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ABSTRACT

This paper proposes a hidden Markov model (HMM)-based speech
enhancement method, aiming at reducing non-stationary noise from
speech signals. The system is based on the assumption that the
speech and the noise are additive and uncorrelated. Cepstral fea-
tures are used to extract statistical information from both the speech
and the noise. A priori statistical information is collected from
long training sequences into ergodic hidden Markov models. Given
the ergodic models for the speech and the noise a compensated
model is created by means of parallel model combination, using
a log-normal approximation. During compensation, the mean of
every mixture in the speech and noise model is stored. The stored
means are then used in the enhancement process to create the most
likely speech and noise power spectral distributions using the for-
ward algorithm combined with mixture probability. The distribu-
tions are used to generate an optimal linear Wiener filter for every
observation. An evaluation of the speech enhancer working in a
non-stationary noise environment is performed.

1. INTRODUCTION

Speech separation from noise, given a-priori information, can be
viewed as a subspace estimation problem. Some conventional
speech enhancement methods are spectral subtraction [1], Wiener
filtering [2], blind signal separation [3] and hidden Markov mod-
elling [4]. Hidden Markov model (HMM) based methods uses a-
priori information about both the speech and the noise [4].

HMM based speech enhancement techniques are related to
the problem of performing speech recognition in noisy environ-
ments [5, 6]. Some paper propose HMM speech enhancement
technique applied to stationary noise sources [4, 7]. The com-
mon factor for these problems is to use parallel model combination
(PMC) to create a HMM from other HMMs. There are several pos-
sibilities to accomplish PMC including Jacobian adaptation, fast
PMC, PCA-PMC, log-add approximation, log-normal approxima-
tion, numerical integration and weighted PMC [5, 6]. The features
used in the HMM training phase can be chosen in different man-
ners. However, the cepstral features has dominated the field of
speech recognition and speech enhancement [8]. This is due to
that the covariance matrix, which is a significant parameter in a
HMM, is closely diagonal for cepstral features of speech signals.

In general the whole input-space, with the dimension deter-
mined by the length of the feature vectors, contains the speech and
noise subspaces. The speech subspace should contain all possi-
ble sound vectors from all possible speakers. This is of course

not applicable, and the approximated subspace is found by means
of training samples from various speakers and by averaging over
similar speech vectors. In the same manner the noise subspace is
approximated from training samples. In non-stationary noise en-
vironments the noise subspace complexity increases compared to
a stationary subspace, hence a larger noise HMM is needed. After
reduction it is desired to obtain only the speech subspace.

The method proposed in this paper is based on the log-normal
approximation, which adjusts the mean vector and the covariance
matrix. Cepstral features and diagonal covariance matrices are
used. The removal of the noise is performed by employing a time
dependent linear Wiener filter, continuously adapted such as that
the most likely speech and noise vector is found from the a-priori
information. Two separate hidden Markov models are used to pa-
rameterize the speech and noise source. The algorithm is opti-
mized for finding only the speech component in the noisy signal.
The ability to reduce non-stationary noise sources is investigated.

2. FEATURES EXTRACTED FROM SIGNALS

The signal of concern in this paper is a discrete time noisy speech
signal x(n), found from the corresponding correctly band limited
and sampled continuous signal. It is assumed that the noisy speech
signal

x(n) = s(n) + w(n) (1)

consists of speech and additive noise, where s(n) is the speech
signal and w(n) the noise signal.

The signals will be divided into overlapping blocks of length
L and windowed. The blocks will be denoted

xtime
t = stime

t + wtime
t , ∈ R

L (2)

where t is the block index and time denotes the domain. Note that
the additive property still holds after these operations.

These blocks will further be represented in the linear power
spectral domain as

xlin
t = |Fxtime

t |2, ∈ R
D (3)

where F ∈ R
D×L is the discrete Fourier transform matrix and

D = L/2 + 1, due to the symmetry of the Fourier transform of
a real valued signal. Further, | · | denotes absolute value and lin
denotes the linear power spectral domain. In the same manner
are xlin

t and wlin
t defined. Hence the noisy speech in linear power

spectral domain will be found as



xlin
t = slin

t + wlin
t + 2 cos (θ)

√
diag

(
slin

t

) · wlin
t (4)

where θ is a vector of angles between the individual elements in
Fstime

t and Fwtime
t . The cosine for these angles can be found as

cos (θ) = diag

(
diag

(
�
{

diag
(
Fstime

t

)
·
(
Fwtime

t

)∗})
·

diag
(
diag

(∣∣∣Fstime
t

∣∣∣) ·
∣∣∣Fwtime

t

∣∣∣)−1
)

(5)

The speech and the noise signal are assumed to be uncorre-
lated. Hence the cross term in (4) is ignored, and the following
approximation is used

xlin
t = slin

t + wlin
t , ∈ R

D (6)

Further, the power spectral domain will be transformed into
the log spectral domain

xlog
t = log

(
xlin

t

)
, ∈ R

D (7)

where the natural logarithm is assumed throughout this paper
and log denotes the log spectral domain. The same operations are
also applied for the speech and the noise. Finally the log spectral
domain is changed to the cepstral domain

xcep
t = Cxlog

t , ∈ R
D (8)

where C ∈ R
D×D is the discrete cosine transform matrix defined

as

Cij =



√

1
M

cos ((i − 1) (j − 0.5) π/D) if i = 1√
2
M

cos ((i − 1) (j − 0.5) π/D) otherwise
(9)

and cep denotes the cepstral domain.

3. ERGODIC HMMS FOR SPEECH AND NOISE

Essential for model based speech enhancement approaches is to
get reliable models for the speech and/or the noise. The models
are found by means of training samples, which are processed to
feature vectors in the cepstral domain, as described in previous
section. These feature vectors, also called observation vectors in
HMM nomenclature, are used for training of the models. This
paper uses k-means clustering algorithm [9], with Euclidian dis-
tance between feature vectors, to create the initial parameters for
the iterative expectation maximation (EM) algorithm [10]. Since
ergodic models are wanted, the clustering algorithm divides the
observation vectors into states. The observation vectors are fur-
ther divided into mixtures using the same clustering algorithm on
the vectors belonging to each individual state. Using these initial
segmentation of vectors, the EM algorithm is applied and the pa-
rameters for the HMM are found. The model parameter set for an
HMM with N states and M mixtures is

λ = (π,A,B) (10)

where π = {πi} contains the initial state probabilities, A =
{aij} the state transitions probabilities and B = {bj} = {cjk, bjk} ={
cjk, µjk,Σjk

}
the parameters for the weighted continuous mul-

tidimensional Gaussian functions for state j and mixture k. For an

observation, ot, the continuous multidimensional Gaussian func-
tion for state j and mixture k, bjk(ot), is found as

bjk(ot) =
1

(2π)D/2|Σjk|1/2
e
−1

2

(
ot − µjk

)T
Σ−1

jk

(
ot − µjk

)
(11)

where D is the dimension of the observation vector, µjk is the
mean vector and Σjk is the covariance matrix. The covariance
matrix is in this paper chosen to be diagonal, in this way the num-
ber of parameters in the model is reduced and the computable cost
of the matrix inversion is avoided. The weighted multidimensional
Gaussian function, bj , is defined as

bj(ot) =
M∑

k=1

cjkbjk(ot), j = 1, 2, . . . , N (12)

where cjk is the mixture weight.

4. ERGODIC HMM FOR NOISY SPEECH USING PMC

Given the models found for speech and noise, a noisy speech model
can be found by PMC. Let λs and λw be the model parameters for
the speech and the noise HMM respectively, then the noisy speech
model can be found as

λx = λs ⊗ λw (13)

where ⊗ denotes the operations needed to create the composite
model. This paper uses a non-iterative model combination and
log-normal approximation to create the composite model. The pa-
rameters for the noisy speech HMM will therefore be found as
follows. The compensation operation for the initial state is found
as

x
π[iu]=

s
πi · w

πu (14)

In the same manner the transition probabilities, is found as

x
a[iu][jv]=

s
aij · w

auv (15)

where the state [iu] represents the noisy speech state found by
clean speech state i and the noisy state u, and similar for [jv].

The compensated mixture weights are found as

x
c[jv][kl]=

s
cjk · w

cvl (16)

where [kl] is the noisy speech mixture given the clean speech mix-
ture k and the noise mixture l.

Since the models are trained in the cepstral domain the mean
vector and the covariance matrix are also in cepstral domain, hence
the mean vector and the covariance matrix in (11) are in cepstral
domain. Since the uncorrelated noise is additive only in the linear
spectral domain, transformations of the multivariate Gaussian dis-
tribution is needed. These transformations are applied for both the
clean speech model and the noise model. The first step is to trans-
form the mean vectors and the covariance matrices from cepstral
domain to log spectral domain (the indices for state j and mixture
k are dropped for simplicity)

µlog = C−1µcep

Σlog = C−1Σcep
(
C−1

)T
.

(17)
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Fig. 1. Overview of the enhancement process

This is the standard procedure for linear transformation of a
multivariate Gaussian variable. The next transformation defines
the relationship between the log spectral domain and the linear
spectral domain for a multivariate Gaussian variable [6]

µlin
m = eµlog

m+Σlog
mm/2

Σlin
mn = µlin

mµlin
n

(
eΣlog

mn − 1
) (18)

where m and n are indices in the mean vector and the Gaussian
covariance matrix for state j and mixture k. Now the parameters
for the clean speech and the noise are found in the linear spectral
domain. The mean vectors for the speech and the noise in linear
spectral domain are stored to be used in the enhancement process.
In the linear spectral domain the observations are log-normal dis-
tributed. Given the assumption that the sum of two log-normal
distributed variables also is log-normal distributed the distorted
speech parameters are found as

x
µlin =

s
µlin + g

w
µlin

x

Σlin =
s

Σlin + g2
w

Σlin
(19)

where g is a gain term introduced for signal to noise dissimilar-
ities between training and enhancement environment. The noise
parameters should now be inverse transformed to the cepstral do-
main. This is done by first inverting (18)

x
µlog

m = log
(

x
µlin

m

)
− 1

2
log


 x

Σ
lin
mm(

x
µlin

m

)2 + 1




x

Σ
log
mn = log

(
x
Σ

lin
mn

x
µlin

m·xµlin
n

+ 1

) (20)

and to get from log spectral domain to cepstral domain, by
reverse operation of (17)

x
µcep = C

x
µlog

x

Σcep = C
x

ΣlogCT
(21)

hence all parameters are found for the compensated model.

5. CLEAN SPEECH SIGNAL ESTIMATION

The enhancement process, see Fig. 1, uses information gained
from training of speech and noise models to estimate the clean
speech signal. The information needed are the stored mean vec-
tors in linear spectral domain,

s
µ lin

jk and
w
µ lin

jk, for the speech and
the noise respectively. Also needed are the compensated model,
λx and the gain difference, g, between training and enhancement
environment.

The stored mean vectors are first restored from length D to the
full block length, L. Hence two new vectors are found to represent
clean speech and noise vectors for every state j and mixture k:

s

P m =

{ s
µlin

m if m ≤ D
s
µlin

(2D−m) otherwise

w

P m =

{ w
µlin

m if m ≤ D
w
µlin

(2D−m) otherwise

(22)

where m = 1 . . . L is the index in the full length vector, this can
be viewed as an unfolding operation of the result from (3). The

found vectors,
s

Pjk and
w

Pjk, are the prototypes for power spectral
densities of clean speech and noise respectively.

Given the compensated model the scaled forward variable,
α̂t(j), can be found by the scaled forward algorithm [10]. The
scaled forward variable yields the probability vector for being in
state j for an observation at time t. Given the scaled variable and
the mixture weights, it is possible to find the probability of being
in state j and mixture k at observation time t. This probability,
here denoted ϑ̂t(j, k), is found as

ϑ̂t(j, k) = α̂t(j) · cjk (23)

where cjk, in this case, are the mixture weights for the compen-
sated model.

With this probability and the spectral prototypes, the most
probable, according to the models, clean speech vector and noise



vectors at observation time t can be found by calculating the aver-
age for all states and mixtures

s

Pa
t =

N∑
j=1

M∑
k=1

ϑ̂t(j, k)
s

P
a/2
jk

w

Pa
t =

N∑
j=1

M∑
k=1

ϑ̂t(j, k)
w

P
a/2
jk

(24)

where a determines if magnitude (a = 1) or power spectrum (a =
2) should be applied. Given the most likely clean speech and noise
vector, a linear Wiener filter is created

Ht =




s

Pa
t

s

Pa
t + g

w

Pa
t




1
a

(25)

This filtering vector can also be limited with a noise reduction
limit, Hfloor , in this way it is possible to control the amount of
noise reduction. This limit is in the interval [0, 1], but is more
conveniently expressed in the dB scale, and the limits are found as
[−∞, 0] in the dB scale. This floor is applied for the filter vector
at every observation time

Hm =

{
Hm if Hm > Hfloor

Hfloor otherwise
(26)

where m = 1 . . . L is the index in the full length filter at observa-
tion time t.

The filter is now applied to the L-point fast Fourier transform,
FFTL, for xtime

t . After filtering, the inverse fast Fourier trans-
form, IFFTL, is applied to the filtered result; hence the following
operation is performed

ytime
t = IFFTL

{
FFTL

{
xtime

t

}
Ht

}
(27)

Given these filtered blocks, the discrete time enhanced speech
signal, y(n), is reconstructed using overlap-add.

6. EXPERIMENTAL RESULTS

In this section the proposed speech enhancer is evaluated on both
stationary and non-stationary noise. During the training phase the
speech and the noise signals were divided and windowed (Ham-
ming) into 50% overlapping blocks of 64 samples. The ergodic
speech model used was trained on all sentences from district one
in the TIMIT database [11] (380 sentences from both female and
male speakers sampled at the rate 16 kHz). The speech model
consists of N = 5 states and M = 5 mixtures.

The stationary noise is recorded in a car, and is modelled by
N = 1 state and M = 1 mixture.

The non-stationary noise source is a machine gun noise from
NOISEX-92 database [12]. This noise was modelled with N = 3
states and M = 2 mixtures.

Given these models (after training) the enhancement was per-
formed using a = 1, i.e. a filter created in the magnitude do-
main with the noise reduction limit set to Hfloor = −24 dB. The
speech signals during enhancement was selected from the testing
set of the TIMIT database. Note, the evaluation sentences set was
not included in the training phase.

The speech enhancer evaluation of stationary noise contami-
nated speech can be found in Fig. 2. In this particular case the
signal to noise ratio was improved from -5 dB to 10.8 dB. The
signal to noise ratio was calculated for the whole sequence.

The result of reducing such a powerful intermittent noise source,
such as machine gun noise, can be found in Fig. 3. In the non-
stationary noise source case, the signal to noise ratio was calcu-
lated for the whole sequence. The calculated SNR before and after
was -5 dB and 9.3 dB, respectively.
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Fig. 2. Clean speech - s(n), car noise - w(n), noisy speech - x(n)
and enhanced speech - y(n) using proposed method.
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Fig. 3. Clean speech - s(n), machine gun noise - w(n), noisy
speech - x(n) and enhanced speech - y(n) using proposed method.

7. CONCLUSIONS

This paper presents a cepstral-domain HMM-based speech enhance-
ment method. The method is based on a-priori information gained
from both the speech and the noise source. Given the a-priori in-
formation, collected in ergodic HMMs, a state dependent Wiener
filter is created at every observation. Parameters for the Wiener
filter can be chosen to control the filtering process.

The proposed speech enhancer is is able to reduce non-stationary
noise sources. In enhancement problems, where speech is de-
graded by an impulsive noise source, such as a machine gun noise,
the proposed speech enhancer is found to substantially reduce the
influence of the noise.
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