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Abstract: Performance of a speech recognition system is 

highly dependent on the operational environments. The 
mismatched ambient conditions have adverse impact on the 
performance of an Automatic Speech Recognition (ASR) system. 
The speech parameterization techniques for tonal speech 
recognition are different from those used for non-tonal speech 
recognition. It is due to the fact that tonal speech has two 
components – basic linguistic unit and tone. The basic linguistic 
unit with different tones convey different meanings. Therefore, 
the feature set used for tonal speech recognition must have the 
capability to representing both of them.  Tone is determined by the 
fundamental frequency of the speech signal which is highly 
sensitive to noise. Since at the time of parameterization of the 
non-tonal speech recognition systems, these highly noise-sensitive 
tone related information are discarded, the traditional noise 
elimination methods used for non-tonal speech recognition fail to 
deliver robust performance in tonal speech recognition. In the 
present study, we have analyze the performance of different 
commonly used feature sets for noisy tonal speech recognition. 
Hidden Markov Model (HMM) based speech recognizer has been 
used for performance evaluation. Noise elimination techniques 
sub-band spectral subtraction and Wiener filter have been used 
for noise reduction and their relative performance have been 
evaluated.  

 
Keywords :HMM, Noise elimination, Sub-band spectral 

subtraction, Tonal speech recognition, Wiener Filter 

I. INTRODUCTION 

Feature extraction is the front-end of any speech 
recognition system. The feature extraction for a speech 
recognition system is the process of reliable, compact and 
robust parameterization of the speech signal. The efficiency 
of the entire speech recognition system is highly dependent 
on proper parameterization of the speech signal. The feature 
vector extracted from the speech signal must have the 
capability to discriminating among different phonemes and 
must be robust to the environment and intra-speaker 
variability. The significance of cepstral features for speech 
recognition have been established by many researchers 
[1][2][3]. However, there are practical limitation in the use of 
cepstral features due to its sensitivity towards the background 
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and channel noises [4].Mel frequency cepstral coefficients 
(MFCC) and linear predictor cepstral coefficients (LPCC) are 
two extensively used feature vector in speech science. MFCC 
feature is based on magnitude spectrum. A perceptually 
motivated frequency wrapping filter-bank is applied to the 
magnitude spectrum. The filters are evenly spaced on a 
perceptually motivated frequency wrapping scale call 
Mel-scale, first suggested by Stevens and Volkman [5].  The 
log-energy of each filter output is computed and 
accumulated. Finally, Discrete Cosine Transformation 
(DCT) is applied to produce the Mel frequency cepstral 
coefficients [6]. In the present study, a filter bank of 24 
triangular filters spread across the whole frequency range 
from 0 to Nyquist frequency has been used. The first 
12-cepstral coefficients and log energy have been considered 
as the MFCC feature vector. Linear predictor cepstral 
coefficient (LPCC) is a feature vector based on Linear 
predictor coefficient (LPC). The LPC are obtained using a 
𝑝𝑡ℎ -order All-pole approximation in the windowed 
waveform [7]. The autocorrelation method has been used to 
evaluate the linear predictor coefficients. The LPCC have 
been computed directly from LPC as [8]: 

𝑐𝑛 =

{
 
 

 
 𝑎𝑛 +

1

𝑛
∑ 𝑚𝑐𝑚𝑎𝑛−𝑚, 1 ≤ 𝑛 ≤ 𝑝

𝑛−1

𝑚=1

1

𝑛
∑ 𝑚𝑐𝑚𝑎𝑛−𝑚, 𝑛 ≥ 𝑝

𝑛−1

𝑚=𝑛−𝑝

 

…(1) 
wherep is the order of the predictor coefficients and n is the 
number of cepstal coefficients. In the present study, 10th order 
LP analysis has been performed and 13 LPCC coefficients 
have been computed.  To capture the dynamic property of the 
speech signal, along with baseline MFCC and LPCC features 
their first and second order derivatives are also added. Thus 
we get a 39-dimensinal MFCC feature set and a 
39-dimensional LPCC feature set  

Prosody plays an important role in understanding the 
meaning of a conversation in human to human 
communications. Prosodic features of speech characterize the 
paralinguistic information of a conversation like speaker 
habits, discourse structure, speaker intension, emotion etc. In 
general, prosody means the organization of a sound. 
Normally, it is represented by fundamental frequency (𝐹0), 
energy and normalized duration of syllable. The prosodic 
features are very important to identify the tone associated 
with a syllable. In the present study, in order to use only 
frame-based features, fundamental frequency and energy 
have been considered for the representation of prosodic 
information. Fundamental frequency and frame energy are 
static features, calculated frame 
by frame.  
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In order to include temporal information, their first (∆)- 
and second (∆∆)-order derivatives have been calculated and 
added to the feature set. Thus, we get a 6-dimensional 
prosodic feature vector for each frame. Left-to-Right 
Hidden Markov Model (LRHMM) has been used as baseline 
speech recognition system to recognize the tonal vowels of 
Apatani language of Arunachal Pradesh of North East India. 
The main reason for using LRHMM is that it can model the 
time varying property of the speech signal. A number of 
HMM states is determined empirically. In the present model, 
6 (six) states have been used. Each state is represented by a 
single Gaussian distribution function given by [9] 

𝑃(𝑥|𝜇, 𝜎2) =
1

√2𝜋𝜎2
exp (

−(𝑥 − 𝜇)2

2𝜎2
) 

… (2) 
Where x is the observation vector, 𝜇 is the Gaussian mean 
vector and 𝜎2 is the variance. To initialize the model, speech 
signal from known vowels have been divided into 6 equal 
parts and each part from left to right has been used to 
initialize a state. The forward-backward algorithm has been 
used for training the HMM model. Clean speech signals have 
been used for the training purpose. 

II. NOISE ELIMINATION METHODS  

The most commonly used de-noising techniques are 
based on either spectral subtraction or Weiner’s filter. These 

techniques are based on the assumption that the speech signal 
𝑠(𝑛)and the additive noise 𝑑(𝑛)are uncorrelated with each 
other. Therefore, the equation for noisy speech signal 𝑥(𝑛) 
can be represented as [10] 

 
𝑥(𝑛) = 𝑠(𝑛) + 𝑑(𝑛)    … (3) 

 
The original signal can be estimated from the noisy speech 
signal by using Wiener filter as: 
 

�̂�(𝜔) = 𝐻(𝜔). 𝑋(𝜔)    … (4) 
 
Where 𝐻(𝜔) , 𝑋(𝜔) , �̂�(𝜔)  are the Wiener filter response 
function, noisy signal and  the estimated clean speech signal 
in frequency domain respectively. Wiener filter is an optimal 
filter that minimize the mean square error. The mean square 
error is represented by the function  
 

𝐸(𝜔) = 𝑆(𝜔) − �̂�(𝜔) 
            = 𝑆(𝜔) − 𝐻(𝜔). 𝑋(𝜔)   … (5) 

 
The 𝐻(𝜔) value is determined by minimizing the expectation 
of mean square error, which is obtained by taking first order 
derivative of the error function with respect to response 
function of the Weiner filter 𝐻(𝜔) and equating it to 0. The 
expectation of mean square error is given by  
 

𝐸[|𝐸(𝜔)|2] = 𝐸[|𝑆(𝜔) − 𝐻(𝜔). 𝑋(𝜔)|2]         … (6) 
 
where 𝐸[. ] stands for expectation operation. Taking the 
derivatives of eq(6)  and equating it to 0, we get 
 
𝛿𝐸[|𝐸(𝜔)|2]

𝛿𝐻(𝜔)
= 2𝐻(𝜔)𝐸[|𝑋(𝜔)|2] − 2𝐸[|𝑋(𝜔)𝑆(𝜔)∗|] 

         = 2𝐻(𝜔)𝑃𝑋(𝜔) − 2𝑃𝑋𝑆(𝜔) = 0 
… (7) 

where𝑃𝑋(𝜔) and 𝑃𝑋𝑆(𝜔) are power spectra of noisy speech 
and cross power spectra between noisy speech signal and 
clean speech respectively.In case of no correlation between 
the speech signal 𝑠(𝑛) and the additive noise 𝑑(𝑛), we get  
 

𝑃𝑋(𝜔) =  𝐸[|𝑋(𝜔)|2] = 𝐸[|𝑆(𝜔) + 𝐷(𝜔)|2] 

= 𝐸[|𝑆(𝜔)|2] + 𝐸[|𝐷(𝜔)|2] + 𝐸[|𝑆(𝜔)𝐷(𝜔)|] 

= 𝑃𝑆(𝜔) + 𝑃𝐷(𝜔)        … (8) 

 
Similarly 
 

𝑃𝑋𝑆(𝜔) = 𝐸[|𝑋(𝜔)𝑆(𝜔)∗|] 

               = 𝐸[|(𝑆(𝜔) + 𝐷(𝜔))𝑆(𝜔)∗|] 

               = 𝐸[|𝑆(𝜔)|2] = 𝑃𝑆(𝜔) 
...(9) 

 
Therefore, the Wiener filter can be represented by:  
 

𝐻(𝜔) =
𝑃𝑆(𝜔)

𝑃𝑆(𝜔) + 𝑃𝐷(𝜔)
 

… (10) 
 
The signal-to-noise ratio is defined by 
 

𝑆𝑁𝑅 =
𝑃𝑆(𝜔)

𝑃𝐷(𝜔)
 

… (11) 
 
Therefore, the impulse response of the Wiener filter can be 
represented in term of SNR as: 
 

𝐻(𝜔) = [1 +
1

𝑆𝑁𝑅
]
−1

       

… (12) 
In the present work, we have implemented the adaptive 

Wiener filter based on the model proposed by El-Fattah et 
al[11] for speech enhancement. The mean 𝑚𝑥 and standard 
deviation 𝜎𝑥

2of the speech signal have been estimated.  It is 
assumed that the additive noise is of zero mean and 
variance𝜎𝑑

2. The variance 𝜎𝑑
2 has been estimated exploiting 

the silent period of the speech signal. Thus the power 
spectrum of noise has been estimated as  
 

𝑃𝐷(𝜔) = 𝜎𝑑
2       …(13) 

 
Considering a small segment of the speech signal, in which 
speech 𝑥(𝑛) is assumed to be stationary, the signal can be 
modelled as:  
 

𝑥(𝑛) = 𝑚𝑥 + 𝜎𝑥
2𝑤(𝑛) 

… (14) 
where𝑚𝑥 and 𝜎𝑥

2 mean and standard deviation of the speech 
signal for a small segment of the speech signal and 𝑤(𝑛) is 
unit variance noise. Therefore, for a small segment of the 
speech signal, the Wiener filter transfer function can be 
represented by: 
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𝐻(𝜔) =
𝜎𝑠
2

𝜎𝑠
2 + 𝜎𝑑

2
 

… (15) 
Since 𝐻(𝜔) is constant over this small segment of speech, 
the impulse response of the Wiener filter can be obtained by 
 

ℎ(𝑛) =
𝜎𝑠
2

𝜎𝑠
2 + 𝜎𝑑

2
𝛿(𝑛) 

… (16) 
The enhanced speech signal �̂�(𝑛) for the local segment can 
be expressed as: 

�̂�(𝑛) = 𝑚𝑥 + (𝑥(𝑛) − 𝑚𝑥) ∗
𝜎𝑠
2

𝜎𝑠
2 + 𝜎𝑑

2
𝛿(𝑛) 

          = 𝑚𝑥 +
𝜎𝑠
2

𝜎𝑠
2 + 𝜎𝑑

2
(𝑥(𝑛) − 𝑚𝑥) 

… (17) 
If 𝑚𝑥 and 𝜎𝑠

2 are updated for each segment, we can say 

�̂�(𝑛) = 𝑚𝑥(𝑛) +
𝜎𝑠
2

𝜎𝑠
2(𝑛) + 𝜎𝑑

2
(𝑥(𝑛) − 𝑚𝑥(𝑛)) 

… (18) 
when𝜎𝑠

2is much larger than 𝜎𝑑
2, there will be no attenuation 

and the estimated speech signal �̂�(𝑛) will be basically due to 
𝑥(𝑛) . However, if 𝜎𝑠

2  is smaller than𝜎𝑑
2 , there will be 

attenuation and the filtering will be done.The value of 𝑚𝑥(𝑛) 
can be estimated from the 𝑥(𝑛) as: 

�̂�(𝑛) =
1

2𝑀 + 1
∑ 𝑥(𝑘)

𝑛+𝑀

𝑘=𝑛−𝑀

 

… (19) 
where(2𝑀 + 1) is the number of sample in the short segment 

used for estimation. Since 𝜎𝑥
2 = 𝜎𝑠

2
+ 𝜎𝑑

2
, �̂�𝑠

2(𝑛) may be 
estimated from 𝑥(𝑛) as: 
 

�̂�𝑠
2(𝑛) = {

�̂�𝑥
2(𝑛) − �̂�𝑑

2

 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  
, 𝑖𝑓�̂�𝑥

2(𝑛) > �̂�𝑑
2 

… (20) 
Where 
 

�̂�𝑥
2(𝑛) =

1

2𝑀 + 1
∑ (𝑥(𝑘) − �̂�(𝑛))

2
𝑛+𝑀

𝑘=𝑛−𝑀

 

… (21) 
 Another method for de-noising uncorrelated additive noise 
is spectral subtraction. The power spectra of the corrupted 
speech signal can be approximated from eq. (3) as  
 

|𝑋(𝑘)|2 = |𝑆(𝑘)|2 + |𝐷(𝑘)|2 
… (22) 

 
where|𝑆(𝑘)|2 and |𝑋(𝑘)|2 are the magnitude spectra of clean 
and the noise respectively. Since the noise spectra cannot be 
obtained directly, an estimate �̂�(𝑘)is obtained from the silent 
period [12]. The estimation of clean speech spectrum is 
obtained by  
 

|�̂�(𝑘)|
2
= |𝑋(𝑘)|2 − 𝛼|�̂�(𝑘)|

2
 

… (23) 
 

where𝛼 is the over subtraction factor, which is a function of 
SNR. This model is based on the assumption that the noise 
affects the speech signal uniformly. However in case of real 
world operational conditions, this assumption is not true. It 

has been observed that impact of noise is different for 
different frequency range. Kamath and Loizou [13] proposed 
a multiband model for spectral subtraction. The entire 
frequency range of the speech signal is divided into N 
non-overlapping sub-bands and band-specific subtraction 
factor is computed for each frequency band. The estimation 
for clean speech of the 𝑖𝑡ℎ band is obtained by  
 

|�̂�(𝑘)|
2
= |𝑋𝑖(𝑘)|

2 − 𝛼𝑖𝛿𝑖|�̂�(𝑘)|
2
, 𝑏𝑖 ≤ 𝑘 ≤ 𝑒𝑖 

… (24) 
 

where𝑏𝑖 and 𝑏𝑖 are beginning and ending frequency bins of 
the𝑖𝑡ℎ frequency band and 𝛿𝑖 is the tweaking factor for the 
𝑖𝑡ℎ band. The band specific SNR is computed using the 
magnitude of the noisy spectra and estimated noise spectra as 
follows:  

𝑆𝑁𝑅𝑖 = 10 log10 (
∑ |𝑋𝑖(𝑘)|

2𝑒𝑖
𝑏𝑖

∑ |�̂�𝑖(𝑘)|
2𝑒𝑖

𝑏𝑖

) 

… (25) 
Using the SNR value 𝛼𝑖 is computed as: 
 

𝛼𝑖 = {

5 𝑆𝑁𝑅𝑖 < −5

4 −
3

20
𝑆𝑁𝑅𝑖 −5 ≤ 𝑆𝑁𝑅𝑖

1 𝑆𝑁𝑅𝑖 > 20

≤ 20 

… (26) 
The negative value of the enhanced spectra is floored to the 
noisy spectra.  

III. SPEECH DATABASE  

A speech database of Apatani tonal words has been 
prepared to carry out the experiments.  The Apatani language 
of Arunachal Pradesh of North Eastern India is a tone 
language. A language is regarded as ‘Tone Language’ if the 

change in the tone of the word results in changing the 
meaning of the word [14].Apatani has two lexical tones 
raising (ˊ) and falling (ˋ) [15]. In addition to these two tones, 
Apatani has words without any associated tone, which are 
referred to as normal tone. Except the vowel [ə] all the other 
vowels have 3 tonal instances namely raising, falling and 
level. In case of vowel [ə] only level tone has been observed. 
In the evaluation of the speech recognition system for tonal 
speech recognition task, the vowel [ə] has not been taken into 
consideration. The database for the present research consist 
of 24 isolated tonal words spoken by 20 different speakers 
(13 males and 7 females).The words chosen for recording 
are:  

Table-1: Tonal words considered for recording 
 

Sl no. Apatani 
Tonal 
Words 

Meaning in 
English 

1 tɑ́ Bite  

2 tɑ Listen  

3 tɑ̀ Drink 

4 khɛ̀ Cry 

5 khɛ To get angry 

https://www.openaccess.nl/en/open-publications
http://www.ijeat.org/
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6 khɛ́ Remove 

7 cɪ Cut with scissor  

8 cɪ ̀ Bring together two 
things  

9 jɪ ̀ Be black  

10 jɪ́ Roll 

11 jɪ Bind  

12 ɑ̀lɔ̀ Salt 

13 ɑ̀lɔ Dry 

14 kɔrɔ Day before 
yesterday 

15 kɔ́rɔ Fence  

16 ɑpʊ́ Blossom 

17 ɑ́pʊ Wrap Up 

18 kʊ Beg 

19 kʊ̀ Spray  

20 kʊ́ Wave like 
movement 

21 ɑnʊ́ Young Brother  

22 ɑnʊ Uncle  

23 mədɔ́ Rain 

24 mədɔ Doing 

 

For any tone language, the basic building blocks are tonal 
syllables. A tonal syllable consist of two components – a 
syllabic sound unit and an associated lexical tone. If the tone 
is ignored, it is called base syllable. Each syllable consist of 
vowel and consonant sounds. Tone is realized in voiced 
segment, therefore, tonal base units (TBU) in most of the 
time are voiced vowels [16]. The tone associated with the 
vowels are sufficient to express the tone associated with the 
syllable. Therefore, in the present study we will evaluate 
robustness of a tonal speech recognition system in terms of its 
capability to recognize tonal vowel at different noise 
conditions. The words are recorded in a controlled acoustical 
environment at 16 KHz sampling frequency and 16 bit mono 
format. A headphone microphone has been used for recoding 
the database. Each speaker uttered the same words 5 times. 
From the recorded isolated words, a vowel database has been 
created by segmenting the vowels from the isolated words. 
The segmentation has been done by using PRAAT software 
which is followed by subjective verification. Thus we get at 
least 100 instances for each tonal vowel. The database has 
been divided into two parts – training set and testing set. The 
training set consist of 50 instances of each tonal vowel and 
the testing set consist of remaining 50 instances of each tonal 
vowel.  

From the clean database noisy versions of the database has 
been created by adding noise from the AURORA database 
[17]. The noises added to the database are babble, car, 
exhibition, restaurant, street, subway and train noises. The 
noises are added at -15dB, -10dB, -5dB, 0dB, 5dB, 10dB and 
15dB signal-to-noise ratio (SNR).  

IV. RESULTS AND DISCUSSION  

The speech has been analyzed using a Hamming windows 
of length 25 ms, frame rate 100 Hz and pre-emphasis factor 
of 0.97. MFCC, LPCC and prosodic features have been 
extracted from each frame. Now from the extracted features 

two tonal feature sets have been created by appending the 
prosodic features with MFCC and LPCC features separately. 
We call them MFCC tonal feature and LPCC tonal feature 
respectively. To study the suitability of the feature sets for 
tonal speech recognition their probability density function 
(PDF) characteristics have been analyzed. If the same vowel 
with different tone have different PDF characteristics for a 
particular feature set, then the feature set will be efficient in 
recognizing the tonal instances of the vowels. PDF 
characteristics of the MFCC and LPCC tonal feature sets are 
given in Fig-1 and Fig-2 respectively. From the Figures it has 
been observed that both MFCC and LPCC feature sets the 
peak of the distribution are at different positions. For the 
vowel [ɔ] the MFCC tonal feature has more tonal phoneme 
discrimination capability while for vowel [ɑ] the LPCC tonal 
feature exhibits more tone discrimination capability. In case 
of vowels [ɛ] and [ʊ], both MFCC and LPCC tonal features 
display tone discrimination capability. This observation 
justify the fact that tone discrimination capability of a feature 
set depends on the underlying vowels. 

  
Fig. 1 PDF characteristics of tonal vowels for MFCC 

tonal feature set  
To evaluate the efficiency of the feature set in recognizing 

the tonal vowels, a Hidden Markov Model based recognizer 
has been trained using the clean training set. The testing has 
been done using the testing set and the confusion matrices for 
recognition of the tonal vowels have been prepared. The 
confusion matrices for the MFCC and LPCC tonal feature 
sets based HMM recognizer for recognizing the tonal vowels 
have been given in Table – 2 and Table -3 respectively.  

 

Fig. 2 PDF characteristics of tonal vowels for LPCC tonal 
feature set 

 
 
 

http://www.ijeat.org/
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Table – 2: Confusion matrix for tonal phoneme 
recognition with tonal MFCC and HMM based 

recognizer (50 test for each tonal vowel) 

 [ɑ̅:] [ ɑ́:] [ ɑ̀:] 

[ɑ̅:] 41 6 3 

[ ɑ́:] 4 43 3 

[ ɑ̀:] 1 2 47 

 [ɪ]̅ [ ɪ́] [ ɪ]̀ 

[ɪ]̅ 43 7 0 

[ ɪ́] 6 44 0 

[ ɪ]̀ 0 0 50 

 [ɔ ̅] [ ɔ́] [ ɔ̀] 

[ɔ ̅] 49 1 0 

[ ɔ́] 2 48 0 

[ ɔ̀] 1 0 49 

 [ɛ ̅] [ ɛ́] [ ɛ̀] 

[ɛ ̅] 48 1 1 

[ ɛ́] 0 48 2 

[ ɛ̀] 1 1 48 

 [ʊ ̅] [ ʊ́] [ ʊ̀] 

[ʊ ̅] 47 1 2 

[ ʊ́] 1 48 1 

[ ʊ̀] 0 1 49 

 

Table 3: Confusion matrix for tonal phoneme recognition 
with tonal LPCC and HMM based recognizer (50 test for 

each tonal vowel) 

 [ɑ̅:] [ ɑ́:] [ ɑ̀:] 

[ɑ̅:] 48 1 1 

[ ɑ́:] 0 49 1 

[ ɑ̀:] 0 0 50 

 [ɪ]̅ [ ɪ́] [ ɪ]̀ 

[ɪ]̅ 39 8 3 

[ ɪ́] 5 40 5 

[ ɪ]̀ 2 2 46 

 [ɔ ̅] [ ɔ́] [ ɔ̀] 

[ɔ ̅] 41 6 3 

[ ɔ́] 9 37 4 

[ ɔ̀] 2 10 38 

 [ɛ ̅] [ ɛ́] [ ɛ̀] 

[ɛ ̅] 47 0 3 

[ ɛ́] 1 49 0 

[ ɛ̀] 0 2 48 

 [ʊ ̅] [ ʊ́] [ ʊ̀] 

[ʊ ̅] 49 0 1 

[ ʊ́] 2 48 0 

[ ʊ̀] 1 1 48 

 

From the above confusion matrices it has been observed 
that the tonal phoneme recognition accuracy depends on the 

feature set and the underlying vowel. The recognition 
accuracy of the HMM based recognizer in tonal phoneme 
discrimination using different feature sets have been 
summarized in table-4.  

Table -4: Recognition accuracy of the HMM based 
recognizer for tonal phoneme recognition for different 

feature sets 

Tonal Vowel  MFCC tonal 
Feature set 

(in %) 

LPCC tonal feature 
set  

(in %) 
[ɑ̅:] 82 96 

[ ɑ́:] 86  98 

[ ɑ̀:] 94 100 

[ɪ]̅ 86  78 

[ ɪ́] 88 80 

[ ɪ]̀ 100 92 

[ɔ ̅] 98 82 

[ ɔ́] 96 74 

[ ɔ̀] 98 76 

[ɛ ̅] 96 94 

[ ɛ́] 96 98 

[ ɛ̀] 96 96 

[ʊ ̅] 94 98 

[ ʊ́] 96 96 

[ ʊ̀] 98 96 

Average 93.6 90.27 

 

In the next set of experiments, we have considered the 
noisy versions of the database and their performances have 
been evaluated using the same HMM model which is trained 
with clean speech. The recognition accuracy under different 
noise types and noise levels is given in table-5 and table-6. 

 
Table – 5: The recognition accuracy of HMM and MFCC 

tonal feature based speech recognizer for recognizing 
noisy tonal vowels 

Noise Type  -15  

dB 

-10 

dB 

-5 

dB 

0  

dB 

5 

dB 

10 

dB 

15 

dB 

Babble  23.4 25.4 26.7 33.8 37.4 54.2 67.3 

Car 24.0 26.5 27.6 32.8 38.6 49.8 69.6 

Exhibition  22.6 28.6 29.1 33.1 40.7 52.8 73.3 

Restaurant  22.8 25.3 24.6 31.7 34.4 58.0 62.0 

Street  28.2 25.9 25.2 35.4 35.3 48.9 63.5 

Subway  24.6 29.5 28.8 38.6 40.3 52.3 72.6 

Train  25.8 28.2 26.1 37.2 37.8 52.6 68.0 
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Table – 6: The recognition accuracy of HMM and LPCC 
tonal feature based speech recognizer for recognizing 

noisy tonal vowels 

Noise Type  -15 dB -10 

dB 

-5 

dB 

0  

dB 

5 

dB 

10 

dB 

15 

dB 

Babble  21.1 22.4 23.8 29.9 33.2 48.0 59.7 

Car 23.3 20.7 24.2 27.1 32.9 41.8 58.8 

Exhibition  22.4 25.7 27.5 30.5 38.0 49.0 68.2 

Restaurant  19.8 21.3 21.0 26.9 29.3 49.3 52.7 

Street  24.8 25.4 23.4 33.8 33.3 46.4 60.0 

Subway  
21.2 23.6 23.9 31.5 33.1 42.8 59.6 

Train  23.0 22.3 21.9 30.3 31.3 43.2 56.1 

 

From the above results, it has been observed that the 
recognition accuracy of the HMM based recognizer degrades 
considerably when noise presents in the speech signal. The 
performance deterioration is different for different noise 
types. Further, it has been observed that MFCC tonal feature 
outperforms LPCC based tonal feature under all operational 
conditions. Therefore, MFCC tonal feature may be 
considered as better parameterization technique for tonal 
speech recognition under all operational conditions. 
Therefore, the performance of the de-noising techniques have 
been evaluated with MFCC tonal feature only. To de-noise 
the corrupted speech signal, we apply Wiener Filter and 
sub-band spectral subtraction methods separately and the 
performance haves been evaluated. The result of the 
experiments are given in table-7 and table-8. 

Table – 7: The recognition accuracy of HMM and MFCC 
tonal feature based speech recognizer for recognizing 
tonal vowels at different noise conditions with Wiener 

Filter de-noising technique  

Noise Type  -15  

dB 

-10 

dB 

-5 

dB 

0  

dB 

5 

dB 

10 

dB 

15 

dB 

Babble  
33.7 35.8 38.0 47.9 53.1 66.8 83.0 

Car 
41.9 37.2 43.5 48.9 59.1 61.9 87.7 

Exhibition  
35.8 41.2 44.0 48.9 60.8 71.3 89.6 

Restaurant  
31.7 34.0 33.7 43.0 46.9 65.6 70.3 

Street  
39.7 40.6 37.5 54.1 53.2 69.0 89.0 

Subway  37.2 41.5 42.1 55.4 58.3 60.5 84.3 
Train  41.3 40.1 39.5 54.6 56.3 62.6 81.5 

 

Table – 8: The recognition accuracy of HMM and MFCC 
tonal feature based speech recognizer for recognizing 

tonal vowels at different noise conditions with sub-band 
spectral subtraction de-noising technique  

Noise Type  -15  

dB 

-10 

dB 

-5 

dB 

0  

dB 

5 

dB 

10 

dB 

15 

dB 

Babble  29.7 30.8 33.2 41.5 46.2 76.9 95.5 

Car 39.8 28.4 37.3 39.6 49.3 75.2 95.9 

Exhibition  34.7 36.3 40.7 44.2 55.6 78.4 94.2 

Restaurant  27.1 28.0 28.2 35.7 39.1 78.8 84.4 

Street  34.2 39.0 34.2 50.6 49.2 74.2 96.1 

Subway  31.4 32.6 34.2 44.2 47.0 75.4 97.9 
Train  36.0 31.0 32.5 43.6 45.7 77.8 94.9 

 

From the above experiments it has been observed that the 
Wiener filter gives better performance in high noise 
condition whereas the sub-band spectral subtraction gives 
better performance at low noise condition. At 10dB and 15dB 
noise level, the sub-band spectral subtraction method 
outperforms the Wiener filter in noise compensation.  

In the next experiment, we have combined the sub-band 
spectral subtraction and Wiener filter method. The speech 
spectra first goes through a sub-band spectral subtraction 
method and then Wiener filter is applied. The result of the 
experiment is summarized in table-9. 

 
Table-9: The recognition accuracy of HMM and MFCC 

tonal feature based speech recognizer for recognizing 
tonal vowels at different noise conditions with sub-band 

spectral subtraction and Wiener filter de-noising 
techniques 

Noise Type  -15  

dB 

-10 

dB 

-5 

dB 

0  

dB 

5 

dB 

10 

dB 

15 

dB 

Babble  38.0 40.0 42.7 53.6 59.6 86.2 89.3 

Car 49.0 39.4 48.4 53.1 65.1 82.3 96.8 

Exhibition  42.3 46.5 50.8 55.8 69.9 89.8 94.0 

Restaurant  35.3 37.2 37.1 47.2 51.6 86.7 77.3 

Street  44.4 47.8 43.0 62.8 61.4 85.9 92.6 
Subway  41.2 44.5 45.8 59.8 63.2 81.5 94.6 
Train  46.4 42.7 43.2 58.9 61.2 84.2 91.2 

 
 From the above results it has been observed that under 
certain noise conditions one de-noising technique gives better 
performance over the other technique. However, when both 
the methods are combined together, it gives a consistently 
optimal performance under all operational conditions. 

V. CONCLUSION 

In this paper, the robustness issue of MFCC and LPCC 
features combined with prosodic features has been evaluated 
for tonal speech recognition. In case of tonal speech 
recognition only the spectral features like MFCC and LPCC 
are not sufficient as they does not conation tone related 
information. Therefore, prosodic features must have to be 
combined with them. Prosodic feature, which is determined 
by fundamental frequency and energy is highly sensitive to 
noise. Therefore, at noisy environmental conditions the 
performance of the speech recognition system degrades 
considerably. In the present study it has been observed that 
under controlled environmental conditions, both MFCC + 
Prosodic features and LPCC + prosodic features perform well 
in recognizing the tonal speech. However, with increasing 
level of noise, the performance degrades considerably. The 
degradation is more in case of LPCC + prosodic features 
compared to MFCC + prosodic features. Considering all 
operational conditions it has been observed that MFCC + 
prosodic feature is a better option for recognizing tonal 
speech. Two most commonly used de-noising techniques 
sub-band spectral subtraction and Wiener filter have been 
used for noise elimination in 
the present work.  
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It has been observed that Wiener filter perform 
significantly well in high noise conditions whereas sub-band 
spectral subtraction gives better performance in low noise 
condition. Combining both the methods, we have observed 
that the performance has consistently improves in all noise 
conditions. However, for some noise conditions, this 
performance is lower than the performance of individual 
techniques. Considering an optimal operational scenario, we 
have suggested that sub-spectral subtraction combined with 
Wiener filter is a viable noise reduction technique for tonal 
speech recognition.   
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