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Abstract 

This paper presents research on robust automatic speech 
recognition (ASR) in the presence of impulsive noise, which is 
usually caused by transmission errors or packet loss in 
network-based delivery of speech signals. A soft decision 
strategy is proposed by analyzing the degraded observation 
probabilities caused by impulsive noise. Based on the soft 
decision results, two compensation methods are developed. 
The first aims at suppressing the unreliable likelihood scores 
by flooring the observation probabilities (FOP) on sensitive 
feature components with an adaptive threshold. The second 
focuses on the recovery of corrupted features and the 
unreliability of reconstructed data can be further compensated 
by the flooring method. Evaluation results on the Aurora 
connected digits database show that the proposed methods 
significantly improve the recognition robustness against 
impulsive noise. For example at the occurrence rate of 50% in 
simulated impulsive noise environment, the accuracy is 
increased from 42.74% of the baseline to 85.35%. 

1. Introduction 

In recent years the considerable development of wireless and 
computer networks leads to a rapid growth of the speech 
recognition applications incorporated in such communication 
environments. A standard of distributed speech recognition 
(DSR) is addressed by the ETSI Aurora group [1], in which 
acoustic features are extracted, encoded at the client side, and 
transmitted through the network to the server for recognition. 
Some representative methods have been proposed to deal with 
the inherent packet loss in DSR systems, including packet 
level interleaving [2], loss feature recovery [3][4] and 
modification of observation probability in decoding [5]. 
Our research work concentrates on the unreliable delivery in 
traditional network speech recognition architecture, which is 
commonly adopted in interactive inquiry systems. Differing 
from the DSR, these systems place the feature extraction 
module in the server. Thus, not the feature but the packetized 
speech signals are encoded and transmitted by the client, and 
in the server acoustic features are generated from the decoded 
speech and fed to the recognizer. In the delivery of speech data, 
transmission errors and packet loss usually result in impulsive 
noise corruption which consists of extremely non-stationary 
short-time burst and tends to cause drastic degradation of 
recognition performance. Therefore, how to improve the 
robustness against impulsive noise is crucial for such network 
recognition systems.  
Several methods have been proposed with this issue. Some of 
them are based upon the idea that an impulsive noise 
introduces uncharacteristic discontinuity in correlated speech 
signal, so the outlying data can be detected and removed 
before it is fed into the recognizer [6][7]. In some other 
methods, the negative effect of impulsive noise is compensated 

in decoding stage by skipping the unreliable frames or 
decreasing their contributions in likelihood calculation [8][9]. 
In our previous work [10], a FOP method is proposed for 
impulsive noise compensation in recognition stage by flooring 
the observation probabilities of noise sensitive feature sub-
vector at Gaussian mixture level with a fixed threshold. 
Because the FOP method does not recover the corrupted 
speech data, its performance is not satisfying in a high 
occurrence rate (OR) of impulsive noise. Besides, flooring 
with a fixed threshold throughout the recognition is not very 
reasonable, because in noise-free period the original 
calculation of observation probabilities should be resumed. 
Motivated by overcoming the above shortcomings of FOP 
method, this paper presents a soft decision strategy of 
impulsive noise based on the analysis of the observation 
probabilities in noise sensitive feature dimensions. With the 
soft decision results, two adaptive compensation methods are 
developed. One is the adaptive FOP (AFOP) in which the 
flooring threshold is updated according to the corruption 
degree. The other is the feature reconstruction (FRC) in 
corrupted frames, and the unreliability of the repaired data can 
be further compensated by AFOP in decoding. 
The rest of the paper is organized as follows. Section 2 
describes the soft decision strategy of impulsive noise. Section 
3 reviews the theory of FOP and describes the AFOP method. 
Section 4 describes the FRC method. Section 5 gives the 
evaluation results on Aurora connect digits database and 
section 6 concludes the paper. 

2. Soft decision strategy of impulsive noise 

In a HMM based ASR system, the input speech signals are 
converted into a series of feature vectors in front-end stage, 
and then the probabilities of these acoustic observations of 
each candidate model are calculated in decoding. The 
observation probability indicates the likelihood that the 
observation is a realization of the acoustic model, and the 
recognizer finally gives the state sequence with the highest 
probability, which can be realized by the recursive Viterbi 
algorithm: 

1( ) max[ ( ) ] ( )t t ij j t
i

j i a b O                      (1) 

where ( )t j  is the maximum likelihood of observation feature 
vectors O1 to Ot given state j at time t, aij is the transition 
probability from state i to state j, and bj(Ot) is the observation 
probability of Ot at state j.
Because the observation probability represents the similarity 
between the observation vector and a candidate model, the 
sudden mismatch introduced by impulsive noise tends to cause 
abnormal distribution of the observation probabilities. In our 
research the acoustic feature is Mel frequency cepstral 
coefficients (MFCC), and it has been pointed out in the 
previous work [10] that for MFCC, C0 to C4 are very sensitive 
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to impulsive noise and the degradation of observation 
probability is mainly concentrated on these dimensions. Thus, 
it is promising to detect the occurrence of impulsive noise by 
analyzing the observation probabilities in such sensitive 
MFCC dimensions. 
In our work, the impulsive noise detection is based on a 
simple but efficient method. In decoding stage, we collect the 
log probabilities of sensitive observation dimensions from all 
the valid tokens at each frame t and select the maximum one: 

( ) max{log( ( ))}s
j t

j
D t b O                                (2) 

where the function D(t) describes above operations at frame t,
and s

tO is the noise sensitive observation sub-vector. 
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Figure 1: The distribution of maximum log probabilities in 
observation sub-vector 
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Figure 2: Comparison of D(t) in clean speech and impulsive 
noise corrupted speech. 0 1 2 3[ , , , ]s

tO C C C C .
Fig. 1(a), (b) and (c) show the approximate Gaussian 
distribution of D(t) for clean speech and impulsive noise 
corrupted speech. Three sensitive feature sub-vectors, [C0, C1,
C2], [C0, C1, C2, C3] and [C0, C1, C2, C3 ,C4] are selected as the 

s
tO , respectively. From the figures, we can find that the 

distribution of D(t) in sensitive feature sub-vector has a 
satisfying discriminability between clean speech and impulsive 
noise corrupted speech. For comparison, in Fig.1(d), we also  
check the maximum log probability of the whole static MFCC, 
[C0, C1, …, C12], and the discrimination is poor, which 

conforms the efficiency of focusing the analysis on sensitive 
feature dimensions. Fig. 1(b) gives the best discriminability 
and we adopt the corresponding scheme in following 
experiments.  
Fig. 2 compares the D(t) in a clean utterance and the noisy 
version in which speech signals are partially corrupted by 
impulsive noise in t1 to t4. We can find that the corrupted 
feature frames can be detected if giving a proper threshold. In 
practice we utilize a sigmoid function to give a soft decision 
result between 0 to 1: 

1
( ) ( ( )) 1

1 exp{ ( ( ) )}
S t sigmoid D t

D t
       (3) 

where , is the slope and center of the sigmoid function. 
S(t)=0 denotes current observation Ot is clean and S(t)=1,  Ot

is completely corrupted by noise. The optimum and are
obtained by tuning experiments. 

3. Adaptive FOP with variable threshold 

3.1. FOP with fixed threshold 

Because of the serious mismatch between the models and the 
corrupted data, in impulsive noise frames the observation 
probabilities in expected state sequence are prone to drop 
below those in competition state sequence, which prevents the 
token from propagating in the expected path. The unreliable 
probability difference is mainly concentrated on sensitive 
feature dimensions. Therefore, performing FOP with a proper 
threshold on sensitive dimensions can efficiently reduce the 
unreliable likelihood score, and the expected path will recover 
the priority of being chosen in decoding. 
We assume that the probability density function (PDF) in state 
j is the mixture of M Gaussian distributions with diagonal 
covariance matrix: 

1

( ) ( ; , )
M

j k k k
k

b O w N O                                (4) 

where 1 2, , , NO o o o is the N-dimension feature vector, 

( ; , )k kN O  is the multivariate Gaussian distribution, k , k ,
and  wk represent the mean, variance and weight of the kth
Gaussian component. According to the noise sensitivity of 
each feature dimension, the observation vector O can be 
divided into L sub-vectors: 

1 2 1 2[ , , , ] [ , , , ]N LO o o o O O O .                        (5) 
Since the independence of each feature dimension is satisfied 
at the Gaussian mixture level, we can separate the distribution 
of each feature sub-vector from the total PDF in this level and 
floor it with a proper threshold: 

, ,
1 1

( ) ( ; , )
LM

f
j k f l k l k l

k l

b O w N O ,                        (6) 

where , ,( ; , )f l k l k lN O  is the floored Gaussian distribution of 

lO with threshold lT :
, , , ,

, ,

( ; , ) ( ; , )
( ; , ) l k l k l l k l k l l

f l k l k l

l

N O if N O T
N O

T otherwise
.                (7) 

The floored observation probability ( )f
jb O  directly replaces 

( )jb O  in Viterbi decoding described in Eq.(1). Thus, the 
unreliable probability difference caused by impulsive noise is 
effectively eliminated. 



The calculation of Tl for sensitive feature sub-vector is critical 
for FOP, and the details are described in [10]. Particularly, 

( )jb O  can be regarded as a special case of ( )f
jb O  when Tl=0.

3.2. AFOP with variable threshold 

In FOP method, the threshold is fixed throughout the 
recognition. Though fixed FOP efficiently compensates the 
impulsive noise, it also impairs the discriminative information 
in clean frames. This is a potential weakness in some complex 
recognition tasks. 
Based on the soft decision of impulsive noise given by Eq.(3), 
the AFOP method is proposed, in which a high threshold H

lT
is used in corrupted frames to efficiently compensate the 
impulsive noise and a low threshold L

lT in clean frames to 
keep more information. At frame t, the adaptive threshold Tl(t)
is calculated as follows: 

( ) ( )( )L H L
l l l lT t T S t T T                                  (8) 

By replacing the Tl with Tl(t) in Eq.(7), the AFOP 
compensation method is carried out in decoding. 

4. Feature reconstruction 

Impulsive noise causes the loss of recognition information 
embedded in clean speech. In FOP method, there is no feature 
recovery process for corrupted frames, which limits the 
performance of FOP method, especially in high OR conditions. 
Therefore, a feature reconstruction (FRC) method is essential.  
This paper proposes a FRC method in which when the soft 
decision of current frame is greater than a threshold TRC, the 
corrupted feature is interpolated by the weighted sum of 
features in the nearest clean frame and current frame. The FRC 
process can be described as follows: 

'( ) (1 ( )) ( ) RC
FRC t t
t

t

S t O S t O if S t T
O

O otherwise
        (9) 

where FRC
tO is the reconstructed feature, 'tO is clean feature at 

the nearest frame 't where ( ') CLNS t T , soft decision result 

( )S t  not only  determines whether to recover current frame 
but also is used as the weight in reconstruction. In the 
experiments, 0.5RCT and 0.02CLNT .
In general feature extraction algorithm, the dynamic feature at 
one frame is a linear combination of static features in 
neighboring frames and the static feature in current frame is 
not included. Thus, we only perform FRC for static features 
and the dynamic features are regenerated with the 
reconstructed static features. 
There still exists unreliability in the reconstructed features, 
which can be further compensated by AFOP method in 
decoding.  

5. Experimental results 

5.1. Experiment configuration 

The proposed method was evaluated on the Aurora connected 
digits database in simulated impulsive noise and additive 
machinegun noise environments. The training set and testing 
set includes 8440 and 1001 clean utterances, respectively. The 
digits are modeled by 18-state 3-mixture whole word HMMs 
and silence is modeled by a 5-state 6-mixtue HMM. Acoustic 
models are trained by HTK toolkit. 

The feature used here is 13 MFCC plus 13 MFCC, i.e. 
0 12 0 12[ , , , , , ]C C C C . In our previous work, we proposed 

three feature partition schemes for FOP method, and their 
performance are very similar. For simplicity, we just select one 
and assign the threshold as in Table 1. 

Table 1: Feature partition scheme and threshold assignment 
sub-vector O1 sub-vector O2 sub-vector O3

0 1 2 3, , ,C C C C 4 12, ,C C 0 1 12, , ,C C C

TH
1 16.8HT 2

HT 3 32.0HT

TL
1 25.0LT 2

LT 3 45.0LT

Figure 3. Tuning experiments of the flooring threshold for O1.

Table 1. shows the feature partition and the thresholds of each 
sub-vector in log scale. 1 0 1 2 3[ , , , ]O C C C C  is the sensitive 
feature sub-vector, and its observation probabilities are also 
used for soft decision of impulsive noise. 1 16.8HT  is a 
high value to strictly floor the unreliable observation 
probability caused by impulsive noise in sensitive sub-
vector O1, and is equal to the threshold for FOP method. 
The calculation of 1

HT is described in [10]. 1 25.0LT  is a 
rather low threshold which results in almost the original 
decoding algorithm, and the value can be easily assigned 
by tuning experiments demonstrated in Fig. 3. This figure 
also proves the efficiency of the calculation of 1

HT . Sub-
vector O2 is robust to impulsive noise and its observation 
probabilities are not floored, so the threshold 2

HT and 2
LT  are 

set to . The dynamic MFCC is robust, so we make the 13 
MFCC as the third sub-vector O3 and a very loose threshold 
3 32.0HT  is assigned just to slightly floor its observation 

probabilities. 3 45.0LT  is also an empirical low threshold. 

5.2. Evaluations in simulated impulsive noise environment 

Simulated impulsive noise environment [8] is generated by 
randomly replacing 25 ms speech frames by white noise with 
the same width under different ORs. In this noisy experiment, 
because the recognition performance degrades mainly owing 
to the OR of the impulsive noise (equal to the fraction of 
corrupted signal samples), we fixed the noise to the same 
energy level of clean speech. 
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Figure 4. Evaluation results in simulated impulsive noise 
environment 

Fig. 4 shows the recognition accuracy of the baseline 
recognizer and the proposed robust methods. Performance of 
the baseline recognizer drops rapidly as the OR increases from 
5% to 50% when no compensation method is used. The FOP 
method efficiently improves the robustness of the recognizer, 
and the error reduction rate (ERR) versus the baseline 
averaged over all ORs is 62.0%. Performance of the AFOP 
method is slightly lower than FOP. FOP uses a fixed threshold 
in decoding, but it causes almost no accuracy degradation for 
clean speech recognition. Therefore, although AFOP is more 
reasonable, it does not guarantee a clear improvement upon 
FOP in such a digit recognition task. Probably, the advantage 
of using an adaptive flooring threshold should be evaluated in 
large vocabulary recognition tasks. 
In high ORs, the performance of FOP is not very satisfying, 
because large amount of speech data are missing. Owing to the 
recovery of corrupted features, the FRC method significantly 
increases the accuracy, and the performance can be further 
improved if the unreliability of reconstructed data is 
compensated by AFOP. The FRC+AFOP scheme provides the 
best robustness against impulsive noise. The average ERR of 
FRC+AFOP is 85.05%, and it also obviously outperforms the 
FOP method, especially when OR is high. 

5.3. Evaluations in machinegun noise environment 

Machinegun noise contaminated speech is generated by 
artificially adding 62.5ms noise segments with different ORs 
and signal-to-impulsive noise ratios (SINR) to clean speech 
[6]. The definition of SINR is as follows: 

10( ) 10log ( )signal

impul

P
SINR dB

OR P
,                                (10) 

where Pimpul denotes the average power of each impulse and 
Psignal  the signal power. 
In machinegun noise environment the corruption is additive, 
so the problem of speech data loss is not so serious as that in 
simulated impulsive environment. Performance of FOP 
method is very satisfying, and FRC+AFOP still gives best 
recognition accuracy. Because performance improvement of 
FRC+AFOP over FOP is only obvious at low SINRs, we just 
illustrate the comparison results in –10dB SINR. 
From Fig. 5 it can be observed that the FRC+AFOP method is 
extremely robust to machinegun noise, and it improves the 
average ERR of FOP method from 72.81% to 83.27%. 

Figure 5. Evaluation results in machinegun noise environment 

6. Conclusions 

This paper proposes a soft decision strategy for impulsive 
noise detection. Based on the soft decision result, the AFOP 
method uses an adaptive threshold to compensate the 
impulsive noise in decoding. The FRC method reconstructs 
the corrupted features, and the unreliability of repaired data 
can be further compensated by AFOP. It can be concluded 
from the evaluation results that the FRC+AFOP scheme 
significantly improves the recognition robustness against 
impulsive noise and is obviously better than the previous FOP 
method, especially in high OR conditions. 
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