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ABSTRACT
Missing feature theory (MFT) has been proposed as a solu-
tion for robust speech recognition. It improves robustness of
speech recognition systems by either ignoring or compen-
sating the unreliable components of feature vectors corrupted
mainly by band-limited background noise. Since the local
corruption often occurs in the frequency domain and it is
smeared by the Discrete Cosine Transform (DCT) used to
obtain cepstral features, algorithms utilizing the missing fea-
ture theory are usually restricted to spectral features. In many
cases cepstral features might be preferable. In this paper, we
propose a new missing feature approach (CWMFA) based on
confidence analysis of feature vector and successfully apply
it on cepstral features. In the new approach, probabilities of
feature vector components are weighted with its confidence
in logarithmic domain. Experimental results show that the
proposed approach can manifestly improve robustness of
speech recognition systems.

1. INTRODUCTION

Speech recognition systems perform poorly when the speech
being recognized has been corrupted by noise. Missing Fea-
ture Approach (MFA) based on MFT has been proposed as
an alternative solution for band-limited background noise
environment [1-6]. It improves the speech recognition ro-
bustness significantly in recent works. It supposes that cor-
ruption by noise varies in different frequency subband. In the
most straightforward approach, which is called marginaliza-
tion, the summation (or integration) is performed over the
difference of the reliable feature and model vector compo-
nents, while ignoring the unreliable ones. An overview of
MFA is given in [6].
Standard MFA classifies the speech feature vector compo-
nents into reliable and unreliable groups roughly. It does not
sufficiently utilize the noise information because of the bi-
nary classification. Moreover, MFA in general suffer from
the need to perform the operations in the feature vector do-
main, which is not necessarily where the corruption of the
data takes place. For example, band-limited noise in the fre-
quency domain is smeared by the discrete cosine transform
used to obtain widely used cepstral feature vectors. This has
precluded the use of cepstral feature vectors with the MFA.

In this paper, we propose a new missing feature approach
based on confidence analysis of speech feature, which is
called Confidence Weighting Missing Feature Approach
(CWMFA). It estimates the confidence of each feature vector
component, sums up all the weighted output probabilities of
feature vector components in logarithmic domain, and uses
the sum as the likelihood score in the final recognition. This
approach manages the reliable and unreliable components
under a uniform framework, and describes the effect of noise
in a more precise way. Moreover, the new approach can be
easily implemented in cepstral domain. Experimental results
show that CWMFA could improve the recognition accuracy
significantly in adverse environment, including stationary
and non-stationary noise environments.
The paper is organized in the following. We first present
basic CWMFA algorithm which is based on spectral subband
confidence analysis, and how it relates to missing feature
theory. Secondly, we discuss the implementation of the algo-
rithm in cepstral domain. Then we present our experimental
results and finally conclude the paper with some discussion
on potential directions for further research on the subject.

2. CONFIDENCE WEIGHTING MISSING
FEATURE APPROACHE

2.1 Standard Missing Feature Approach
We use the standard Hidden Markov Model (HMM) speech
recognition framework. Given the Gaussian Mixture Model
(GMM) λ , the likelihood of the input feature vector
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a Gaussian density function. Furthermore, Equation (1) can
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where T
iNii uu ),,( 1 K=u , ),,( 22

1 iNii diag σσ K=Σ  and iK
is a constant which is depend on iΣ .

In the most straightforward MFA, the summation is per-
formed  over  the  difference of  the  reliable  feature  and
model vector components. The likelihood is
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where { }reliable is | XjSr = .

2.2 Spectral Subband Confident Measure

Let )(ωjX  be the spectral subband respect to jX  where
Nj ≤≤1 , then we denote jr  as the confidence of jX ,

which satisfies that
(1) jr  is the monotonous function of jSNR  (Signal-

Noise Ratio of subband )(ωjX )
(2)  and is normalized, 10 ≤≤ jr .

Condition (1) implies that spectral subband confidence jr
could really reflect the reliability of the spectral feature vec-
tor components.
The form of confident measure used here is as follows:
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where q is a positive constant. In practice, we let 2=q . It is
not hard to see that Equation (4) is fulfilled the definition of
subband confidence.
In this paper, we estimate jSNR  based on the on-line noise
estimation method proposed in [7],
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jX  is the average spectrum energy of subband

)(ωjX , jN  is the number of samples in subband )(ωjX  and

jN̂  is the magnitude of noise.

In order to estimate the confidence of delta spectral feature
vector components, we define the SNR of delta speech as
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where c  denote the current speech frame and p  denote the
previous speech frame. The same applies to the confidence of
delta-delta spectral feature vector components.

2.3 Confidence Weighting Missing Feature Approach
The standard MFA ignores the unreliable components of
speech feature vector, while CWMFA deals with the reliable
and unreliable components under a uniform framework by

summing up all the output probabilities of feature vector
components weighted in logarithmic domain. Let jr  be the
confidence of jX , then the likelihood of the input feature
vector X  in CWMFA is
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In case of 1=jr , the probability of component j  is the same
as the standard HMM, and this is equivalent to the condition
that component j  is reliable in standard MFA; otherwise
when 0=jr , the likelihood of component j  is 1 , which
implies the component j  should be ignored, and this is
equivalent to the condition that component j  is unreliable in
standard MFA. Henceforth, CWMFA could be treated as an
extension of MFA.
In Equation (5), )2log( 2

ijjr πσ⋅  represents the noise impact

on the variance 2
ijσ  and 22 /)( ijijjj uXr σ−  represents the

noise impact on the difference of the reliable feature and
model vector components ijj uX − . In model self-adaptation
perspective, it equals to adjusting both the means and vari-
ances in the model under noisy environments. Experiment
results show that the recognition accuracy may degrade sig-
nificantly if the adjustment of the first part of Equation (1) is
ignored, which implies that )2log( 2

ijjr πσ⋅  is necessary in our
method.
From Equation (5), we can see that CWMFA is a self-
adapted method by combining the confidence of speech
feature vector components and speech recognition model.
Moreover, it does not introduce more computational com-
plexity compared with standard HMM.

3. CEPSTRAL DOMAIN CWMFA

The main problem of the standard MFA is that if cepstral
features were used, spectrally localized corruption of the
speech signal would be smeared by the discrete cosine trans-
formation, and the benefit of MFA would be lost.
A simple modification of Equation (2) enables us to use
spectral domain MFA with cepstral features, which is called
Simple Cepstral Confidence Weighted Missing Feature Ap-
proach (SCCWMFA), as shown by
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whereC  is a DCT matrix, l represent log-spectral domain,
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of  log-spectral feature,  and its estimation algorithm is the
same as spectral feature. The algorithm is based on trans-
forming the cepstral difference operation into the spectral
domain, weighting it there, and transforming it back into
the cepstral domain. The transformation 1－CRC  on cc µX −
used in SCCWMFA could be treated as an extensive confi-
dence weighting operation. Unfortunately, this algorithm is
not strong enough for it ignores the noise impact on the co-
variance. Therefore we reformulate Equation (5) in the fol-
lowing:
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where ( ))2log(,),2log(ˆ 22
1 iNii diag πσπσ K=Σ  and 1

r
 is an

N-dimension unit column vector. By comparing Equation (6)
with Equation (7), here we propose a new MFA: Total Cep-
stral CWMFA (TCCWMFA),
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By substituting 1－CRC  for R  in Equation (7), we adapt the
spectral confidence weighting missing feature approach to
the cepstral domain. The new approach not only counts the
impact of noise on the mean of distribution, but also the im-
pact on the covariance. As we have mentioned before,
TCCWMFA is also a self-adapted method but in preferable
cepstral domain. Experimental results show that the adjust-
ment of the first part in Equation (8) help to improve the rec-
ognition accuracy greatly, therefore, it cannot be ignored. In
other words, log-likelihood weighting is better than the one
on the difference of the reliable feature and model vector
components.
Comparing with linear spectral domain CWMFA, the com-
putational complexity of TCCWMFA is higher. Let L  be the
number of speech model and S  be the number of states of
each model. The computational complexity of fast DCT al-
gorithm is NNK log×× . XCRC 1−  and 1CRC

r
1−  are inde-

pendent of the speech model, the complexity is
NNNK +××× log2 ; iµCRC 1−  depends on the speech

model, the complexity is )log2( NNNKMSL +×××××× ,

by storing  iµC 1−  in advance, the complexity can be halved
to ).log( NNNKMSL +×××××  Summing them up, we
can get the computational complexity of TCCWMFA is:

NNNKNNNKMSL 3log4)3log( +×××++××××× .

After ignoring the minor parts, the estimation of complexity
of TCCWMFA is ( ))3log( +××××× NKNMSLO , while the
complexity of standard HMM is ( )2×××× NMSLO . It is
intuitive to see that how to deduce the complexity of
TCCWMFA becomes a key problem in our further work.

4. EXPERIMENTAL RESULTS

To evaluate the performance of our new approach, we choose
a mandarin speech database which contains 100 isolated
words from 13 speakers (7 males, 6 females) recorded under
quiet environment. Each word has 21 records for model
training and 18 records for testing. The front-end uses an 8
kHz sampling frequency and a 10 ms frame period.
Three types of noise data from the NOISEX-92 database
are used in the experiments, white noise, HF (High Fre-
quency) channel noise and babble noise. Noisy speech data
cover an overall SNR range from -5 to 20 dB, which are
derived by artificially adding noise into test speech data.
We use HTK 3.0 as our speech recognition platform. There
are 101 whole word models for 100 words and one silence
model in our experiment. Each word is modelled by an 8
Gaussian mixture 10 states left to right HMM without skip
states. Gaussian output probability distributions with di-
agonal covariance matrices are used for each state. The si-
lence model is a 4 Gaussian mixtures 3 state HMM. Each
model is trained on clean speech data.
Baseline experiments use standard Mel-Frequency Cepstral
Coefficient (MFCC) as input feature, which include 39 com-
ponents (13 static, 13 delta, and 13 delta-delta components).
MFA experiments use Mel-frequency spectral coefficients,
which include 48 components (24 static and 24 data compo-
nents).
In the experiments we compare our proposed approaches
(CWMFA, SCCWMFA and TCCWMF) with several other
robust speech processing techniques: Spectral Subtraction[8],
Cepstral Mean Normalization [9] and MFA.
The identification results for noisy speech at SNR varying
from -5dB to 20dB under 3 types of noise environments are
shown in Figure 1, Figure 2 and Figure3, respectively.  In
the figures, Baseline denotes the baseline experiment results,
SS denotes Spectral Subtraction experiment results, CMN
denotes Cepstral Mean Normalization experiment results,
MFA denotes classical Missing Feature Approach experi-
ment results, CWMFA denotes confidence weighting MFA
experiment results, SCCWMFA denotes simple cepstral do-
main CWMFA experiment results and TCCWMFA denotes
total cepstral domain CWMFA experiment results.
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Figure1: The word accuracy rate comparison for white noise.
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Figure2: The word accuracy rate comparison for
HF channel  noise.
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Figure3: The word accuracy rate comparison for
babble noise.

By the results of Figure 1, 2 and 3, we can conclude that:
1) By introducing confidence weighting, speech recognition
system has a better performance, the word accuracy rates for
three types of noise (including stationary and non-stationary)
environments improve significantly and the accuracy curves
(CWMFA/TCCWMFA) are on the upper side of the others.
Especially under the low SNR environments, the recognition
accuracy is improved to an acceptable level, but also the rec-
ognition performance for clean speech is kept. In a word,
missing feature approach is a useful robust speech recogni-
tion technique, and CWMFA is an effective adaptation of
MFA.
2) The results of cepstral domain CWMFA is better than the
results of frequency spectral domain. This can be seen
through the comparison of CWMFA and SCCWMFA
/TCCWMFA.
3) Between two cepstral domain missing feature approaches,
total confidence weighting MFA performs better than simple
confidence weighting MFA. The former weights on output
log-likelihood of the feature vector components not on the
difference of the reliable feature and model vector compo-
nents, which implies that it does not only adapt the mean of
model but also the variance.

5. CONCLUSION AND FEATURE WORK

In this paper we propose a new missing feature approach:
Confidence Weighting Missing Feature Approach (CWMFA).
It in some sense is a self-adapted method by combining the
confidence of speech feature and speech recognition model
(Hidden Markov Model). Total Cepstral Domain CWMFA
(TCCWMFA) is the approach by applying CWMFA to the
cepstral domain. Experimental results show that it signifi-
cantly improves the robustness of system under kinds of
noise (including stationary and non-stationary) environments,
especially under the low SNR environments. At the same
time, it also keeps the performance for clean speech. In a
word, CWMFA is an effective adaptation of MFA and
TCCWMFA is a successful attempt of extending CWMFA
on the cepstral feature.
Because of the heavy computational complexity of the cep-
stral domain approach CWMFA compared with standard
method, how to deduce the complexity of TCCWMFA be-
comes the key problem in our further work. Currently we
use SNR to estimate the confidence of feature vector com-
ponents. Moreover, how to strengthen our estimation by
introducing more information from the speech and noise
model becomes an important topic in this field.
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