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Abstract is derived in SectioRl3. In Secti@h 4, a sequential EM algo-
rithm for online adaptation is derived. Finally, we present

In this paper, we consider the noise estimation for modelayperimental results in Sectih 5 and finish with some con-
based speech feature enhancement in the context of auiQusions in Sectiofl6.

matic speech recognition (ASR). The (cepstral) noise pro-

cess is described with a linear state space model. Noﬁ .
EM algorithms are derived for the estimation of the nois State space models for the noise

model parameters: First, a blockwise EM algorithm operq ot fi. denote the cepstral noise vector consisting of

ating on noise-only input data is derived. It is supposed tqy _ 13 static components. Its dynamics are modeled with
be used during the offline training mode of the recognlzeghe linear state model

Second, a sequential online EM algorithm is introduce

which is able to work on input data consisting of noisy n = nei1+v, vi~A(0,V) (1)
speech and which can be employed in recognition mode. B (n) )
Experiments on the AURORA4 database lead to improved np = n+wp o, wp ~A(0,W). 2

recognition results with the new state model compared t

the assumption of stationary noise ?—|ere,nt is a hidden state variable. Note, that the measure-

ment equation is for the case of noise-only dataln eq.
@@ and eq.[[R)V denotes the state covariance matrix and
1 Introduction ‘W the measurement covariance matrix, respectively.
For the case of noisy speech, further the dynamics of

Automatic speech recognition (ASR) requires in many apthe cepstral feature vectat must be taken into account.
plications a denoising of the speech. For this purpose, BS dynamics are modeled by a switching linear dynamic
model-based approach can be applied where prior knownodel (SLDM) according to the state equation

ledge about the distributions of speech and noise is ex-

ploited for speech enhancement. The paper at hand con-*t = A(s)xi—1+b(s)+u, u~.4(0,C(s)) (3)

siders 'ghe esti_mation of phe noise prior. The applicqtiothereA(&) b(s) andC(s) are learnt with an EM algo-
of & voice activity detection (VAD) for noise estimation ijnm from clean speech training data fdrdifferent state
is unreliable at low signal-to-noise ratios (SNRs). On themodelss[ e {1 M} [@]. Modelling both speech and
other hand there exist approved methods in the spectral dgyise leads to ’t-h-e-’augme.nted state VeBteF (x.n).

main like the Minimum statistics_[10] and the (iterated) 1 gpservation model, which relates the clean speech
I\/_I|n|ma-Con'groIIe_d-RecurS|ve averaging ((NMCRA) teqh- x¢ and the noisen; to the noisy speech cepstral feature
nique [2] which yield robust point estimates of the NOISE e tory, is non-linear:

For model based speech feature enhancement, however, an

estimate of the noise probability density function (pdf) is o . “1 (o xq)
required. The parameters of the noise pdf can be esti-Yt ~ h(xt,nt) = x¢ + Mpcrlog(1+ eer )- (4)

mated with block Expectation-Maximization (EM) algo- M -1 i ; ;

. ‘ \ . pct andMp; denote the matrix of the discrete cosine
rlthms (e.g. B 11]). and.sequentlal EM a'go”thr." SIIB, 8] transfom and its (pseudo-) inverse, respectively. The-func
in the feature domain. It is further possible to optimize thetionS log ance have to be understood to operate element-

posterior of the noise distribution independently for each, : : : :
speech frame within the model-based approBath [5]. Whir(‘elee on their argum(g)nts. Ed(4) can be linearized around

in the works referred to so far the noise process has bedHVen Vector points; andnfo), leading toll14]

assumed to be stationary, some researches have considered 0 _(0) ) )

a state space model of the noise dynamics to account foyt ~ h(x; ", n; ) + Hx(xt —x; ') + Hn(nt —ng ) + w
changing noise conditions. Kinil[7] employs a random- (5)
walk model where the state model variance is set to a fixed With  wt ~ 4/(0,Wy), Wy =HWH;+W, (6)
value while Singhl[12] uses a more general state modelngw, denoting a small error covariance matrix due to
where the parameters are estimated from noise-only traifpe |inearization. The Jacobians are given by

ing data. We have proposed a noise model [14] where the

systematic part of the noise is related to a hidden state vari eMBéTth)

able while the remaining uncertainty of the noise estimate{, = Mpcr M5(12T' H,=I-H,,
is described with an observation model. This model allows eMBéTth) + eMBéTnfo)

to distinguish between systematic variations and varatio (7

due to the measurement process, which is particularly imwhereI denotes the identity matrix. Employing this lin-
portant for nonstationary noise. The statistical models foearization around the moments of the prior distributions
speech and noise are overviewed in Seclibn 2. A blocln Extended Kalman Filter (EKF) can be applied for fil-
EM algorithm for parameter estimation from training datater update of each of thed models [14]. In the following



the mean vector and the covariance matrix of the posteriaith the utility variabIeSt(ﬂ)1 = Pt(f)l‘lplA;7 (Pt(ﬁ)pl)*l.

of the state vector(s) of the EKF assigned to the state |, grder to conduct the M-step, the expectation value
models given the measurememff,: y1...yt are denoted

P ively. ~ R
asz1z (%) andPya (s) respectively Ellogp(n}a1;6)[8" &) = Eflogp(a] [nd; 6)[8" A1
D =71

3 Block EM algorithm with noise- +Ellogp(n};0)/8", 4]
only training data (16)

In the subsequent section, the parameter estimation witQ eStimatedE[Iogp(ﬁﬂng; 9)|é<'),ﬁ1] is independent of
a blockwise EM algorithm on noise-only training data isv; 5 thatV is obtained by maximization of

considered. This allows to perform a smoothing on the

pomplete utterance. Furthgrthe parameter estima}ioyt is_no T oAl -1 NeT T

influenced by the speech signal. We solve the optimization E[I0gp(no;8)|6™", 11 ] = ——-log(2m) — - log| V|

problem . 1T

6 = argmax {logp(if; 6)}, ® -3 ZE[(nt “ 1)V —ne_1) 18" al.
t=

in order to obtain the maximum likelihood estimaeof 17)
the parameter vectd = (V, W). The vector

with the feature vector dimensids. It can be shown that

T =T\ _ S
(ng,fiy) = (no...nT,fy...fir) ) the maximization ofl17) leads to the ML estimates [13]

is complete data for the optimization probldth (8). Thus we 1T

X : . A~
obtain the EM algorithm V= = ZE[(nt “ney)(ng— ntfl)/w( )7nT]. (18)

~( - NS t=
Q(6,6") = Eyllogp(nf,51;6)[8" 5] (E—step) - |
~(141) ~ (1) The correlations in eq[{18) can be obtained from the mo-
6 " =argmax{Q(6,6"")} (M —step) ments
(10)
n P(n) P(n)

The E-step in iteratioh+ 1 with the parameters from it- ;. = [ tLT ] , PEH?T = (rt]jt\l:T (rtljt—l\l:T
erationl is carried out with a Rauch-Tung-Striebel (RTS) D117 ' P ir Poyeanr
smoothing of the extended state veaipr (n¢,n;_1). Eq. (19)
(@) leads to the state model of the posteriop(n;|ii] ), which is calculated in the E-step:

— (n) (n) N
o= Anlatvis, vt~ A(0,Cp) (11) E[ﬂtfiﬂ{fjw(l)’ﬁl] = ntfi\l:TnEle:T +Pt(i)i t—j[1T>

: I 0 vV 0 (20)
with Ay = [I 0} and C, = [0 0} . (12)  withi,je {0,1}.
. The maximization oE[logp(ii] |nf; 6)|fi]] leads in anal-
The observation model ogy to the estimate of the measurement covariance matrix

fie = Hyno+wi”, w{” ~ /(O W)  (13) T
. . . . W=_ ZE[(ﬁt*nt)(ﬁt*ntﬂﬁI] (21)
with H, = [I 0] is obtained from[R). The probability T£
densityp(n,|ii] ) is estimated by RTS smoothirig [1]. First
a Kalman filtering in forward direction is carried out for _ T
t=1...T: with  E[mt[d;] = nyr (22)
Ny1t-1 = AnMi-111-1 E[nny|n]] = Ny 707 + Pf:\)ﬂ- (23)
m  _ () /
Pt\lifl = AnPtfl\liflAn +Cy To summarize, the EM algorithm consists in the iteration

H;pLW)fl (14) of the parameter estimation according[fal (18) &ndl (21) and

(n _ p) / (n)
Ki P Hy, (H, P the RTS smoothing if{14) and{15).

=Fi1t t1t-1
N1t = Nepe-—1+ K" (i — Hy Nij11-1)

n _ (n) (n)
Py = T-K{"Hp)Pyiy 4,

4 Sequential EM algorithm for online
adaptation

where ny;; and Pt(ﬁ);r denote the mean and covariance|n practice, changing noise conditions in the environment
matrix of n; given the measurements].” Subsequently require an online adaptation of the noise model parame-
the smoothing in backward direction is accomplished fotters. The application of an online block EM algorithm

t=T...1: would be very time consuming due to the iterated filter-
ing with SLDMs which was not required in Sectibh 3 due

N7 = r]t,l‘li,lJrSt(ﬂ)l(nt‘lzT —Nyj11-1) to the assumption of noise-only data. For this reason, in
m " M o) " ) the following a sequential EM algorithm is derived which

P T = Pt,l‘li,lJrSt,l(Pm:T - Pt‘li,l)st,l allows further a causal processing and the adaptation of

(15) the noise model parameters to changing noise conditions



within a single utterance. In informal experiments an ondiagwV,... w(), ... w™))  with the componentsv),
line estimate of the state covariance mat¥ixturned out i =1...N; on the main diagonal, which are collected in
to be very unreliable. Therefore the sequential EM alq vectorw = (W (l>7m,W(i),___ wiNe ))/_ This leads to the
gorithm is in the foIIowing applied for online estimation modified cost functio®") (
of the measurement noise covariance only while the state
noise covariance is assumed to be known, i.e. its value is _ . .

determined from training data as described in Sedflon 3. QI<W) (w,wi ) = Qf\ivl)(w,w&*Z) —YRi(w,wi_1). (32)
The cost function for noisy input data is

w,wi )

In analogy to [[8] the following Newton-like recursion is
Q(e, é(')) = E[logp(y] |2d; 9)|é(|)7)’1] obtained, which can be applied for a sequential update of
oAl 1 (24)  the noise variance:
+E[logp(zo;0)[6" ", y1]-

) Wi = W1+ nylst (33)
In eq. [23) onlyE[logp(y] |z3; 0)] depends on the covari-
ance matrixXW of the observation noise, so that the other o 226
term can be dropped. Thus, we optimize the causal cod¥ith st = 5| - Ki= —gu5w
. W=WwWi_ w=wi_1
function The components (n‘t are obtained by partiall derivation of
W . ot
QW(W, W) = Ellogp(yilah W)[Wityh]  Rowith respect tavt” [13]:
t
~ — 5 R(W,W;_y) (25) hoooR(w) 1NN awy ol
er s = i~ 22 2(@%)
W s (34)
with

- Wy (Ayy1eAyg g4 + Pt(\yl)i - Wy)Wyflck-

Re(W, W _1) = —E[logp(yr|zr; W) [Wr_1,y]]
M In eq. [33),¢s =[0...0 1 0...0) denotes a column
— _Ello P T St W) [Wo_g,y! vector, where thé-th component has the value one and
llog Zl (Sely1)P(yrlzr, S W) We-1,y1] dq is the Kronecker symbol. The partial derivations of the

componentsvg’k) of the matrixWy(W) (seel($)) with re-
spect tow') are

- oW i (35)
with the measurement errdy; =y — h(z;). In eq. [2Z) owt)
only measurements up to the current time instaneee
considered in order to allow a causal processing. Furthewhereh( " is the value in the I-th row and i-th column of
the weighted sum over the modelsis replaced by the H,. Derivation of eq.[[32) leads to the recursion
most probable model

- E[|Og p(Yr |Zr7 §r.VV) |Wr—l7y1]
= log((2m"Ne|Wy|) + E[Ay; W, 1Ay [Wr_1,y1],

Q

. Ki =K1yt (36)
§ = argmaxP(st|y1)}. @7)
for K; with Ly = 2R, . The components dk.
The expectation value ifiL{26) can be written as ! R P _t
R are obtained by partial derivation Bf with respect ton(!)
E[Ay; Wy Ay [Wi_1,¥]] andw!l) [13];
= tr(W, *E[Ay Ay [ Wi_1,¥]]) 28 .
e s o L9 ORlw)
= tl’(Wy (AYT\leryr\l:r + Pr\l;r))- t owl) gw(i)
1 Ne Ne Ne Ne 0Wy D) aW(m,n)
v) / T2 Z =] 71(2 94)(2 = Om) owl)  gwti)
where Pr\lr = [Hx, Hn|Py1.0(sr)[Hx, Hn|'(29) k=1l=1m=1n= .
Ayrir = yr— h(ZT\lzr) (30) .ci‘[Wyilcmcgwyil(Ayt‘“Ayé\li + Pt\yli)wgl

-1 v) -1 -1
are obtained from the state estimate of the most likely EKF +Wy (AYt\lIAY{m + Ptm)Wy CmC'nVVy
. Qt(W) (W,th’l) can be written as —W;lcmcgwyfl]q.
(37)
w St w . N
Q" (W, W) = Q) (W, W) - R(W, Wiy).
(31) A simplification of eq. [3#) and eq[IB7) can be achieved

In order to weaken the influence of incorrect measuremenﬁy modelling the covariance matrRt(y) as diagonal ma-
yt on the cost functio®") (W, W+ 1), the novel contri- 11 k)

butionR (W, Wy_1) to the cost functio®)""’ (W, Wil trixwiththe eIementsv§, and neglecting the tern%%
is deemphasized by a factor, 0 < y < 1. In the fori#k. Thus, a step of the sequential EM algorithm at
following W is further modelled as a diagonal matrix time instance consists in the operations listed in Alg. 1.



Algorithm 1 Step of the sequential EM algorithm

1: Determine the most probable modglof the SLDM
proposed in[[14] with[[27).

2. DetermineW®)(§), pgy;1<s> andAyy 4 (§) for state

models with @), (Z9) and[[3D)).
Calculates; with (34).
CalculateL; with 34).
UpdateK; with 8).

Updatew." with @3).

plexity was even in the case of the complete implementa-
tion of the sums in eq[{B4) und ed_137) not significantly
increased by the sequential EM algorithm compared to the
model-based speech feature enhancement with the baseline
EKF-d.

6 Conclusions

In the paper at hand, EM algorithms for noise estimation

in model-based speech feature enhancement were derived.

With the sequential EM algorithm even in the case of a

stationary noise model significant improvements in recog-

5 Experimental results nition rate were obtained. Further improvements were
achieved with the assumption of a non-zero state model

The experiments were performed on the AURORAA4variance which was estimated with a block-wise EM algo-

database. The AURORAA4 test database consists of théhm from training data. A simplification of the sequen-

Wallstreet Journal Nov'92 evaluation test set to whichtial EM algorithm was possible by neglecting off-diagonal

noise at varying SNR levels and varying type has beeterms. The overall computational complexity of the model-

added [[6]. In our experiments, we use the official AU-based speech feature enhancement was not significantly

RORAA4 selection test set comprising 166 utterances whichmproved by the application of the EM algorithms.

was recorded with a Sennheiser microphone. The down-

sampled version of the data with a sampling rateldi8

was employed. We use, beside the clean data of the Alﬁ‘CknOWIedgment

RORAA4 selection test set, six further versions of the test seThe research was partly supported by the DFG Research

with artificially added noise at a randomly chosen SNR beTraining Group GK-693 of the Paderborn Institute for Sci-

tween $IB and 1%IB. We present the results for each noiseentific Computation (PaSCo).

type and the overall average obtained by using a bigram

language model for the 5000-word vocabulary. TrainingL iteratur

has been carried out on clean speech. We modified the

@ aRr®

ETSI standard front-end extraction in the same manner as!]
in [4] by replacing the energy feature witly and using
the squared power spectral density rather than the spectral
magnitude as the input of the Mel-frequency filter-bank. [
The speech feature enhancement was carried out with the
SLDM introduced in Sectiolll 2 which was augmented with 3]
dynamic speech features as described ih [14] (EKF-d).

The results for the noise estimation methods introduced
in this paper are given in Talld 1. The error rate for the 4]
baseline method (EKF-d) under the assumption of station-
ary noise and noise parameter estimation from the first angs,
last 10 frames of each utterance amount$%«. The noise
estimation was at first conducted with the given simplifica-
tions of [33) and[(37). FoV = 0 (M-0it), i.e. under the [g]
assumption of a stationary noise process the adaptation of
the noise covariance matrix resulted in an improved error
rate of 362%. The estimation oV with 50 iterations of
the block-wise EM algorithm (M-50it) resulted in an over-
all error rate of 3%%, while lesser improvements were [8]
obtained for 10 and 25 iterations (M-10it, M-25it). Further

9]

[7]

| | Tra.] Air. | Bab] Car] Str. | Res] CIn.| Avg]

EKF-d | 41.5] 50.8| 44.9 18.9| 41.6] 52.3| 12.9| 37.6
M-Oit 39.7| 50.1| 41.8| 18.4 40.6| 49.7| 12.9| 36.2 [10]
M-10it | 45.0| 44.8| 38.3| 18.7| 43.9] 50.1] 12.9| 36.1
M-25it | 43.0] 44.2| 37.9] 18.4] 42.7] 49.9] 12.9] 35.6
M-50it | 42.4] 44.2| 37.9] 18.4] 42.7] 49.9| 12.9| 35.5 [11]
M-full | 42.7| 43.9| 38.5| 17.8| 43.5] 49.7] 12.9] 35.6

Table 1: Error rates on the AURORAA4 database [12]

(13]

the results with 50 iterations of the block-wise EM algo-
rithm (M-full) for the evaluation of the complete sums in 1
eq. [3%) and eq[{37) are shown in Téb. 1. The given ap[- ]
proximations lead approximately to the same recognition
rate on the AURORA4 database. The computational com-
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