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Abstract—Speech recognition performance deteriorates 
drastically when they are deployed in practical situation where 
the speech is corrupted by additive noise. One way to improve 
the robustness of the speech recognition system is to enhance 
the speech prior to its recognition. This paper focuses on de-
veloping a masking-based β-order minimum mean square 
error (β-masking MMSE) speech enhancement for speech 
recognition under noise condition. Addressing the artifacts in-
troduced by enhancement algorithm and the remaining noise 
after denoising, we modified the estimation algorithm of spec-
tral parameters for the β-masking MMSE by controlling the 
power of processing noise, strengthening the weak signal pro-
cessing, oversuppressing the residual noise and reestimating a 
priori SNR. The evaluation shows the proposed enhancement 
scheme is significantly effective to improve the performance of 
state-of-the-art speech recognition.  

        Keywords – speech enhancement, speech recognition, 
masking threshold 

I.  INTRODUCTION  

The performance of the automatic speech recognition (ASR) 
degrades dramatically in the presence of noise. Over the past few 
decades much research has been devoted to improving the 
robustness of speech recognition in noisy environments [1] [2] [3].  

Speech enhancement can be used to improve the noisy en-
vironmental performance of speech recognition by enhancing the 
quality of noisy speech [4]. ASR speech enhancement technique 
usually needs to compromise between the amount of noise 
removed and the resulting speech distortions by adapting the 
suppression function to particular situation which is expectantly 
represented by certain statistical parameter.  

In this paper, we modify the β-masking MMSE [5] algorithm 
for speech recognition purpose. In particular, we design a 
smoothing control of the power of the processing noise, and 
process the weak spectral component with a time-varying floor 
through smoothing adaptation of the a priori and a posteriori 
SNRs; then we introduce a reestimation of the a priori SNR [6].  

In order to build up a meaningful investigation system, we 
setup a state-of-the-art evaluation platform which is reconstructible 
by open-source speech recognition toolkit [7] [8]. In this speech 
recognition system, cepstral mean and variance normalization 
(CMVN), linear discriminant analysis (LDA), maximum likelihood 
linear transform (MLLT), feature space maximum likelihood linear 

regression (fMLLR) for speaker adaptive training (SAT) and state-
level minimum Bayes risk (sMBR) techniques are applied. We 
train the different models by using the labelled clean speech data, 
and measure the performance of recognition using noisy and 
enhanced speech data.  

In the remainder of the paper, we give a brief introduction of 
the β-masking MMSE speech enhancement algorithm in section II. 
In section III, we describe the modification scheme for the β-
masking MMSE speech estimator for speech recognition. The 
speech recognition platform to evaluate the speech enhancement 
performance is depicted in section IV. The evaluation is shown in 
section V and finally the conclusion is given in section VI.  

 
II.  β-MASKING MMSE SPEECH ENHANCEMENT  

        An observed noisy speech signal x(t) is assumed to be a 
clean speech signal s(t) degraded by uncorrelated additive noise 
n(t), i.e.,  

x(t)= s(t)+ n(t), 0≤t ≤T.                                          (1)  

 
Let Sk(l)=𝐴𝑘(𝑙)𝑒𝑗𝛼𝑘(𝑙),  𝑁𝑘(𝑙), and Xk(l)=𝑅𝑘(𝑙)𝑒𝑗𝜗𝑘(𝑙)denote the 
k-th spectral component of the clean speech signal s(t), noise n(t), 
and the observed noisy speech x(t), respectively, where l denotes 
the time frame corresponding to time t in analysis interval [0, T]. 
The enhanced speech spectrum is given by �̂�𝑘(𝑙) =𝐺𝑘(𝑙)𝑋𝑘(𝑙) 
where 𝐺𝑘(𝑙) is the gain function of the enhancement.  
         The β-order MMSE speech enhancement method [9] is 
derived by minimizing the mean square error cost function 𝐽 =
𝐄{(𝐴𝑘

𝛽 − �̂�𝑘
𝛽)2} based on the complex Gaussian distribution 

model and statistical independence assumption. The gain function 
of the β-order MMSE expressed by [9] 
 

       𝐺𝑘(𝑙) = �𝜐𝑘
𝛾𝑘

[𝛤(𝛽
2

+ 1)𝑀(−𝛽
2

; 1;−𝜐𝑘)]
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𝛽�                     (2) 

 
where 𝛤(𝛽

2
+ 1) is the gamma function and 𝑀�−𝛽

2
; 1;−𝜐𝑘� is 

the confluent hypergeometric function [10] [9]. 𝜐𝑘 is defined 
as follows 

𝜐𝑘(𝑙) = 𝜉𝑘(𝑙)
1+𝜉𝑘(𝑙)

𝛾𝑘(l).                                        (3) 
 
where 𝜉𝑘(𝑙) and 𝛾𝑘(l) are the a priori SNR and a posteriori 
SNR respectively with the following definition 
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𝜉𝑘(𝑙) = 𝜂𝑠(𝑙,𝑘)

𝜂𝑛(𝑙.𝑘)
, 𝛾𝑘(𝑙) = 𝑅𝑘

2(𝑙)
𝜂𝑛(𝑙.𝑘)

.                               (4) 
 
        In β-order MMSE, the value of β can be adapted to proper 
time-varying properties. In [5], the β-masking MMSE algorithm 
adapts the β value as follows  
 

�̂�(𝑙, 𝑘) = 0.942 + 0.121𝛯(𝑙) + 0.981𝛩𝑓(𝑙, 𝑘) 
+ 0.187 max[𝛯(𝑙) + 0.67, 0]𝛩𝑓(𝑙, 𝑘).       (5) 

Here 𝛯(𝑙) is frame SNR that can be approximated by using the 
following equation [11]  

𝛯(𝑙) = 10𝑙𝑜𝑔10 𝑚𝑎𝑥 �
∑ �𝑚𝑎𝑥�� |𝑋𝑘(𝑙)| −�𝜂𝑛(𝑙, 𝑘)  �, 0��

2
𝑘

∑ 𝜂𝑛(𝑙, 𝑘)𝑘
, 𝜀�  

(6) 
where 𝜀 denotes a small positive number set to 2.22 × 10

−16 
.  𝛩𝑓 

is a normalized version of noise masking threshold at current 
frame, which represents the perceptual factor of the human 
auditory system in the frequency domain.  

The perceptual factor Θ in Bark domain is obtained by the 
following normalization step  

𝛩(𝑙, 𝜆) = 𝑇(𝑙,𝜆)− 𝑇𝑚𝑖𝑛(𝑙)
𝑇𝑚𝑎𝑥(𝑙)− 𝑇𝑚𝑖𝑛(𝑙)

                    (7) 

 

λ denotes the Bark frequency bin, and T (l, λ) is noise masking 
threshold that can be obtained from a speech signal [12]. 
𝑇𝑚𝑎𝑥(𝑙)  and  𝑇𝑚𝑖𝑛(𝑙) are the maximum and minimum values of 
noise masking threshold 𝑇(𝑙, 𝜆)at current frame l. The frequency 
domain perceptual factor 𝛩𝑓 has its corresponding expression Θ 
in the Bark domain, i.e., 𝛩𝑓(𝑙, 𝑘) =  𝛩(𝑙, 𝜆). 

III. MODIFICATION OF β-MASKING MMSE FOR 
SPEECH RECOGNITION  

      For the purpose of speech recognition, we attempt to modify 
the estimation of the critical parameters for the β-masking 
MMSE speech enhancement in order to alleviate the artifacts in 
some aspects: noise control, weak spectral processing, and 
reestimation of a priori SNR.  

A.    Noise Control  

     In the conventional β-masking MMSE system, the processing 
noise variance is equal to the estimated noise variance 𝜂𝑛(𝑘). In 
this paper, we introduce a control factor 𝜌(𝑙) so that the 
processing noise variance is to be 𝜂�𝑛(𝑘) =  𝜌(𝑙)𝜂𝑛(𝑘) , which 
aims to mitigate the artificial distortion while speech estimator 
works on it.  
 

Let ϕ denote a general sigmoid function below  

𝜙(𝑥, 𝑟1, 𝑟2) =  1
1+𝑒𝑥𝑝 {(𝑥−𝑟1)/𝑟2}

                           (8) 

and we make the noise control factor 𝜌(𝑙)  to be adapted by frame 
SNR  𝛯(𝑙) as follows  

𝜌(𝑙) = 𝜏1𝜙2(𝛯(𝑙), 𝑠1, 𝑠2) + 𝜏2                (9) 

where 𝜏1, 𝜏2, s1 and s2 are constants.  

B.     Weak Spectral Processing  

      We design the weak spectral floor used to modify both the a 
priori and a posteriori SNRs with smoothing adaptation. In 
particular, we let the weak spectral floor be smoothly adapted by 
the frame SNR as follows  

ϛ(𝑙) = (1 +  ) − 𝜙2(𝛯(𝑙), к1, к2)              (10) 
 

where ҡ is the lower bound of the flooring factor.  
      With the noise overestimation and weak speech spectral 
flooring, the a posteriori SNR is modified as follows  
 

𝛾�𝑘(𝑙) = �
|𝑋𝑘(𝑙)|2

𝜌(𝑙)𝜂𝑛(𝑙)
,       𝑖𝑓    |𝑋𝑘(𝑙)|2

𝜌(𝑙)𝜂𝑛(𝑙)
≥ ϛ(𝑙) + 1;

ϛ(𝑙) + 1,                               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  �      (11) 

 
and the a priori SNR is modified below  

 

𝜉𝑘(𝑙) = �𝜉𝑘(𝑙),       𝑖𝑓    𝜉𝑘(𝑙) ≥ ϛ(𝑙);
ϛ(𝑙),                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  �                              (12) 

where 𝜉𝑘(𝑙) is given as follows  

𝜉𝑘(𝑙) =  𝛼 |𝐺�𝑘(𝑙−1)𝑋𝑘(𝑙−1)|2

𝜌(𝑙)𝜂𝑛(𝑘,𝑙)
+ (1 −  𝛼)(𝛾�𝑘(𝑙) − 1)          (13) 

where 𝐺�𝑘(𝑙 − 1) = 𝐺𝑘 �𝜉𝑘(𝑙 − 1),𝛾�𝑘(𝑙 − 1)�. It means the MMSE 

gain function G�k(l− 1) is actually the function of 𝜉𝑘(𝑙 − 1) and 
𝛾�𝑘(𝑙 − 1) , which totally depends on the parameters of the previous 
frame.  

C.     Oversuppression of Residual Noise  

       We further suppress the residual noise by introducing an adap-
tive smoothing oversuppression factor as follows  

𝜔(𝑙) = 1 + (𝜛 − 1)𝜙2(𝛯(𝑙),𝑤1,𝑤2)                (14) 

where ϖ is the lower bound of the gain control factor, 𝑤1 and 𝑤2 
are constants. Subsequently, the gain is modified as follows  

𝐺�̅𝑘(𝑙) = 𝜔(𝑙)𝐺�𝑘(𝑙)                                              (15) 
 
 

D.     Reestimation of a priori SNR  
 



 
 

       With the optimization for the speech amplitude estimation, it 
is believed that the estimation of a priori SNR should be improved 
and closer to the true values if we can use the current frame 
estimated suppression gain to replace the previous frame estimated 
gain in the modified decision-directed equation. We, therefore, 
develop a reestimation scheme for the a priori SNR as follows  

 𝜉𝑘(𝑙) = 𝛼� |𝜔(𝑙)𝐺�𝑘
(𝐼𝑇)(𝑙−1)𝑋𝑘(𝑙−1)|2

𝜌(𝑙)𝜂𝑛(𝑘,𝑙)
+ (1 − 𝛼�)(𝛾�𝑘(𝑙) − 1)          (16) 

𝜉𝑘
(0)(𝑙) = �𝜉𝑘(𝑙),       𝑖𝑓    𝜉𝑘(𝑙) ≥ ϛ(𝑙);

ϛ(𝑙),                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  �                 (17) 

 

𝐺�𝑘
(𝜏−1)(𝑙) = 𝐺𝑘 �𝜉𝑘

(𝜏−1)(𝑙), 𝛾�𝑘(𝑙)� ,           𝜏 = 1, … , 𝐼𝑇.           (18) 

 

𝜉𝑘
(𝜏)(𝑙) = 𝑚𝑎𝑥 �|𝐺�𝑘

(𝜏−1)(𝑙)𝑋𝑘(𝑙)|2

𝜌(𝑙)𝜂𝑛(𝑘,𝑙)
, ϛ(𝑙)�.                  (19) 

 
Here, the smoothing factor α� is empirically set to 0.7. As a result, 
the estimate of speech spectrum is given by  

 �̂�𝑘(𝑙) =  𝜔(𝑙)𝐺�𝑘
(𝐼𝑇)(𝑙)𝑋𝑘(𝑙).                                (20) 

IV.    SPEECH RECOGNITION PLATFORM  

A.     Acoustic Models for Speech Recognition  

       In this paper, a state-of-the-art speech recognizer is setup. The 
language model (LM) is trained with lexicon of 30,858 vocabulary 
size using SRILM toolkit [8].  
 

Three acoustic models are trained by using 260k utterances 
(313 hr 23 min) from Switchboard-1-LDC97S62 database with 
Kaldi toolkit [7].  

1. GMM:  
GMM-HMM model has 11,500 tied-states and 200,000 total 
Guassian components [13]. The feature are processed with 
LDA, MLLT and fMLLR-SAT techniques.  
 
2. DNN:  
The DNN-HMM model of five hidden layers with 2,048 
neurons in each hidden layer is trained with cross entropy 
using GPU [14].  
 
3. sMBR:  

The state-level minimum Bayes risk (sMBR) is to minimize 
the expected state errors based on the corresponding state 
labels [15] [16]. DNN-HMM-sMBR model of five hidden 
layers with 2048 neurons in each hidden layer is trained with 
sMBR criterion. 

 
B.  Speech Recognition Platform for Speech Enhancement 
Evaluation  

      In this paper, we aim to examine the genuine contribution of 
the speech enhancement algorithms to speech recognition while the 
state-of-the-art feature enhancement techniques have been applied 
in the speech recognition system. In particular, we used 13 
dimensional MFCC feature for speech recognition system, CMVN, 
LDA, MLLT and fMLLR feature enhancement techniques are 
applied. We selected 1,831 English sentences with 21,395words 
from the Switchboard corpus, as the test dataset marked as 
(SWBD-TEST); and we chose 2,628 English sentences with 
21,594 words from the Callhome corpus as test dataset marked as 
(CALLHM-TEST).  

      Speech enhancement is applied at the very first stage before 
feature extraction. Fig. 1 shows the evaluation platform with the 
speech enhancement algorithms for different decoders with their 
corresponding acoustic models. In the recognition, the decoding-
graph WFST (weighted finite-state transducer) is constructed by 
HCLG = H  C  L  G , where G is an acceptor that encodes the 
grammar (or language model), L represents the lexicon with its 
output symbols being words and its input symbols being phones, C 
represents the context-dependency, and H contains the HMM 
configuration with its output symbols representing context-
dependent phones and its input symbols the transitions-ids. The 
decoders are formed by the acoustic models and the decoding 
graph WFST.  

      The purpose of choosing the different decoders is to investigate 
the effects of the speech enhancement algorithms in different 
stages of the speech recognition modelling, to gain insights into the 
usefulness of the speech enhancement algorithms in the machine 
recognition as opposed to human subjective listening.  

 

V.    PERFORMANCE EVALUATION  

      The main objective of this paper is to investigate the effec-
tiveness of speech enhancement as a pre-processor for robust ASR. 
For this purpose, experiments are conducted. The three decoders 
GMM, DNN and sMBR as introduced in section IV-B are used.  

Then many types of noise [17] are added into the test speech 
database to generate four global SNR, i.e. 0dB, 10dB, 20 dB and 
30 dB. And the speech enhancement algorithms are applied into 
the noisy speech database. In this paper, we select to show the 
results with F16 noise and Factory1 noise.  

A.     Investigated Enhancement Algorithms  

In this paper, we examine our proposed β-masking method 
(mβ-PRO) that is the β-masking MMSE method with our proposed 
noise control, weak signal processing and residual noise 
suppression, and reestimation as described in section III.  
 

We choose six typical existing enhancement algorithms for 
comparison, they are Wiener filter (Wiener) [18], log-spectral 



 
 

amplitude (LSA)-MMSE (LSA) [19], conventional β-masking (mβ) 
[5], LSA-GEM, LSA-CEP and AE-DENOISE. The details of the 
last three enhancers are briefed as follows:  

LSA-GEM: this is a modified LSA [19], where the a priori 
and the a posteriori SNRs are estimated based on the noise 
overestimation factor and the SNR spectral floor [2].  

LSA-CEP: another modified LSA [19], where a priori SNR is 
estimated in cepstral-domain [20].  

AE-DENOISE: this is an autoencoder denoising method with 
DNN approach. The neural network is trained using a pair of 
speech whose noisy speech is used as input and the clean speech as 
target [21].  

B.   Performance Evaluation for Speech Recognition  

      Now we are showing the enhancement performance for speech 
recognition. The performance of various noise reduction algo-
rithms is measured in terms of word error rate (WER) with 
different speech recognition decoders. We evaluate the per-
formance using SWBD-TEST dataset and CALLHM-TEST 
dataset.   

In the experiment, we determines the parameter settings by 
using a development dataset from Switchboard database, as a result 
we set 𝑠1 = 13.5 , 𝑠2 = 5 , 𝜏1 = 2.6 , and 𝜏2 = 0.001  for noise 
control; and  = 0.01, к1 = 13.5, к2 = 5 for weak spectral floor; 
𝜛 = 0.1 , 𝑤1 = −3 , and 𝑤2 = 2  for oversuppression. These 
settings are configured by using a feature distortion criterion.  

Table1 shows the WER performance with SWBD-TEST test 
dataset contaminated by F16 noise and Table 2 with CALLHM-
TEST test dataset contaminated by Factory1 noise. In the tables 
(where ** denotes that no test is done), we highlight the best WER 
value with bold-font style for easy reference. From Tables, it can 
be seen that almost all of the speech enhancement algorithms gives 
positive effect to speech recognition, except a few of them brings 
negative effect for the case of high SNR (i.e. 20 dB and 30 dB). It 
is noticed that AE-DENOISE performs good only for low SNR 
case, but its performance drops down rapidly when it is applied for 
high SNR case.  

From the experimental results, we observed that the speech 
enhancement may perform different effects on different decoders. 
This phenomenon is obvious when comparing GMM and DNN. 
And also, when the accuracy reaches very high level, the 
contribution of the enhancement method is quite margin. In high 
SNR, a speech enhancement can be helpful in some modeling case 
but possibly bring worse effect in another modeling situation. The 
instability is due to the unreliable artifacts introduced by the 
enhancer in different aspects of characteristics.  
 

Compared with conventional β-masking MMSE, the mβ-PRO 
gives great improvement, especially in low SNR case for all the 
three speech recognition decoders, and always helpful in higher 
SNR case.   

VI. CONCLUSIONS  

      We have investigated different speech enhancement perfor-
mances with different speech recognition decoders under various 
noise conditions. Against the weakness of the conventional speech 
enhancement algorithm, this paper aims to reveal the potential of 
the speech enhancement for the purpose of speech recognition. 
Therefore we developed a masking-based β-order MMSE system 
by modifying the spectral SNR estimation. In particular, we have 
developed a smoothing-adaptation scheme for controlling the 
processing noise power, mitigating the harm of weak speech signal, 
oversuppressing the residual noise and reestimating a priori SNR 
to overcome the artifact issue. The advantage of the proposed 
scheme has been verified on the basis of a state-of-the-art speech 
recognition platform. The experimental result shows the 
effectiveness of our modified β-masking MMSE.  

 
Fig. 1. The evaluation platform for the speech enhancement 
algorithms in different decoders. 
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