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Peter Jančovič, Münevver Köküe
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Abstract

This paper introduces a novel statistical approach for com-
bination of multiple features, assuming no knowledge about the
identity of the noisy features. In a given set of features, some of
the features may be dominated by noise. The proposed model
deals with the uncertainty about the noisy features by deriving
the joint probability of a subset of features with highest proba-
bilities. The core of the model lies in the determination the num-
ber of features to be included in the feature-subset – this is esti-
mated based on calculating the reliability of each feature, which
is defined as its normalized probability, and evaluating the joint
maximal reliability. For the evaluation, we used the TIDIGITS
database for connected digit recognition. The utterances were
corrupted by various types of additive noise, which resulted
the number and identity of the noisy features varied over time
(or changed suddenly). The experimental results show that the
high-likelihood model achieves recognition performance simi-
lar to the one obtained with a full a-priori knowledge about the
identity of the noisy features.

1. Introduction
Speech signal may be represented by a set of individual features.
A specific case is the sub-band approach [1] [2], in which the
full speech frequency-band is divided into several sub-bands,
each sub-band being represented by an individual feature vector.

In a given set of features, some of the features may be dom-
inated by noise. Ideally, these features should be excluded as
they can be detrimental to the recognition accuracy. This is the
idea of missing feature theory, see e.g. [3] [4]. If an a-priori
knowledge about the noisy features is available, this method
may significantly improve the robustness of speech recognition
system [3]. However, in real world situations, this information
is usually not available. Various methods were studied to iden-
tify the corrupted features; for instance, explicitly measuring
the local signal-to-noise ratio (SNR), or employing the compu-
tational auditory scene analysis, see e.g. [4]. While it may be
possible to estimate accurately the identity of the noisy features
in the case of known or stationary noise, it may prove difficult
(if not impossible) when the noise is unknown or time-varying.
Therefore, an important issue is the formulation of the combi-
nation of features, when there is no knowledge about the noisy
features available.

Recently, several studies have attempted to release the need
for identification of the corrupted features. These include, for
example, the acoustic backing-off model [5] and the probabilis-
tic union model [6]. To eliminate the effect of unknown noisy
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es, in the acoustic backing-off model, the probability dis-
ions are formed as a weighted combination of two distri-
s: one from the training data and another being a uniform

bution to account for possible outliers arising from an un-
n noise. In the probabilistic union model the features are
ined based on the probability theory for the union of ran-
vents.
this paper, we introduce a novel statistical method for ro-

ombination of features, assuming no knowledge about the
features. The core of this model lies in determination of
mber of unreliable features. This is performed by com-

g the reliability of each feature, which is here defined as
rmalized probability, and then evaluation of the maximal
reliability. This method has been introduced in [7], where
employed for model-order selection in the union models.

s paper, we further discuss the statistical properties of such
d feature-reliabilities. Then, we propose a new model that
with the uncertainty about the noisy features by the deriva-
f the maximal joint probability of a feature-subset that

des the estimated number of unreliable features. The pro-
model has a close link to the marginalization approach
missing feature theory. However, unlike the missing fea-
ethod, the high-likelihood model does not require any

ledge about the identity of the noisy features. We present
aluation of the new model on connected digit recognition
rmed on the TIDIGITS database. The utterances were cor-
d by various types of noise: frequency-localized stationary
ime-varying, an abrupt noise, and real-world wide-band
. These resulted in both the number and location of the
pted features varied over time. The experimental results
te that the high-likelihood model based on the reliability

tics can effectively eliminate the corrupted features, while
ring no knowledge about the noise. Indeed, in many cases
cognition performance achieved by the proposed model is
r to the one obtained with full a-priori knowledge about
entity of the noisy features.

2. High-likelihood model for robust
combination of features

ider that data is characterized by a set of N features � �

�� � � � � �� �; for instance, each individual feature �� may
cterize a different sub-band of the entire speech frequency

In recognition, in a given set of features, �, there may
me of the ��’s dominated by noise. We consider speech
nition based on the conditional probability � ����� of fea-
et �, associated with each phonetic class �. First, we define
ature reliability and present an algorithm for estimating



the number of unreliable features. Then, based on this, we dis-
cuss the combination of features.

2.1. Definition of feature reliability

We denote the reliability of a given feature �� at class � by
�������, which is defined here as

������� �
� � ������

����� � ������

����
(1)

where � is dimension of the feature ��, and the exponent serves
as a normalizing factor. The reliability ������� as defined in
Eq. 1 expresses how different the probability of a given feature
�� is from the maximum possible probability. It produces, for
each feature ��, a reliability score within the interval ��� �	, al-
lowing the scores to be consistent across different features.

The value of feature reliability close to 1 reflects a close
similarity between the data and model; while reliability val-
ues approaching 0 mean little similarity between the data and
model. As such, it is reasonable to assume that clean data on the
correct model should produce reliability values which tend to be
close to 1. Interestingly, it can be easily shown that for a feature
�� modeled well by a Gaussian distribution, �
� � �����������
is distributed according to the ����� distribution with � degrees
of freedom. On the other hand, reliabilities of noisy features be-
come on the correct model very small (i.e. approaching zero),
because of the mismatch between the model and data; however,
they may accidentally become high (i.e. close to one) on an
incorrect model.

2.2. Algorithm for estimating the number of unreliable fea-
tures

Given a set of 	 features, we calculate the reliability �������
of each feature �� at each class �. This results in a set of reli-
abilities ��������� � � � � ���� ���� associated with each class �.
Denote the estimated possible number of noisy features by 

and consider the values within �� 	 � �	. With each 
, we as-
sociate a variable ��, which we call the order-reliability. We
define the �� as the geometric average of the maximal joint
reliability of �	 �
� features out of the entire set of 	 fea-
tures. Assuming independence between the ��’s, the �� can
be expressed as

�� �
�

���
������ �����

����� � � � � � ����� ���
� �

���

�
�����
���

���������
� �

���

(2)

where ���������’s are the reliabilities defined in Eq. 1, arranged
in a non-increasing order of magnitude, so that ��������� �
��������� � � � � � ���������.

Assume a situation when there are � features corrupted by
noise. At first, consider 
  �. In this case, the order-reliability
�� produced on the correct model will be much smaller than
the order-reliability obtained on the training (clean) data, be-
cause of including at least one noisy feature reliability in the
product operation. It is also reasonable to assume that as long
as the test data do not resemble closely an incorrect model, as
a result of the product operation, the �� produced on any in-
correct model should also be smaller than the order-reliability
obtained on the training data. For the case 
 � �, the order-
reliability �� on the correct model eliminates � smallest re-
liabilities. Since the small feature-reliabilities on the correct
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l are considered to be the reliabilities of the noisy fea-
then the �� is the multiplication of only the reliabilities
� �� uncorrupted features. Thus the �� should produce

e that is similar to the one obtained on the training (clean)
Note that, when features are modeled by a Gaussian dis-
ion, then for 
 � �, the variable �
 � ������ represents
ean sampling statistics of ����� distribution.
ased on the above discussion, given a set of features, the
d for estimating the number of noisy (i.e. unreliable) fea-
� , may be based on simple comparison of the value of

order-reliability �� and some threshold. Algorithmic de-
ion of this method is depicted in Figure 1. The value of
liability-threshold � can be decided, for example, exper-
ally using the training data, or (if the feature-reliability
butions are known) as some quantile of the mean sampling
tics of feature-reliabilities. In the case when features are
led by mixture of Gaussians, the distribution of feature re-
ities may differ from the ��; however, the expected value
� ������ is approximately still equal to �. Thus, it is

nable to expect that the reliability threshold could be set to
������
� � ��� in any general case.

calculate ������� � feature ��, � classes �
for m=0 .. N-1

��, compute the order-reliability ��
if �� such that its associated �� � �

� = m;
break;

endif
endfor

e 1: An algorithmic description of the order-reliability
d for estimating the number of unreliable features.

ssuming that given a set of features we have estimated
mber of unreliable features, � , the following section dis-

s the combination of the features.

Combination of features

The traditional approach and its problem

there is no noise, the traditional approach defines the
ll conditional probability � ����� of the feature set � as
int probability of all the features (i.e. all the features are
ined by using the “and”(i.e. conjunction) operator �). As-
g independence between the features, the overall proba-
� ����� then equals the product of the individual feature
bilities, i.e.

� ����� � � ��� � �� � � � � � �� ���

�
��
���

� ������ (3)

e model in Eq. 3, if the probability density functions of
dividual features, � ������’s, are trained on clean speech
sed for modeling an utterance with some noisy features,
the corresponding � ������’s for the noisy ��’s will be
y inaccurate – on the correct model � they may become
small, because of the mismatch between the model and
particularly if the noise is strong. This can destroy the
l’s ability to produce a high likelihood for the correct pho-
class.



2.3.2. The high-likelihood model

The high-likelihood model, unlike the above traditional ap-
proach, does not derive the joint probability of all the features,
but only a feature-subset containing �	 ��� features with the
highest likelihood values, where � is the estimated number of
unreliable features. Since the � ������’s of the noisy features
are assumed to be very small on the correct model, this way
we should be able to eliminate the effect of the noisy features.
Assuming the independence between the features, the overall
probability of the feature set � can then be computed as

� ����� � � ����� � ���� � � � � � ���������

�

����
���

� �������� (4)

where � �������� are the feature-probabilities ordered in a non-
increasing order of magnitude. Note that similar equation, root-
ing from the union-probability viewpoint, has also been shown
in [8].

3. Experiments and results
The experiments have been carried out on the TIDIGITS
database. This database contains a total of 6196 test utterances
for speaker-independent connected digit recognition. Each test
utterance contained a string of 2, 3, 4, 5, or 7 digits, respectively.
No advance knowledge of the number of digits in an utterance
was assumed.

The speech signal, sampled at 8 kHz, was divided into
frames of 30 ms, with an overlap of 10 ms between frames.
Both preemphasis and Hamming window were applied to each
frame. For each frame, Mel-scaled filter bank analysis with
35 channels was performed. These filter channels were then
grouped uniformly into 5 non-overlapping sub-band vectors,
DCT was applied within each sub-band, and the first 4 MFCCs
coefficients formed the sub-band feature vector. In order to in-
clude dynamic spectral information, the first-order delta param-
eters were calculated and added as individual features. Thus,
the feature set consisted of 10 feature vectors. The individual
feature probabilities were merged at the frame level. For com-
parison, the experiments were performed with several feature-
combination models: the a-priori model – assuming full a-
priori knowledge about the noisy features and excluding them
from the recognition; the traditional feature-combination model
(Eq. 3); and the proposed high-likelihood model. Additionally,
the first experiments were also performed with the reliability-
based union model, see [7]. The reliability threshold was set
to ��� for all experiments presented. A continuous-observation
left-to-right HMM with 16 states (no skip allowed) was used to
model each digit; a three state HMM was used to model silence
parts of the utterances, from which the middle state was also
used to account for possible short pauses between the digits.
For each state, three Gaussian mixtures with diagonal covari-
ance matrices were used. The training of HMMs was performed
on clean utterances from the training set. For recognition, the
testing set was corrupted by various types of additive noise at
SNR=10dB and SNR=0dB.

3.1. Experiments with partial frequency corruption

First we performed experiments with noises which corrupt a
fixed number of features across the entire utterance. For this,
we used noises composed of some frequency-localized compo-
nents, see [9] for more detailed description. In particular, the
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3.2.

This
corru
-components (bandwidth fixed to 100 Hz) with four dif-
t central frequencies (CF) were chosen: 600 Hz, 900 Hz,
Hz and 1800 Hz. The noise-components with CF 1200 Hz
800 Hz were located within the sub-band 3 and 4, respec-
, thus each resulted only one sub-band corruption. The
s with CF 600 Hz and 900 Hz were located around the
rs of sub-band 2 and 3, thus resulting two bands corrup-
The noises corrupting two and three sub-bands were cre-
y combination of two noise-components. The recogni-

esults for clean speech and noisy speech as a function of
and the number of corrupted sub-bands are presented in
1. We can see that both reliability-based models achieved

ally the same recognition performance, which is signifi-
higher than the traditional approach and is close to the a-
model. Comparing the reliability-based models, the high-

hood model has significantly lower computational com-
y than the union model.

1: Recognition accuracy results for stationary frequency-
zed noises achieved by the a-priori model, traditional
l, and the reliability-based union & high-likelihood model
ast two models equipped with the reliability-based algo-
for estimating the number of noisy features).

Model
R nC reliability-based

B) A-priori Tradit UnionRel HighLik
ean 0 98.1 98.1 98.0 97.9

1 96.4 61.5 95.6 95.5
0 2 96.1 48.7 95.1 95.1

3 95.0 46.6 94.8 94.7
1 92.9 38.7 89.9 89.6

0 2 93.5 22.7 89.1 89.1
3 91.5 16.3 87.8 88.0

ext, we performed experiments when the number of cor-
d features varied throughout the utterance. Specifically,
non-stationary noises with frequency characteristics de-
in Figure 2 were used. The recognition results are pre-

d in Table 2.

Noise1 Noise2 Noise3

Frame−time
0 40 60 80 100 120 20 40 60 80 100 120

10

20

30

20 40 60 80 100 120

10

20

30

e 2: Time-frequency characteristic of a speech utterance
ve five’ corrupted by non-stationary noises used.

2: Recognition accuracy results for noisy speech when
mber of corrupted features varied over time.

Model Non-stat. noise type at SNR 10dB � 0dB
Noise1 Noise2 Noise3

A-priori 94.3 � 90.2 N/A N/A
Tradit 53.8 � 24.5 50.5 � 31.3 44.3 � 21.6

HighLik 92.3 � 83.8 94.3 � 88.1 94.0 � 87.9

Experiments with partial temporal corruption

section presents experiments when the speech signal was
pted by an abrupt partial temporal noise. The white noise



corrupting 40% of the duration of speech signal (the surround-
ing silence parts were not considered) was used. The corrupting
noise was positioned at the beginning, in the middle, and at the
end of the speech signal, respectively. Examples of the noisy
speech data are shown on Figure 3. These experiments were
performed on the isolated part of the database. The recognition
results are presented in Table 3. The results with an a-priori
model were obtained by excluding the noisy frames from recog-
nition. As can be seen from Table 3, the high-likelihood model
can effectively eliminate the effect of a partial temporal noise,
with the recognition results similar to the one obtained by the
a-priori model.

0   125 250 375 500
−0.15

−0.1

−0.05

0

0.05

0.1

0.15

0.2

time [ms] 0   125 250 375 500 0   125 250 375 500 0   125 250 375 500

Figure 3: A clean speech utterance ‘one’ corrupted at 40% of
duration of the speech signal by white noise at the beginning,
middle and end of the utterance, respectively. SNR=-10dB.

Table 3: Recognition results with abrupt partial temporal noises
corrupting 40% of speech signal, at SNR 10dB � 0dB � -10dB,
respectively.

Model Noise position at SNR=10dB, 0dB, -10dB
beg mid end

A-pri 94.9 92.7 89.2 99.4 98.3 93.1 99.5 99.2 98.2
Tradit 85.3 63.4 44.6 95.9 84.0 66.5 97.9 93.8 79.6
HiLik 91.0 85.7 86.9 96.9 93.9 91.7 97.4 96.8 97.1

3.3. Experiments with real-world wide-band noises

Since the sub-band cepstral features used in the previous sec-
tions have shown less robustness against wide-band corruption,
in this section we used the frequency-filtered features, which
were studied in detail in [10]; these features were employed
as presented in [9]. For the experiments, several real-world
wide-band noises from the NOISEX92 database were used.
The recognition results are presented in Table 4. We can see
that the high-likelihood model obtained slightly lower recog-
nition performance in the case of Factory and RailwayStation
noises. However, significantly higher recognition performance
was achieved for Pub and F16 noises, what may be due to their
frequency-localized character.

Table 4: Recognition accuracy results obtained by using the
frequency-filtered features for speech corrupted by real-world
wide-band noises and frequency-localized noises.

Noisy speech SNR=10dB SNR=0dB
type Tradit HighLik Tradit HighLik
Pub 66.9 78.9 37.5 48.4

Factory 84.3 82.2 35.2 32.7
Rail 86.6 85.0 41.3 38.4
F16 55.9 78.1 17.7 31.3

4. Conclusion
In this paper, we introduced a novel statistical approach for
combination of features requiring no knowledge about the iden-
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f the noisy features. Given a set of features, the pro-
high-likelihood model deals with the uncertainty about

oisy features by deriving the joint probability of a sub-
features with the highest probabilities. The core of the

l lies in the determination of the number of features to be
ed in the feature-subset. This was based on the statis-
f feature-reliabilities, which were defined as their nor-
ed probabilities. The experiments were performed on the

ITS connected digit database corrupted by various types
ditive noise, with unknown stationary, time-varying or
t characteristics, which resulted the number and identity

noisy features varied over time. The experimental re-
showed that the high-reliability model can achieve recog-

performance similar to the one obtained with a full a-
knowledge about the identity of the corrupted features.
this paper we have assumed no information about the

/noise characteristics. However, note that some pre-
ssing noise-reduction techniques, such as Wiener filtering,
e applied to reduce the effect of stationary noise corruption
e applying the reliability-based high-likelihood model.
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P. Jančovič and J. Ming, “A multi-band approach based
on the probabilistic union model and frequency-filtering
features for robust speech recognition,” Eurospeech, Aal-
borg, Denmark, pp. 1111–1114, 2001.

C. Nadeu, D. Macho, and J. Hernando, “Time and fre-
quency filtering of filter-bank energies for robust HMM
speech recognition,” Speech Communication, vol. 34, pp.
93–114, 2001.


	Previous View
	New Search
	Next Search Hit
	Previous Search Hit
	Search Results

	headREa1: EUROSPEECH 2003 - GENEVA
	pagenumber2161: 2161
	headREa2: EUROSPEECH 2003 - GENEVA
	Radio: 
	pagenumber2162: 2162
	headREa3: EUROSPEECH 2003 - GENEVA
	pagenumber2163: 2163
	headREa4: EUROSPEECH 2003 - GENEVA
	pagenumber2164: 2164


