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Abstract

The accuracy of automatic speech recognizer degrades rapidly
when speech was distorted by noise. Robustness against noise 
arises to be one of the challenge problems. In this paper, a 
hidden Markov model (HMM) based data imputation approach
is presented to improve speech recognition robustness against 
noise at the front-end of recognizer. Considering the 
correlation between different filter-banks, the approach 
realizes missing data imputation by a HMM of L states, each 
of which has a Gaussian output distribution with full
covariance matrix.  “Missing” data in speech filter-bank vector
sequences are recovered by MAP procedure from local
optimal state path or marginal Viterbi decoded HMM state
sequence.

The potential of the approach was tested using speaker
independent continuous mandarin speech recognizer with 
syllable-loop of perplexity 402 for both Gaussian and babble 
noises each at 6 different SNR levels ranging from 0dB to
25dB, showing a significant improvement in robustness against
additive noises. 

1. Introduction 

The performance of modern Automatic Speech Recognition
(ASR) systems degrades rapidly when clean speech was
distorted by additive noise. To improve ASR system’s
robustness against additive noise, Missing data methods
[8][9][10] are developed in literature. Missing data methods
assume that additive noise distort speech differently in 
different time-spectrum region. The noise greatly distorted 
speech regions, which has lower local SNR, are marked as
“missing” and the noise slightly distorted speech regions,
which has higher local SNR, are marked as “reliable”. After 
mask estimation, speech recognition can be done either using
“reliable” data (marginal model method) or using recovered 
data (data imputation method). Missing data method doesn't
make an assumption about the characteristic of additive noise
and results in a potential of improving the robustness of ASR 
system against non-stationary noise. 

Several data imputation method are studied in literature,
such as Single Gauss Model set based Data Imputation [1],
Gaussian Mixture Model based data imputation [2] or Vector 
Quantization based data imputation [3]. Most of these methods 
process each frame independently and fails to take account of
the time evolution of the spectrum parameters.

The time evolution of spectrum parameters pays an
important role in speech recognition. Continuous density
HMM which state distributions are M multivariate-Gaussians
with diagonal covariance matrices is introduced in literature 
[4]. Based on the assumption that “missing” components are 
independent of “reliable” components, HMM state sequences 

are estimated and missing components are reconstructed by
state based data imputation method. However, this assumption 
is doubtful, because there are overlaps between neighbor
filters in filter-bank analysis. So there is obvious correlation 
between neighbor filter-banks. To recover “missing”
components more accurately, we must consider the correlation 
between different filter-banks. 

In this paper, we use HMM to model the time evolution of 
filter-bank vector sequence and full covariance matrix is
introduced to represent the correlation between different filter-
banks. Each state distribution of HMM is selected as single 
Gaussian with full covariance matrix. Assuming that speech
feature vector sequences come from such an L state full
covariance matrices HMM, Local Optimal Path procedure and
marginal Viterbi decoding process are used to estimate the
HMM state sequence. Then, according to state distribution,
“missing” data is recovered by MAP procedure. 

To evaluate the potential of HMM-based Data Imputation
method, the robust performance of HMM-based Data
Imputation method was tested at different SNR level (ranged 
from 0dB to 25 dB) in a complex task, speaker independent
continuous mandarin speech recognition with syllable-loop of
perplexity 402. 

We discuss HMM-based Data Imputation method in 
section 2. Section 3 gives ideal mask estimation, which will be 
used to evaluate HMM-based data imputation method. 
Experimental result is presented and discussed in section 4 and 
conclusion is given in section 5. 

2. Hidden Markov Model-based Data 
Imputation

After mask estimation, each speech feature vector S is split
into two vectors, Sm and So. Sm represents "missing" 
components of S and So represents "reliable" components of S. 
We try to estimate the “missing” vector sequence [S1

m, S2
m, …, 

ST
m] by the “reliable” vector sequence [S1

o, S2
o, …, ST

o] and 

the HMM parameter ],,[ BAa .

Hidden Markov Model-based data imputation is carried 
out in two steps:

First, according to [S1
o, S2

o, …, ST
o] and ],,[ BAa ,

estimate HMM state sequence X=[x1, x2, …, xT];
Second, at each time t, estimate the “missing” vector St

m

according to xt and St
o.

2.1. Hidden Markov Model (HMM) [5] 

Considering a system, which may be at one of a set of L
distinct states at any time t, we use symbol [Q1,…,QL] to
represent these states. At a discrete time t, the state of the
system is represented as xt (t=1,2,…,T) 
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TL,1i1]Q[x it t  (1)
At a discrete time t, system state xt is determined by initial 

state distribution a=[a1, …, aL] and state-transition matrix
A=[Aij]

Li1)QP(xa ili
 (2) 

),1,1(1 LjitQxQxPA itjtij
 (3) 

bi(S), the state distribution of observation vector at state i, 
is represented as

)1( LiQxSPSPSb iQi i

 (4) 

B=[b1(S),…, bL(S)]. A HMM can be represented by

parameter ],,[ BAa .

2.2. Local Optimal state Path procedure-based Data
Imputation

Local Optimal state Path procedure can be used to estimate
system state sequence. Then, “missing” components will be 
recovered. We call this method Local Optimal state Path-based 
Data Imputation (LOPDI). LOPDI is carried out as following 
steps:

1) Initialization 
At time 1, system state x1 is initialized according to initial

state distribution, a, “reliable” vector, s , and the conditional 

probability , 

o
1

o
j s1b

o
jj sbax 1

Q
1

j

maxarg  (5) 

where
o

j sb 1 represents the conditional probability of 

observing “reliable” vector S1
o on condition that system is at 

state Qj.
o

j s1b , the conditional probability, is calculated by

marginal process
mmo

Q
o

Q
o

j dSSSPSPsb
jj

)()( 111  (6) 

2) Local Optimal state path estimation

For each time t>1, current state x is determined by the 

last state x , transition probability aij and current 
“reliable” vector St

o

t

it Q1

TtSbax o
tjij

Q
t

j

2maxarg  (7) 

where o
tj sb represents the conditional probability of

observing “reliable” vector St
o on condition that system is at 

state Qj. o
tj sb , the conditional probability, is calculated by

marginal process
mmo

tQ
o
tQ

o
tj dSSSPSPsb

jj
)()(  (8) 

3) Recover “missing” components 
At time t, estimate the “missing” vector St

m so that
m
t

o
tx SSb

1

, the probability of observing speech feature vector 

S=[St
oSt

m] at state xt, is maximized
m
t

o
tx

S

m
t SSbS

tm

maxargˆ  (9) 

If the state distribution of observation vector is Gaussian 
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According to equation (9), “Missing” components are 
recovered by [1]

)(ˆ 1
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where the represent the mean vector of “missing”

components,
mxt

oxt

is the mean vector of “reliable” components, 

is the auto-covariance matrix of  “reliable” components, 

is the cross-covariance matrix of  “missing” and 

“reliable” filter-bank. 

ooxt

moxt

Local Optimal state Path procedure has the advantage that 
we can estimate current HMM state and recover the speech
vector in real time. But it may fall into local optimal state and 
output a sequence of incorrect states. Estimation error
increases rapidly in this situation. 

2.3. Marginal Viterbi decoding process-based Data 
Imputation

To estimate the optimal state sequence, we introduce marginal
Viterbi decoding process [5]. We call this method marginal 
Viterbi decoding process-based data imputation (VITDI).

To do marginal Viterbi decoding process, define 
o
t

o
ittt SSQxxxPi ,...,,,..., 111  (12) 

where it represents the highest probability of 

observing [S1
o, S2

o, …, St
o] along all possible state paths and

system is at state i at time t. if it  is given, jt 1  can 

be estimated by

o
tjijt

i

o
tQxijt
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To keep track of the optimal state sequence, define 

ijt
i

t Aij maxarg1  (14) 

VITDI is carried out as following steps:
1) Initialization 

)1(
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i

sbai o
ii  (15) 

where ai is initial state probability. o
i s1b  represents the

conditional probability of observing “reliable” vector S1
o on 

condition that system is at state Qj at time 1. o
ti sb  is 

calculated by marginal process.
2) Recursion 
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where Aij is transition probability (from state i to stat j) . 
o
tj sb represents the conditional probability of observing

“reliable” vector St
o on condition that system is at state Qj at 

time t. o
tj sb  is calculated by marginal process.

3) Terminate recursion at time T 

iq
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T
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4) State path backtracking 
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5) Recover “missing” components
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According to [S1
o, S2

o, …, ST
o], LOPDI estimates the 

optimal state sequence [x1, x2, …, xT] by marginal Viterbi
decoding process. So VITDI is expected to recover “missing”
components better than LOPDI method.

3. Mask Estimation

In this paper, Mask estimation and data imputation will be 
done in 26-dimension Mel-filter-bank vector domain. 26
triangular filters equally spaced along the Mel-scale are used
to do filter-bank analysis.

We create noisy speech by adding noise to “clean” speech
(global SNR=0, 5, 10, 15, 20, 25dB). Clean speech and 
additive noise are saved for ideal mask estimation. If pre-
reserved clean speech vector is given as S and additive noise
vector is given as N. Ideal mask estimation is done by
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where Si(k) represents the energy of the k-th sub-band of 
the i-th Mel-filter-bank of clean speech. Ni(k) represents the 
energy of the k-th sub-band of the i-th Mel-filter-bank of 
additive noise. MSKi(k)=1 means that the k-th sub-band is
“reliable” and MSKi(k)=0 means that the k-th sub-band is 
“missing”. , the threshold of local SNR, is determined by
auditory masking effect. In this paper, we select = -5dB.

Ideal Mask Estimation is hardly used for a practical
application, for it is a very difficult problem to accurately
separate speech signal from noise. In this paper, we use ideal
mask estimation to evaluate the potential of Hidden Markov 
Model-based data imputation algorithms.

4. Experimental result and discussion 

We carried out ASR Experiment to compare LOPDI and
VITDI with Single Gauss Model set based Data Imputation
(SGMDI).

5.1 Experiment condition

We use HTK3.0 [6] build a speaker independent continuous
mandarin speech recognition system.

The training and testing data comes from 863-speech
corpus, which is open and widely used in mandarin speech
recognition. Speech data of 158 persons (79 male, 79 female)
is used for training and data of left 8 persons (4 male, 4 female)
is used for testing.

Two typical additive noises (gauss white noise, babble
noise, from NoiseX-92 database) are used in ASR experiments.
We create noise-distorted speech by adding noise to “clean”
speech (global SNR=0, 5, 10, 15, 20, 25dB). “Clean” speech 
and additive noise are saved for ideal mask estimation.

To model the continuous speech, triphone model is used in 
HMM based ASR system. Each triphone model has 3 states,
and each state uses 7 diagonal-covariance mixture gauss. 
There are over 8000 states in our speech recognition system.

Speech feature vectors are 39-dimension MFCC_E_D_A
vectors. The waveform speech is transformed to Mel-filter-
bank first. Mel-filter-bank features were computed every 10ms

using a 25ms hamming window. 26 Mel-spaced triangular 
filters, ranging from 0Hz to 8000Hz, are used to calculate the 
Mel-filter-bank features. Mask estimation and data imputation
will be done in Mel-filter-bank vector domain. After data 
imputation, Mel-filter-bank vectors are transformed to 
MFCC_E_D_A and sent to HMM-based recognizer.

HMM-based recognizer does Viterbi decoding with 
mandarin syntax independent all-syllable-loop of perplexity
402.

The HMM which is used to do data imputation by LOPDI
and VITDI algorithm contains 256 states (L=256), and the 
Single Gauss Model set used by SGMDI algorithm contains 
256 Gaussians (N=256). 

5.2 Experimental results

Experimental results of large vocabulary speaker independent 
continuous Chinese speech distorted by 2 typical additive
noises (gauss white noise, babble noise) are presented and 
discussed in this section.

Noisy speech Mel-filter-bank vectors (Gauss, 15dB) 

Clean speech Mel-filter-bank vectors

SGMDI enhanced Mel-filter-bank vectors

LOPDI Enhanced Mel-filter-bank vectors

VITDI Enhanced Mel-filter-bank vectors

Figure 1: Enhanced Mel-filter-banks for gauss white noise
distorted mandarin speech (“tan2 dao4 qi4 che1 ding4 dian3”), 

SNR=15dB

Additive noise distorted distribution of Mel-filter-bank
vectors of clean speech. After ideal mask estimation and data 
imputation, recovered Mel-filter-bank vectors are more similar
to Mel-filter-bank vectors of clean speech than those of noise-
distorted speech. 

SGMDI process each frame independently and fails to take 
account of the time evolution of the spectrum parameters. We



use HMM to model the distribution and dynamics of speech 
feature vectors. HMM-based Data Imputation can reduce the 
discontinuities between neighbor Mel-filter-banks, as shown in 
figure 1. 

LOPDI is unable to get the optimal state sequence. It may 
fall into local optimal but incorrect states and output a 
sequence of mis-estimated states. To overcome this 
shortcoming, VITDI uses marginal Viterbi decoding process to 
estimate the optimal state sequence. So it recovers “missing” 
components better than LOPDI, as shown in figure 1. 

After mask estimation and data imputation, Mel-filter-
banks are transformed to MFCC_E_D_A, and sent to HMM-
based recognizer. Word (mandarin syllable) accuracy [6] of 
ASR experiments is given in table 1.  

Table 1: ASR experimental results  
Noise 
type 

SNR 
(dB) 

Noisy 
(%Acc.)

SGMDI
(%Acc.)

LOPDI 
(%Acc.)

VITDI
(%Acc.)

Clean
(%Acc.)

0 2.49% 3.56% -13.43% 6.30%
5 2.34% 20.24% 12.96% 26.58%
10 1.31% 39.49% 35.72% 42.78%
15 12.09% 51.02% 55.89% 55.90%
20 28.00% 60.17% 61.57% 63.20%

Gauss
Noise 

25 56.14% 67.25% 68.53% 69.26%
0 -3.07% 13.64% -8.34% 18.08%
5 -5.81% 32.03% 14.51% 36.58%
10 8.15% 51.23% 38.76% 54.46%
15 29.74% 62.36% 62.63% 64.37%
20 45.97% 68.75% 67.05% 70.07%

Babble 
Noise 

25 58.91% 71.49% 72.37% 72.64%

74.71%

ASR experiments show that the performance of a speech 
recognizer with a complex acoustic model is badly degraded 
by additive noise. It also shows that different noise has 
different affect upon clean speech. In our experiments, ASR 
system performs better in babble noise environment when 
SNR>5dB.

Data imputation methods can dramatically improve ASR 
system’s robustness against additive noise, as shown in table1. 
LOPDI can improve system performance in gauss noise 
environment with high SNR (SNR>=15dB). When 
SNR<=10dB, the performance of LOPDI degrade rapidly. 
This can be explained by the fact that more and more filter-
banks are marked as “missing” with decrease of global SNR. 
When most components of neighbor filter-bank vectors are 
marked as “missing”, it’s unreliable to estimate the state 
sequence by local optimal path procedure. 

To estimate the optimal state sequence, marginal Viterbi 
decoding process is introduced by VITDI. In both noisy 
conditions (Gaussian noise, babble noise), VITDI performs 
better than LOPDI and SGMDI at all SNR level, as shown in 
table 1. 

5. Conclusion 

In this paper, a hidden Markov model (HMM) based data 
imputation approach is presented to improve speech 
recognition robustness against noise at the front-end of 
recognizer. We use local optimal path procedure and Viterbi 
decoding process to estimate the HMM state sequence. Then, 
According to the distributions of each state, “missing” data is 
recovered by MAP procedure. LOPDI can improve ASR 
system’s robustness against additive noise in high SNR 

environment, but fails in low SNR environment. Marginal 
Viterbi decoding process is introduced in VITDI to estimate 
the optimal state sequence. Experimental result shows that 
VITDI performs better than LOPDI and SGMDI at all SNR 
level.
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