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Abstract

This paper proposes an algorithm for the recognition an@-sep
ration of speech signals in non-stationary noise, such athan

speaker. We present a method to combine hidden Markov models

(HMMs) trained for the speech and noise into a factorial HMM t
model the mixture signal. Robustness is obtained by sepgiiaie
speech and noise signals in a feature domain, which discerds
necessary information. We use mel-cepstral coefficienBqIs)
as features, and estimate the distribution of mixture MFE€Q®
the distributions of the target speech and noise. A deccaligg-
rithm is proposed for finding the state transition paths astitnat-
ing gains for the speech and noise from a mixture signal. Simu
lation experiments were carried out using speech matetiarev
two speakers were mixed at various levels, and even for logden
level (9 dB above the speech level), the method producetivelia
good (60% word recognition accuracy) results. Audio dertrans
tions are available dtttp://www.cs.tut.fi/ tuomasv

1. Introduction

One of the major problems in automatic speech recogniti@RA
is the degraded performance when the target speech isergdrf
with a noise source. Methods which try to overcome this bl
can be roughly divided into two categories: 1) those whightdr
estimate the clean speech waveform or its features fromdisy n
signal, i.e., which perform speech separation, and 2) tbesel-
oped and trained to recognize noisy speech (see [1] for awevi
Non-stationary noise which has similar acoustic charttes as
the target speech is especially difficult for all methodsnc8ia
good estimate of the interference is a requirement for fisieft
suppression, an accurate acoustic modeling of the noisgrcan
vide an increase in the recognition quality.
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Figure 1. A factorial HMM consisting of Markov chains for the
speech and noise (solid lines) can be synthesized into a HMM ¢
taining all the combinations of the speech and noise stdteied
lines).

2. Factorial Model for the Mixture Signal

When multiple sources are present simultaneously, thessicou

The ASR system proposed in this paper achieves robustnessnixture signal is the superposition of the source signalshik pa-

to interference by doing the separation in the feature donigie
speech and noise signals are modeled with hidden Markov Isode
(HMMs), which are estimated beforehand from material whieee
signals are present in isolation. We do not commit ourseives
specific method for training the HMMs, but Section 5 presents
possibility for this. To model the noisy speech signal, tberse-
specific HMMs are combined into a factorial HMM, as explained
in Section 2. The likelihoods for noisy observation vectnes cal-
culated from speech and noise distributions, as explaime&iec-
tion 2.1. The recognition is done by finding the most likelgtst
transition paths jointly for the speech and noise using liyersghm
proposed in Section 3. Section 4 presents a method for sinthe
ing the sources separately, and Section 5 presents theasiomsl
experiments.

per we consider only two sources, which are referred as tjee
and “noise”, and label§s} and{n} are used to refer to their pa-
rameters, respectively. Both signals are modeled withragpa
HMMs, which are assumed to be trained separately beforehand
The mixture signal is modeled with a factorial HMM [2] cortsis
ing of separate Markov chains for the speech and noise, which
model the contribution of the speech and noise signals imilxe
ture, respectively.

The topology of the Markov chains is the same as the original
HMMs, as illustrated in Figure 1. The transitions of the dd
state variablegy,;, andgy,, of the speech and noise are statisti-
cally independent from each other, so that the state tiangitob-
ability from state(i, k) to (7, 1) is the product of the state transition



probabilities of both chains:

=Plqly =ildisy =) Plagly =1l dfny = k), (D)

wheret is the observation index.

The likelihood of an observation, however, depends on the
state of the both chains, and it should be determined usieg th
linear superposition of acoustic signals. In addition totdeial
HMMs, also the term parallel mode combination has been used
for this kind of approach by Gales and Young [3], who usedlsing
state and two-state HMMs to model the noise. In our appboati
the left-to-right topology is most suitable since the naseas-
sumed to be structured, but the topology can be fully comuect
as well.

Several algorithms based on factorial HMMs simplify the mix
ing process by modeling the power spectrum of the mixture sig
nal at a certain time-frequency point as a maximum of thecsour
power spectra, plus a noise term [4]. The approximationdead
a closed-form expression for the distribution of the sumpafech
and noise [5] when the power spectra are used as observalions
ASR, however, the power spectrum representation lacksiamaey
to some features such as pitch, and therefore the approgimat
quires a large amount of components to model different pinere
pitch combinations.

2.1. Likelihoodsfor MFCCs

Mel-frequency cepstral coefficients (MFCCs) are commosigdu

to parameterize the rough shape of the spectrum in ASR. For a

single frame of speech they are calculated by measuringativerp
within mel-frequency bands, taking the logarithm, and dedat-
ing the resulting vector by the discrete cosine transforr@Tp
The above-explained max-approximation of the sum is nataea
able for MFCCs, and therefore estimating the likelihood ofia-
ture observation requires more accurate modeling of thengnix
process when MFCCs are used as features.

The probability density function of an observed MFCC vector
o is commonly modeled by a Gaussian mixture model (GMM),
the parameters of which are different for each state. Indhevi-
ing we derive the distribution for the mixture signal MFCGghe
factorial HMM state(i, k) using the GMMs of the target state
and noise statg. The process has to be repeated fori alhdk to
get distributions of all state combinations.

For simplicity, we formulate the distribution here for aglier
component GMM, which is the normal distributiov. For clean
speech, the likelihood of an observatienis given as

P(o:) = No: | n{7}}, ={7)), )

Whereym} is a mean vector anﬂi?s’;} is a covariance matrix of
the distribution, and labelm} is used to denote MFCC-domain
parameters. The formulation can be extended for multi-aomapt
GMMs, as explained later.

To enable estimating the likelihood of a mixture observa-
tion from the target and noise distributions, the speechraise
MFCC distributions have to be transformed to the power spect
domain, where the distribution of their superposition cerebti-
mated. From the power spectral domain the parameters aire aga
transformed back to the MFCC domain, as illustrated in Fedur
The power-spectral domain mean and covariance of the speech
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Figure 2: Calculation of the mixture MFCC distributions &osin-
gle state.

calculated using the steps below. The method is essentiely
same as presented in [3], extended for multiple states renpiro-
posed decoding algorithm is original.

First, the logarithm of the powers in mel-frequency bands is
obtained by taking an inverse DCT of the MFCCs, which can be
formulated by multiplication by inverse of the DCT matiX.
Therefore, the distribution of the logarithms of the powisralso
a normal distribution, with mean

m}

®
and covariance
st =c'sinl e, 4)

where label ¢} denotes cepstral-domain parameters.
The energies within mel-frequency bands are obtained by tak

ing the exponential function of the log-energies. Their mpéi
and covarianc@ii can be shown to be [3]

{e}

Higsy = eXP(fos}} + fo{}s}ﬂ), (5)
and b _ (e} { {2
Tiitsy = Fitsy My lexp(Ei575) — 1, )

where label{e} denotes the power-spectrum domain parameters,
p; denotes thé'™ element of vectop, andy;; denotes théi, )™
element of matrix.

Equations from (3) to (6) are applied to both the speech and

noise, to result in their power-spectral mean% anduie} and

covariancesi)%:% and 2%2}} respectively. The expectation value
for the energy of the superposition of statistically indegent sig-
nals is the sum of their energies. Therefore, the mean vettbe
mel-energies of the mixture is

{e}

_ {e} {e}
Hipy = 9{s31Hisy + I{intHiny> (7)



where the labelx} denotes mixture parameters, ang, and

91s} andgy,; also have to be estimated. Because of the complex-

g{n} are the gains of the speech and noise, respectively. Theyity of the model, finding the global optimum is not possiblada

are used to accommodate possible level differences bettheen
training and target material, and their estimation is exgld in
Section 3. Similarly, the covariances of statisticallygpdndent
signals sum linearly, so that that covariance matrix of the-m
energies of the mixture signal is

{e}
{s}

{e}

{e}
b {n}-

2
{z} + 9%

®)
Since the distribution of the logarithm of mel-energiesas-n
mal, the distribution of mel-energies is log-normal. Thése
no closed-form solution for the distribution of the sum o§o
normally distributed random variables [6]. For a given ahae
tion sequence the probabilities could be estimated, fomeka,
by numerical integration, but this is not feasible becausthe
computational complexity. However, it has been observatlttie
sum can be rather well be approximated by another log-normal
distribution [6] and there are several methods for calaudgits
parameters.
We use the method proposed by Gales and Young [3], which
is summarized as follows: first, the mean and covariance ef th
log-energies of the mixture are given as

2
=g{s1 2

{e}
c e 1 1i{x
uleh, = log (uj{j;}) — 5 log % +1 ©)
(Iu'i{z})
and
e} sl
c _ 1Jjix
Zijxy = log (ﬁ + 1) : (10)
Hifzy iy

therefore we propose a greedy algorithm consisting of thevie
ing steps:
1. Find the best state transition path and, for the speech
alone. This is done by a one-dimensional optimization [7]
g{s},» where the Viterbi algorithm is used to estimate the
optimal state transition path for each tested valugof.

. Initialize g(,,; = gy}, where the fixed scalar was cho-
sen to have value 0.3.

. Find the best state transition paths of the noise and bpeec
simultaneously. The estimation algorithm can be viewed as
an extension of the Viterbi algorithm, where the Markov
chains of speech and noise are synthesized into a single
HMM, as done by Gales and Young [3]. To reduce the
computational complexity, the speech chain is allowed to
use only those states which were used in its previously most
likely state transition path.

While keeping the state transition paths fixed, optirgize
andgg,; using the Nelder-Mead [8] algorithm.

Find the best state transition paths for the noise ancthpee

simultaneously. To reduce the computational complexity,
the noise chain is allowed to use only those states which
were used in the previously most likely path.

While keeping the state transition paths fixed, optinize
andgg,; using the Nelder-Mead algorithm.

The steps 3-6 are repeated until the likelihood of the modekd
not increase. For e.g. 150 observations and 8500 stategftar d
ent HMMs in both the speech and noise chains the algorithestak
a couple of iterations to converge, which takes several tagan

6.

The mean and variance of the MFCCs of the sum are obtaineda 3.2 GHz PC when implemented in Matlab.

by taking the DCT, so that:

{m} _

iy = Cuis) 11)

and

nimt = (12)

Finally, the likelihood that stat¢:, k) produces observation

o is the value of the normal distributio (o | pi;’?,E%?}}),

Wherepi;”}} andﬁg;”}} are calculated using Equations (3) to (12).
To reduce the computational complexity and increase nwaleri
robustness, we used only diagonal of the resulting covegiama-
trix. In general this does not have significant effect on the r
sults [3].

The method can be extendedrtecomponent GMMs by cal-
culating the distribution for the mixture MFCCs individlyafor
each GMM-component pair of the target and noise, which ane th
summed to yield am?-component GMM of the mixture signal.
Similar formulas can also be derived for delta-MFCCs, belyth
are not presented because of space limitation.

{e} T
czslidc”.

3. Decoding Algorithm

The objective of the decoding algorithm is to find state titaos
paths of the target and noise so that the total likelihoodclvis
the sum of the observation likelihoods and state transipiab-
abilities, is maximized. We assume that the HMMs of the targe
and noise are not necessarily trained with material wheresity
nal levels are equal to those in the mixture signal, so tlegtins

4. Synthesis

To allow post-processing and quality evaluation by listgnia
method for synthesizing the speech and noise signals delyara
was also developed. The synthesis is done by filtering théunaix
signal by a time-varying Wiener filter, which is designedhgsihe
energies predicted by the target and noise chains.

For each frame the filter is designed as follows. Let use @enot
the state of the most likely state transition path in franigy in-
dices(i, k). First, the mean and covariance of the GMMs of speech
state: and noise staté of the original GMMs are used to calcu-
late the mean energy vectqns%i anduiz]} using Equations (3)
to (5).

The power respons#’; of the Wiener filter for the speech at
mel-frequency is given as

Wi{s} _ g{s}p‘z{{j}
g{s}uffj} + g{n}uff};}

(13)

and the Wiener filter for the noise &s- Wi{s}. The filtering can
be implemented by taking the discrete Fourier transformTDF
of the framet, multiplying each bin of the resulting spectrum by
the square root of the power response of the Wiener filterat co
responding mel-band, taking the inverse DFT, and combining
adjacent frames using overlap-add. The method producesispe
signals where the noise is significantly suppressed, anigndis
cant artefacts are introduced on the speech. Audio denatiosts
are available attp://www.cs.tut.fi tuomasv



5. Simulation EXpe”mentS Table 1: Average word recognition rates (%) for differenteh-
To evaluate the performance of the proposed method, thersyst to-noise ratios (SNR), and without noise (clean).

was tested using the material of the speech separatiorengeli SNR  Same speaker Same gender Diff. gender  Avg.
The acoustic material was drawn from the GRID corpus [9]clvhi

consists of six-word sentences where the total number fefrdift %l%%n gg? gg gg ?g
words is 52, spoken by 34 different speakers. In each tesakig 3dB 57 83 82 73
two speakers were mixed at relative levels ranging from -GaB 0dB a4 76 o 65
6 dB, the number of signals per each mixing level being 60@ Th 3dB 36 74 73 60
target of the challenge is to recognize a letter and a digkep by 6dB 25 7 n 61
the speaker who said the word “white”. The identities or &la+ 9dB 16 70 65 60
tive levels of the speakers were not used in the recognitages
5.1. Training

» . . o We also tested the speech HMM alone to recognize clean sig-
Speaker-specific HMMs were trained using similar senteapes nals, and obtained recognition accuracy of 97%. The prapose
ken in isolation. Annotations where the word-level traipsieon factorial HMM method was not allowed to assign zero gains for

and the acoustic signal were aligned [9] were used to segthent  the noise, which decreases its performance in the clearitmond
signals into words. Twenty-four MFCCs were calculated imith

30 ms windows with 50 %, and a HMM per each word per each :

speaker was trained using the Baum-Welch algorithm. The-num 6. Conclusions

ber of states per word was two times the number of phonemes,The proposed factorial HMM produces applicable resultshia t

resulting in between 4 and 10 states per word. To minimize the recognition and separation of speech in the interferencanef

computational complexity, we used single-component GMWs t other speaker. The simulation experiments show that sémara

model the MFCC distributions. of simultaneous speech signals is possible using only thghro
Sentence-level HMMs were built by concatenating the word shape of spectrum parameterized by MFCCs and temporal struc

HMMs. Since the speaker identities were not known, the final ture modeled by HMMs. The applied method for calculating the

HMM for the speech signal was obtained by putting the sestenc MFCCs of the mixture signal is a good alternative for the Wjide

level HMMs of each speaker in parallel. The noise signalhét used max-approximation in factorial HMMs.

simulations were drawn from the same database as the spgech s

nals, and therefore the noise HMM was exactly the same as the 7. References
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