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Abstract

Robust speech recognition via hidden Markov model-

ing of spectral vectors is studied in this paper. The hid-

den Markov model (HMM) mixture components are as-

sumed complex Gaussian with zero mean, diagonal co-

variance, and with incorporating an unknown scalar gain

term. The gain term is associated with each spectral vec-

tor and it models the varying energy of speech signals. It

is estimated by applying the maximum likelihood (ML)

criterion. On an isolated digit database, in clean condi-

tions, the spectral modeling with ML gain estimation ap-

proach achieved similar performance to cepstral modeling

of speech.

Two additive noise compensation approaches for the

spectral modeling scheme are also considered. The �rst

approach requires a full noise HMM. This HMM is com-

bined with the clean speech HMM to yield a noisy speech

HMM. The second approach requires only the spectral

shape of the noise. A term dependent on the spectral

shape, together with an unknown magnitude term, is in-

corporated into the clean speech HMM to yield a noisy

speech HMM. The unknown magnitude of the noise is es-

timated via the ML criterion. The performance of these

two approaches for isolated digit recognition in noise is

demonstrated and compared to a robust cepstral model-

ing approach from the literature.

I. Introduction

As the e�ects of additive noise on cepstral coe�cients

are di�cult to quantify, speech recognition in noise us-

ing this approach often yields poor performance. In this

work we model spectral components rather than cepstral

components. This has the advantage that the e�ects of

noise on the speech spectral components may be quanti�ed

in some cases. For noise additive to and independent of

the speech waveform, the spectral magnitude of the noisy

speech is given by the addition of the spectral magnitude

of the clean speech with that of the noise. The modeling

of spectral components for speech recognition has a long

history. Prior to the introduction of cepstral coe�cients

it was the dominant approach for speech recognition, see

e.g. [1]. However we know of no previous speech recog-

nition techniques based upon explicitly modeling spectral

coe�cients by HMM's with complex Gaussian probability

density functions (pdfs), an intuitively appealing choice for

the pdf and one justi�able under appropriate conditions

[2]. Modeling spectral coe�cients using complex Gaus-

sians, without their incorporation within the HMM, has

been performed previously for other applications. In [2]

minimum mean squared error estimates of clean speech

spectral components are obtained by modeling the noisy

speech components with complex Gaussians pdfs. In [3]

the same model is used to derive second order statistics of

cepstral coe�cients.

For speech recognition purposes, only the magnitude of

the spectral components needs to be kept as the likelihood

of zero mean complex Gaussian random variables depends

only on the magnitude of the variables, and not on their

phase. The approach is thus mathematically similar to

the time-domain modeling using circulant covariances pre-

sented in [4]. The spectral vectors may be obtained using

any appropriate spectral estimation techniques. In this

study we used a smoothed periodogram spectral estima-

tor. We found it desirable to use a subband of the spec-

tral magnitude components. The choice of the subband

was made on heuristic grounds and its optimal choice is

outside the scope of this paper. Reference [5] investigates

subband based speech recognition in greater detail.

In modeling spectral vectors we need to revisit two prob-

lems that are readily addressed in cepstral based systems:

compensation for the unknown gain of speech signals and

compensation for unknown channels. In cepstral based

systems, the �rst problem may be addressed via exclusion

of the zeroth cepstral coe�cient and the second problem

via, for example, cepstral mean subtraction. In this work

we model the gain by incorporating an unknown scalar

term in the mixture component's pdf. The scalar gain is

then estimated by applying the ML criterion. A closed

form solution results for the gain in the clean case and an

expectation-maximization (EM) based iterative solution is

required in the noisy case. The problem of compensation

for unknown communication channels is not addressed in

this work but it should be noted that this problem does

not arise in all applications, e.g. it does not arise when
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the communication channel remains constant during test-

ing and training.

Considering a single mixture component for a particu-

lar state of the HMM, the gain compensated pdf of a K-

dimensional complex spectral vector Yt of unknown scalar

gain gt is given by

p(Ytjgt) =
1

�Kg2Kt
QK

k=1
�(k)

exp

 
�

KX
k=1

jYt(k)j
2

g2t�(k)

!
(1)

where �(k) is the variance of the kth speech spectral com-

ponent. This pdf is derived by considering a complex

Gaussian spectral vector that has been multiplied by the

scalar gt to produce Yt. Note that the notation in (1) does

not identify the particular state and mixture component.

We continue to use this simpli�ed notation and present

the mathematics in terms of complex Gaussian pdf's only

rather than presenting the mathematics of the HMM in

its full generality. This is because estimation of HMM ini-

tial state probabilities, mixture weights, state transition

probabilities, and state sequences may be performed in

the standard manner using Baum or Viterbi decoding.

In the next section we present the algorithms for train-

ing the model based upon (1) in clean conditions. In sec-

tion III we present equations for recognition in clean and

noisy environments. In section IV we discuss the imple-

mentation and results on an isolated digit experiment.

II. Training

Training the HMM involves estimation of the f�(k)g for
each state and mixture from the T vectors that have been

assigned to that state and mixture. Given the state and

mixture component, the spectral vectors are, as is usually

done, assumed to be independent. Thus the pdf of the T

vectors is given by
QT

t=1
p(Ytjgt). The end-product of the

training procedure is the ML estimate of f�(k)gKk=1. This

estimate requires estimates of the gains gt; t = 1; : : : ; T ,

and estimates of the gains can only be obtained given an

estimate of f�(k)g. Thus training consists of alternate

f�(k)g and gain estimation. The estimates of gt repre-

sent the gains of the individual spectral vectors rather

than estimates of the underlying speech model and they

are discarded once the estimation of f�(k)g has been ac-

complished. By taking the logarithm of the pdf of the

T vectors that have been assigned to a particular state

and mixture component, and setting the derivative with

respect to gt to zero, the ML estimate of g2t , for a given

f�(k)g is found to be

g
2
t =

1

K

KX
k=1

jYt(k)j
2

�(k)
: (2)

For given values of gt; t = 1; : : : ; T , the ML estimate of the

f�(k)g may be obtained in a similar manner and is given

by

�(k) =
1

T

TX
t=1

jYt(k)j
2

g2t
: (3)

Thus for each state and mixture of the HMM, an iterative

training process is required which yields the estimates of

the f�(k)gKk=1. These iterations are ceased once conver-

gence of the estimates has occurred.

III. Recognition

Recognition involves calculating the likelihood for each

spectral vector for each HMM Gaussian mixture compo-

nent. In both clean and noisy cases the ML gain estimate

is substituted into the likelihood equation. In the clean

case, the ML gain estimate is available in closed form and

likelihood calculation is thus a simple non iterative pro-

cedure. In the noisy case, the ML gain estimation must

be performed iteratively. We emphasize again that the

expression given in terms of single Gaussian components

may be readily embedded in either Baum or Viterbi style

decoding.

A. Recognition in clean conditions

In clean conditions, we must calculate a likelihood of

the form in (1) for each spectral vector Yt for each Gaus-

sian mixture component. In contrast to the training case,

the f�(k)g are now all known. We use the ML estimate of

gt given by (2) in (1). Thus the likelihood calculation, in

clean conditions, is not iterative. Substitution of the ML

gain estimate (2) into the mixture state pdf (1), yields the

following expression for the log likelihood in clean condi-

tions for a particular state and mixture component within

the HMM

P (Yt) =
KK exp(�K)

�K
�PK

k=1

jYt(k)j2

�(k)

�QK

k=1
�(k)

: (4)

Generally the log likelihood is used and (4) may be sim-

pli�ed by dropping constant terms.

For recognition in noise we model the noise spectral

components in that same manner as the speech spec-

tral components, i.e. as uncorrelated complex Gaussian

random variables. We consider two noise compensation

schemes. The �rst requires a trained HMM for the noise,

where as the second requires only the gross spectral shape

of the noise.

B. Recognition in additive noise given a noise HMM

Here we consider the additive noise to be an HMM

whose parameters have been obtained from training data.

The model for the noisy speech spectral components is

obtained by the convolution of the noise HMM with the

clean speech HMM. The result is also an a HMM [6] with

a number of states equal to the product of the number of

states of the two HMM's. The number of mixtures per

state of the noisy HMM is equal to the product of the

number of mixtures per state of the two HMM's [6]. For

the noisy spectral components Zt, each Gaussian mixture

components of the noisy speech HMM is thus of the form

p(Ztjgt) =
1

�K
QK

k=1
(g2t�(k) + �2(k))

� exp

�
�

jZt(k)j
2

g2t�(k) + �2(k)

�
(5)

where f�(k)2g represent spectral energies from a partic-

ular state and mixture of the noise HMM. Unlike in the

clean case, there is no closed form expression for the max-

imizing gain of (5). We now develop an iterative solution



using the EM algorithm. In the EM approach we calcu-

late a new estimate ĝt given the observed data Zt and the

old estimate g0
t. This is done using the following standard

expression of the auxiliary function of the EM:

ĝt = argmax
gt

Eflog p(Zt; Ytjgt)jZt; g
0
tg

= argmax
gt

Eflog [p(ZtjYt)p(Ytjgt)] jZt; g
0
tg

= argmax
gt

Eflog p(Ytjgt)jZt; g
0
tg: (6)

Substituting the expression for p(Ytjgt) from (1)

ĝt = argmax
gt

�
�K log(g

2
t )

�
1

gt

KX
k=1

EfjYt(k)j
2jZt; g

0
t)g

�(k)

)
(7)

Di�erentiating and setting the result to zero yields

ĝt =
1

K

KX
k=1

EfjYt(k)j
2jZt(k); g

0
tg

�(k)

=
1

K

KX
k=1

�2(k)Wt(k) +Wt(k)
2jZt(k)j

2

�(k)
(8)

where Wt(k) = g02
t �(k)=(g

02
t �(k) + �2(k)). Equation

(8) was obtained using the complex normal (CN ) con-

ditional distribution p(Yt(k)jZt(k); gt) � CN [Wt(k)Zt(k);

�2(k)Wt(k)]. A similar equation was derived in [6] for

noisy auto-regressive gain estimation. Once the gain term

has been estimated via (8) it is used in (5) to calculate the

likelihood for each state and mixture component.

C. Recognition given the additive noise spectral shape

For the second noisy recognition scheme, we require

knowledge of only the overall spectral shape of the noise,

e.g. white, low-pass etc, rather than a full noise HMM.

We assume that the noisy speech is modeled by the clean

speech HMM with the addition of a noise variance term to

the spectral variances associated with each state and mix-

ture component. This noise term is given by the known

noise spectral shape multiplied by an unknown noise gain

term. Thus the pdf for a particular state and mixture of

the the noisy speech HMM is of the following form

p(Ztjnt; gt) =
1

�K
QK

k=1
g2t�(k) + ntN(k)

� exp

�
�

jZt(k)j
2

g2t�(k) + ntN(k)

�
(9)

where nt is the unknown noise gain and the fN(k)g rep-

resent the known spectral shape of the noise. Both the

noise and speech gains are now estimated by the EM. The

EM iterations for the speech gain are performed using (8)

where the �2(k) terms in that equation are replaced by

ntN(k). The nt term is estimated using

n̂t = argmax
nt

Eflog p(Zt; Ytjgt)jZt; n
0
tg

= argmax
nt

Eflog [p(ZtjYt)p(Ytjgt)] jZt; n
0
tg

= argmax
nt

Eflog p(ZtjYt)jZt; n
0
tg (10)

where n0
t is the current estimate of the noise energy. The

distribution p(ZtjYt) is given by

p(ZtjYt) =
1

�KnKt
QK

k=1
N(k)

� exp

 
�

KX
k=1

jZt(k)� Yt(k)j
2

ntN(k)

!
(11)

Thus the n̂t term is calculated by the following

n̂t =
1PK

k=1
N(k)

KX
k=1

1

N(k)

�
jZt(k)j

2
(1 � 2Wt(k))

+�
2
tWt(k) +Wt(k)

2jZt(k)j
2
�

(12)

where Wt(k) = g2t�(k)=(g
2
t�(k) + n0

tN(k)). Estimation of

the gt and nt proceeds in turn for each spectral vector

for each mixture component density. The estimation is

halted once the di�erence in likelihood between successive

iterations is su�ciently small.

In this approach the noise gain is estimated on-line and

this estimate is free to track a noise energy that is evolving

with time. This could be an important feature in some

applications.

IV. Implementation and Results

The performance of the spectral model was tested in

clean and noisy conditions on an isolated digit recognition

using the TI digits corpus. Full details of the corpus are

available in [7]. We used the portion of the corpus con-

sisting of two utterances per digit from 112 male speakers.

The training set consisted of the two utterances from 66

of these speakers and the testing data consisted of the two

utterances from the remaining 56 speakers. The speech

signal, originally sampled at 20kHz, was down-sampled to

8kHz.

All experiments were conducted using left to right (LR)

HMM's. Each digit HMM had 10 states and each state

consisted of 2 complex Gaussian components. The vector

dimension was K = 100. The initial estimate of param-

eter set was obtained from uniform segmentation of the

training set into 10 intervals.

Pre-processing the speech signal consisted of estimating

the spectral coe�cients using the smoothed periodogram

described in [3]. We did not keep all the spectral com-

ponents form the spectral estimate. Rather we kept only

those spectral components corresponding to the center fre-

quencies of the MEL band, as given in [8]. This pro-

duced slightly superior performance to keeping all fre-

quency components but we do not investigate this matter

further in this work.

The techniques was tested using additive white Gaus-

sian noise although the techniques may be applied to more

complicated noise models. The use of white Gaussian noise

allows comparison with noise robust cepstral based tech-

niques from the literature that also used the TI corpus.

We tested both of the recognition in noise techniques.

In the �rst method, an estimate of the noise variance was

obtained from silence portions of the test utterance. In

the second method the noise variance is estimated in a



Technique SNR (dB)

Inf 30 25 20 15 10 5 0

Known noise HMM 98.6 98.4 98.1 97.4 96.2 94.7 92.6 89.9

Known noise spectral shape 98.4 97.5 96.5 94.6 91.1 85.6 - -

Robust Cepstral [3] 98.8 98.0 97.2 96.4 94.4 88.9 - -

TABLE I

Performance of systems in clean and noisy environments

ML manner for each speech vector thus a previous noise

estimate energy estimate is not required. We did how-

ever assume a at power spectral density for this method.

As mentioned earlier this allows this approach to adapt

to changing noise conditions although this feature is not

being tested in this experiment.

The database and all of the experimental conditions out-

lined above except for the vector length K are the same

as those used to test the robust cepstral based system

presented in [3] and we compare our results to those pre-

sented in [3]. In [3], a spectral estimation scheme involving

frames of length 256 together with the frames either side,

was employed. Frame overlapping was also used.

For clean signals, the spectral modeling approach pro-

vided comparative performance to the cepstral technique

of [3]. In noise, the spectral modeling technique using

a noise HMM produced the best performance. Using an

explicit noise model produced better performance than es-

timation the noise model on-line. Clearly the former tech-

nique is critically dependent on the quality of the noise

HMM. As the noise for this experiment was relatively sim-

ple and easily estimated it would be expected that the

noise model would be of good quality. In more di�cult

situations, or when it is impossible to estimate the full

statistics of the noise model, the on-line estimation of the

noise parameters would be expected to be a better tech-

nique. The robust cepstral model performed better than

the on-line noise estimation scheme. However the former

technique is only applicable to white noise and the noise

energy must be estimate from silence portions. Thus it

will not track evolving noise powers.

In the �rst technique using a noise HMM we found that

the number of iterations required for convergence of the

gain estimate varied with the SNR ratio. At 30dB an av-

erage of 5 iterations were required, at 10 dB an average

of 30 iterations were required for e�ective gain estima-

tion. This was also true for the second technique but the

number of iterations required was approximately 5 times

those required for the �rst technique. Intuitively extra

iterations are required as more parameters are being esti-

mated. However there are potentially fewer states in this

noisy signal model.

V. Conclusion

We have demonstrated robust speech recognition using

spectral vectors rather than using cepstral vectors as in

common use. The approach was tested only on an isolated

digit problem. On this task we compared the performance

to a robust cepstral technique. The test was on a isolated

digits and using only additive white Gaussian noise. The

technique may be applied to noise modeled by a HMM

or to noise whose spectral shape is known. In the latter

case the system will estimate the energy of the noise in

an on-line manner allowing it to track time evolving noise

energy. The experiment in this paper did not test this

feature. Possible extensions to this work could involve

the incorporation of a constant multiplicative term in the

model to handle channel conditions and testing on more

di�cult data and noise.
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