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Abstract 
 

This work presents a blind SNR estimation based on 
Gaussian mixture modeling (GMM) of observed noisy 
speech on the log- power domain. By describing SNR 
measures as the expectation of a function of two random 
variables of local noise and noisy speech powers on the 
log-domain, their distributions can be estimated via  the 
EM algorithm. Once the parameters of distributions are 
estimated, SNR measures can be derived statistically. 
Both of segmental and global SNR estimations are 
derived in this work. The experimental results show the 
effectiveness and robustness of proposed method for 
different types of noise. 

 
1. Introduction 

 
The signal-to-noise ratio (SNR) is an important measure 
of the quality of speech enhancement and recognition 
systems. In many applications, SNR estimation of noisy 
speech is difficult because (1) no exact clean reference 
signal is available, and (2) voice activity is unknown. 
Since speech signal is short-time stationary, a segmental 
SNR can be advantageously used [1]. Most blind 
segmental SNR estimation is based on voice activity 
detection (VAD) using a threshold-decision [1], [3]. The 
most popular method is proposed in [3], where a 
segmental SNR called Mean-SNR is defined as the 
difference of log-power means of noisy speech on frames 
with and without speech activity. Both hard-decision and 
soft-decision based VAD are implemented for Mean-
SNR estimation [3], [4]. However there are two 
limitations of this method as follows: (1) VAD only 
works well at high SNR conditions and (2) the Mean-
SNR defined in [3] is not exactly a segmental SNR but in 
fact the total-to-noise ratio (TNR), and thus does not well 
approximate segmental SNR at low-to-moderate SNR 
conditions. In this work we represent the SNR measures 
as the expectation of a function of two random variables 
of local noise and noisy speech powers on the log-
domain. Assuming the GMM of observed log-power 
sequence, the distribution parameters can be estimated 
via the EM algorithm. Knowing these distributions, 
segmental SNR and global SNR can be estimated 
statistically and therefore are more accurate and robust. 
The diagram of the proposed estimation, compared to 
Mean-SNR estimation in [3] and [4] is shown in Fig.1. 

 
 

Figure1: Diagram of Mean-SNR estimate using VAD  
and proposed SNRGMM estimate using GMM. 

 
This paper is organized as follows. In Section 2 we 
discuss more details regarding a stochastic view of the 
definition of SNR. Section 3.1 describes the algorithm 
used in this work. Section 3.2 derives the estimations of 
the segmental TNR and SNR. In section 3.3, a simulated 
experiment is performed to verify the algorithms. Section 
4 estimates the global SNR and section 5 summarizes the 
work. 
 

2. Stochastic view of SNR definition 
 

Originally, the segmental SNR can be defined as the 
average of the local signal-to-noise ratio, calculated at 
each frame on the log-power domain: 
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Here ,s n  are respectively clean reference speech and 
noise. T is the frame length. Note that (1) and (2) are 
only averaged across active speech frames [1]. When the 
number of observed power L  is large, the averaging in 
(1) will converge to the expectation. Supposing that the 
noise power distributions are the same inside and outside 
the speech activity durations, the segmental SNR can be 
determined as: 
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10 1 10 010 log | 10 log |seg S NSNR P H P H= 〈 〉 − 〈 〉 (2) 

Here 1H and 0H are two hypotheses of the speech 
observation X on each frame 
  1H : Speech activity: X S N= +  
  0H : Speech absent: X N=  

Operator .  denotes the expectation operator and 
P denotes the local powers.  When clean speech is not 
available the segmental TNR, denoted as follows, is 
more suitable  

10 1 10 010 log | 10 log |seg X XTNR P H P H= 〈 〉 − 〈 〉 (3) 
From the (1-3) the segmental SNR and TNR measures 
will be defined if the distributions of the local log-
powers with and without speech activity: 

10 110 log |XP H , 10 010 log |XP H  are known or 
estimated. 
 

3. Segmental SNR estimation using the 
Gaussian mixture modeling 

 
Given an observed log-power sequence as follows: 
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The estimation of distributions of subspaces in (3) leads 
to the mixture distribution modeling, widely used in 
applications [5], [6]. In this work the two components 
GMM are chosen based upon the consistency and 
robustness of the EM estimation method for the given 
model [5]. 
 
3.1 Gaussian mixture modeling 
 
For the two components GMM, the probability density 
function of the observed log-power sequence (4) is: 

( ) ( ) ( )2 2
0 1, , , ,N N X Xf x x xα µ σ α µ σ= + (5) 

Here: 1 0 1α α+ = and ( )2, ,x µ σ  denotes the 

Gaussian distribution. Our procedure is as follows: The 
power of observed noisy speech is estimated using a 
frame length of 4ms and a frame shift of 2ms. Next, the 
EM algorithm is applied to fit the GMM parameters of 
the log observed power sequence. The initial parameters 
are chosen by the standard K-means method [6]. We 
verified EM convergence after 5-7 iteration steps. In next 
sections we derive the calculation of each SNR measure.  
 
3.2 Segmental SNR estimation 
 
From (3) the segmental TNR is equal to the difference of 
two estimated means: 

seg X NTNR µ µ= −   (6) 

Here the expectation of noisy speech power is larger then 
the noise i.e. ( )max ,X X Nµ µ µ= . Suppose that the 
noisy speech power is a superposition of noise and 
speech power, i.e.: 

X S NP P P= +    (7) 
Substituting (7) into (2) gives the segmental SNR as: 

1010 log 1X
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P
SNR
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 (8) 

Obviously the segmental TNR will approximate 
segmental SNR only under high moderate SNR 
conditions. In this work we use estimated distributions of 
log power of noise and noisy speech to derive the 
segmental SNR statistically. 
Denote (8) as a non-linear function of the local TNR: 

10
1010 log 10 1

R

segSNR
 

= 〈 − 〉  
 

 (9) 

Here the local TNR is: 
10 1010 log 10 logX NR P P= −  (10) 

Recalling the Gaussian mixtures model, the two variables 
in (4) are Gaussian distributed: 

( )2
1010 log , ,N N NP x µ σ∼  (11) 

( )2
1010 log , ,X X XP x µ σ∼  (12) 

Therefore their difference is also Gaussian distributed:  

( )2 2, ,X N X NR x µ µ σ σ− +∼  (13) 

The expectation of non-linear function (9) has no closed 
form but can be approximated using an asymptotic 
expansion: 

( ) 2 3ln 1 0.7 0.9r r r re r e e e− − −− ≈ − − −  (14) 

The plots of the original and approximated function in 
(14) are shown in Fig.2. Good agreement is obtained 
from 0.1r > . It is equivalent to having a boundary of the 
local SNR as below: 

10 log10 9.78S

N

P
dB

P
> −   (15) 

In this work we investigate the noisy speech signals with 
the segmental SNR from 0 to 20 so the errors at (15) of 
local SNR can be neglected. 
Denote the (9) as following: 
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The expectation of approximation (14) of (16) while r is 
Gaussian distributed can be easily calculated. After some 
transformation, a closed form of segSNR  is derived as:  
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(17) 

Here:               X Nm µ µ= − , 2 2
X Nd σ σ= +           (18) 
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Figure2: Asymptotic expansion (14) 

 
3.4 Experiments  
 
A simulated experiment is performed to verify the 
effectiveness of the proposed estimation. The clean 
speech signal is taken from the JANAS database. 20 
sequences of 5 male and 5 female speakers are randomly 
chosen. Noise is artificially added to the clean speech 
signals to obtain the given level of segmental SNR. In-
car noise recorded at the CIAIR [7] and the others 
recordings of white, babble noises from the Noise-92 
data base are used for simulation. The noisy speech 
signals of the given segmental SNR from the 0dB to 
20dB are simulated and the segmental SNR is estimated 
following the algorithm in section 3.2. For the reference, 
the Mean-SNR based on VAD using a threshold-decision 
of log-power histogram [4] is implemented. A simply 
version of Mean-SNR using a threshold calculated from 
first ten noise frames is also implemented. The average 
of each measures at given segmental SNR is plotted. The 
results for the car noise, white and babble noise 
conditions are shown on the Fig.3-5.  The Mean-SNR (or 
segTNR) using GMM show better results then using 
VAD. However at the low moderate SNR condition (less 
then 6-7dB) the errors of segTNR to the theoretical 
segSNR are still considerable. The segSNR following 
(17) overcomes this problem and shows better results for 
both types of noise. Some errors of segSNRGMM in the 
high SNR conditions can be explained by speech pause 
and unvoiced durations. At high SNR condition this 

subspace becomes comparable to the noise subspace and 
the noise level is over-estimated. 
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Figure3: SegSNR estimation with in-car noise 
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Figure4: Seg SNR estimation with white noise 
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Figure.5: Seg SNR estimation with babble noise 

 
 

4. Global SNR estimation 
 

One drawback of the segmental SNR is its dependence 
on the frame length and shift specified by the properties 



of noise and speech signal. In some case beside the 
segmental the global SNR measure is also used. In this 
section we derive estimation of this measure. 
By the same discussion as in section 2 the global TNR 
can be noted in stochastic form as follows: 

10 1 10 010log | 10log |global X NTNR P H P H= 〈 〉 − 〈 〉 (19) 
Note that here the global SNR is calculated across speech 
activity frames. The common definition of global SNR 
calculated across all the frames is dependant on the 
properties of pause durations and therefore is not used as 
a measure of speech quality. Global TNR and SNR are 
directly related and therefore the estimation of one of 
them is enough to calculate the other one. 

( )/ 1010 log10 10 1globalTNR
globalSNR = −  (20) 

We use the same mixture modeling in section 3 for the 
global SNR estimation. The GMM on the log-power 
domain is equivalent to the log-normal mixture on the 
power domain. Fortunately the expectation of the log-
normal distribution is analytically related to mean and 
variances of Gaussian distribution on the log domain i.e. 

( )
2

102 log2
10log , 10 eX X

σµ
µ σ

+
⇒ 〈 〉 =∼ (21) 

Substituting (21) in to (19) gives the expectations 
on the power domain:  
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Substituting (22) into (8) gives the global TNR as 
follows: 

( )2 2

10

1
20 logglobal X N X NTNR

e
µ µ σ σ= − + − (23) 

The global SNR is then calculated by (20). An 
experiment using the same database as in section 3.4 is 
performed. The analogue global SNR estimation like 
Mean-SNRs using VAD in section 3.4 is also 
implemented. The results show the domination of global 
SNR estimation using the GMM for both types of noises. 
Fig. 6 and 7 plot the average global SNR estimations for 
the in-car noise and white noise conditions. 
 

5. Conclusion 
 

In this paper we present a blind SNR estimation based on 
Gaussian mixture modeling on the log-power domain. 
This method uniquely uses statistical modeling instead of 
a determined threshold-decision VAD common in other 
methods. With knowledge of the distribution of noise 
and noisy speech powers the SNR estimation can be 
derived even more accurately and robustly. Our 
experiments demonstrate the consistency for both 
segmental and global SNR estimation.  
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Figure 6: Global SNR estimation with in-car noise 
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Figure 7: Global SNR estimation with white noise 
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