

(37)
@) = R(i — 1)2;2)7 1/i—1) (38)
T() = R(i—1)—g@)%i(i—1/i— DR — )¢ [e(3)]
(39)
R() = f((z)) (40)
0() = 0>i—1)+R(@)%1(i — 1/i — 1) [e(i)] (41)

The forgetting factoi\(¢) is a data weighting factor that is used

to weight recent data more heavily and thus to permit tracking
slowly varying signal parameters. If a nonstationary signal is
composed of stationary subsignals the estimation of the AR para-
meters can be given by using a forgetting factor varying between

Amin @NdAnq.. The modified generalized likelihood ratio algo-

rithm [13] is used for the automatic detection of abrupt changes
in stationarity of signal. This algorithm uses three models of
the same structure and order, whose parameters are estimated on

fixed length windows of signal. These windows are N +1, 4],

[+ 1,4+ N]and [ — N + 1,7 + N], and move one sample
forward with each new sample. In the first step of this algorithm

is calculated the discrimination function

D(i,N) = L(i—N+1,i+N)—L(i—N+1,i)—L(i+1,i+N)
(42)
where
d

L(a,b) = (b—a+1)in [b—al—f—l > 62(1')] (43)

denotes the maximum of the logarithmic likelihood function.

In

Input SNR [5] [6] proposed
(dB) (dB) (dB) (dB)

-5.00 1.24 3.14 3.92
0.00 4.16 4.78 5.31
5.00 7.35 7.89 8.47
10.00 11.21 1156 12.32
15.00 15.62 1593 16.47

Table 1: QTPUT SNRFOR AN INPUT SPEECHSIGNAL PLUS
COLOREDNOISE
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