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Abstract
The innovative idea of this paper is to developed a speaker 
recognition system  using amplitude and phase information 
from LP residual separately using Hilbert Transform (HT). The 
magnitude of the HT of the signal called as the Hilbert Envelope 
(HE) of the LP residual and the cosine of the phase, called as the 
Residual Phase (RP).These two are processed at subsegmental, 
segmental and suprasegmnetal levels  using proposed Ergodic 
HMM  and combine their scores  at each level. The HMM based 
speaker recognition extracted temporal sequence information and 
also modeled intra-speaker variability effectively. The proposed 
speaker recognition system is compared with the LP residual at 
different levels.
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I. Introduction
Within the past decade, technological advances such as telebanking 
and remote collaborative data processing over large computer 
networks have increased the demand for improved methods of 
information security. For personal information including medical 
records, bank accounts and credit history, the ability to verify the 
identity of individuals attempting to access such data is critical. To 
data, low-cost methods such as passwords, personal identification 
numbers and magnetic cards have been widely used. More advance 
security measures have also been developed (e.g., face recognizers, 
retinal scanners, as well as automatic finger print analyzers). The 
use of these procedures has been limited by both cost and ease of 
use. In recent years, speaker recognition (recognizing a person 
from his/her voice by a machine) and verification algorithms have 
also received considerable attention. These are several reasons for 
this interest. In particular, speech provides a convenient and natural 
form of input conveys a significant amount of speaker dependent 
information, and it is expensive to collect and analyze.
Speech is composite signal which has information about the 
message, the speaker identity and the language. It is difficult to 
isolate the speaker identity and the language. It is difficult to 
isolate the speaker specific features alone from the signal. The 
speaker characteristics present in the signal can be attributed to 
the anatomical and the behavioral aspects of the speech production 
mechanism. The representation of the behavioral characteristics 
is a difficult task, and usually requires large amount of data. 
Automatic speaker recognition systems rely mainly on features 
derived from the physiological characteristics of the speaker.
Speech is produced as sequence of sounds. Hence the state of 
vocal folds, shape and size of various articulators, change over 
time to reflect the sound being produced. To produce a particular 
sound the articulators have to be positioned in a particular way. 
When different speakers try to produce same sound, through their 
vocal tracts are positioned in a similar manner, the actual vocal 
tract shapers will be different due to differences in the anatomical 

structure of vocal tract. The movements of vocal folds vary from 
one speaker to another. The manner and speed in which the vocal 
folds close also varies across speakers. Hence different voices 
are produced. Source features represent these variations in the 
vibrations of the vocal fold and also requires less database. 
The speaker information in the speech signal is attributed to 
the physiological and behavioral aspects of a person [2]. The 
physiological aspects are due to the vocal tract and excitation 
source that involved in the speech production [1 & 2]. The 
behaved aspects involves factors like speaking rate accent etc., 
[2]. The shape, size and the dynamics associated with the vocal 
tract contribute to the speaker characteristics. On the similar 
lines, the shape, size and the dynamics associated with vocal 
folds contribute to the speaker characteristics. State of the art 
speaker recognition system mostly use vocal tract related speaker 
information represented by the spectral or cepstral features like 
linear prediction cepstral coefficients LPCC or MFCC [4,5 and 
6] these features provides good recognition performance. The 
reason may be that, they nearly represent complete vocal tract 
information. However, under degraded conditions the spectral 
or cepstral features give poor performance. Hence there is a 
need for deriving robust features for SR. The speech production 
and perception theory indicate that the source contains speaker 
information and also more robust due to its impulsive nature. 
Motivated us to explore methods for modeling the speaker-specific 
source information from the source [2,7, 12,13,14,15and 17]. These 
attempts demonstrate that the source indeed significant speaker 
information .However, the recognition performance is not at with 
the vocal tract information. The reason may be that the methods 
employed in representing source information may not model all 
aspects of speaker information. By that we mean, LPCC or MFCC 
captures formants and their bandwidth information characterizing 
the vocal tract completely, pitch is only one aspect of speaker 
information due to source. Thus to improve the performance of 
source features, methods need to developed that tries to capture 
the complete source information. Source information contained in 
the LP residual of the speech signal [12 and 13].  The LP residual 
can be processed in time, frequency, cepstral or time –frequency 
domains to extract and model information. [6, 12, 13, 14 and 
15 and 18]. Processing of LP residual in time-domain has the 
advantage that the artifacts of digital signal processing like block 
processing or windowing effect that creep in other domains of 
processing like will be negligible.
In Atal [2], the temporal variation of pitch termed as pitch contour 
is used as the speaker information. The pitch contour spans over 
several segments and hence may be viewed as suprasegmental 
processing. Attempts have been made to use pitch as an additional 
parameter along with vocal tract features like MFCC at frame 
levels, which seem to improve the performance [4 and 7]. In 
these studies, pitch information is extracted for each segmental 
frame and appended to MFCC and hence may be treated under 
segmental processing. In [13 and 16], information from the LP 
residual is processed in blocks of 5 msec with one sample shift. 
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In [10 and 11] also, the LP residual phase computed from the 
analytic signal representation of the LP residual is processed in 
blocks of 5 msec with one sample shift. In these studies, the speaker 
information is implicitly captured using the Auto Associative 
Neural Network (AANN) models and demonstrated presence of 
speaker information. Since the block length is less than 20 msec, 
these studies may be viewed under subsegmental processing. All 
these studies are independent and use different approaches for 
extracting and modeling speaker information.
 The authors [19] developed a unified framework and reported 96% 
for LP residual and 98% for different nature of fusion of HE and 
RP of LP residual at subsegmental, segmental and suprasegmental 
levels using Gaussian Mixture models. In which neglected the 
temporal sequence information of speaker and intra-speaker 
variability cannot modeled properly using Gaussian mixture 
models. Thus challenge is to model effectively temporal sequence 
information and intra-speaker variability using Ergodic Hidden 
Markov model. 
The rest of the paper is organized is as follows: Section 2.1 
describes processing of analytic signal representation of LP 
residual speaker information from the LP residual .Section 3 
results and discussions. The last section summarizes the present 
work with a mention on the scope for future work.

A. Speaker-Specific Information Using Analytic Signal 
Representation of LP Residual  
In the previous section, Speaker information from the LP residual 
was derived by direct processing of the LP residual at the sub-
segmental, Segmental and suprasegmental levels. The dominant 
speaker information present in these three levels of processing 
mostly represents the amplitude and sequence information of the 
source. When the LP residual is processed directly, the effect of 
amplitude values dominates over the sequence, especially around 
the instants of glottal closure [10]. It may therefore be better to 
separate the amplitude and sequence information and then process 
them independently. One approach to achieve this is with the use 
of analytic signal representation of the LP residual [3]. In this 
representation, the magnitude of the analytic signal of LP residual 
and the cosine of the phase of the analytic signal represents the 
sequence information. Thus the analytic signal representation of 
the LP residual may help in exploiting the amplitude and sequence 
information separately. We proposed to derive the subsegmental, 
segmental and suprasegmental features from the analytic signal 
representation of the LP residual using Ergodic Hidden Markov 
model.
The analytic signal of the LP residual  (n) corresponding to the 
LP residual r(n) is given by [3]

(n)=r(n)+j (n)                                           (1)
Where,  (n) = IFT [ (w)]

Where, (w) =                   (2)

R(w) is the Fourier transform of r(n) and IFT denotes the inverse 
Fourier transform. The magnitude of the analytic signal, called as 
the Hilbert envelope (HE) of the LP residual is given by [10]

=                                  (3)
and the cosine of the phase, called as the Residual Phase (RP) is 
given by [10]

   (4)
HE of LP residual and RP of LP residual is processed at 
subsegmental, segmental and suprasegmental levels using Ergodic 
Hidden Markov models to extract sequence information and intra-
speaker variability effectively.

A. Modeling Speaker Information from Subsegmental, 
Segmental and Suprasegmental Levels HE and RP of LP 
Residual and Their Combination
The amplitude information is obtained from LP residual using 
Hilbert transform and which is 900 a shifted version of LP residual. 
Since the Hilbert Envelope (HE) represents the magnitude 
information of the LP residual. The HE of LP residual is processed 
at subsegmental, segmental and suprasegemental levels. In this 
subsegmental, segmental and suprasegemental sequences are 
derived from the HE of LP residual is called as HE features.   The 
HMM-based speaker recognition performances for subsegmental, 
segmental and suprasegmental levels are shown in figs 3.1(a)-
3.3(a) respectively. The combined amplitude information at each 
level is improved and source features are combined with vocal 
tract features is shown in Figs 3.1(b)-3.3 (b) respectively. The 
experimental results have been shown in tables 1, 2 and 3 for 
38 speakers of TIMIT database. The cosine of the phase of the 
analytic signal represents the sequence information is known as 
Residual Phase (RP) of LP residual. . The RP of LP residual 
is processed at subsegmental, segmental and suprasegemental 
levels. In this subsegmental, segmental and suprasegemental 
sequences are derived from the RP of LP residual is called as RP 
features   The HMM-based speaker recognition performances for 
subsegmental, segmental and suprasegmental levels are shown in 
Figs 3.4(a)-3.6(a) respectively. The combined phase information 
at each level is improved and source features are combined with 
vocal tract features is shown in Figs 3.4(b)-3.6(b) respectively. 
Later combined HE and RP features to obtained improved Robust 
speaker recognition system and Figs are3.7-3.9. The experimental 
results have been shown in tables 4, 5, 6, 7, 8 and 9 for 38 speakers 
of TIMIT database.
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Table 1: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal(supra) Levels of HE of LP Residual 
for 1-State Ergodic HMM
No. of mixtures Sub Seg Supra SRC= Sub+Seg+Supra MFCC’s SRC+MFCC’s
2 3.333 23.3333 100 42.333 80 61
4 6.6667 53.333 100 53.333 95 74.33
8 10 66.667 100 58.88 95 76.99
16 13.3333 93.3333 100 68.889 90 80
32 20 100 100 73.333 95 84

                        
         (a)                       (b)
Fig. 1: Recognition Performance of HE of LP Residual for1-State Ergodic HMMs

Table 2: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal Levels of HE of LP Residual for 
2-State Ergodic HMM
No of Mixtures Sub Seg Supra SRC=Sub+Seg+Supra MFCC SRC+MFCC
2 3.333 20 83.333 35.667 80 55
4 6.667 53.333 96.667 52.333 95 75
8 3.333 76.667 96.667 58.667 95 77.5
16 16.667 96.667 100 70 90 80
32 40 100 100 80 95 87.5

                    
           (a)        (b)
Fig. 2: Recognition Performance of HE of LP Residual for 2-state Ergodic HMM

Table 3: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal Levels of HE of LP Residual for 
3-State Ergodic HMM

No of Mixtures Sub Seg Supra SRC=Sub+Seg+Supra MFCC SRC+MFCC

2 3.333 16.667 83.333 33.333 50 47
4 3.333 50 96.667 50 70 60
8 10 60 96.667 60 80 70

16 13.3333 83.333 100 70 86.667 78
32 26.667 100 100 80 76.667 78
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       (a)                                                                                                        (b)
Fig. 3: Recognition Performance of HE of LP Residual for 3-State Ergodic HMM

Table 4: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal Levels of RP of LP Residual for 
1-State Ergodic HMM
No. Of mixtures Sub Seg Supra SRC=Sub+Seg+Supra MFCC’s SRC+MFCC’s
2 100 100 100 100 80 90
4 100 100 100 100 95 97.5
8 93.333 100 100 97.667 95 96.667
16 100 100 100 100 90 95
32 86.667 100 100 100 95 97.5

        
Fig. 4: Recognition Performance of RP of LP Residual for1-State Ergodic HMM 

Table 5: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal Levels of RP of LP Residual for 
2-State Ergodic HMM
No. Of mixtures Sub Seg Supra SRC=Sub+Seg+Supra MFCC’s SRC+MFCC’s
2 96.6667 100 100 99 80 89.5
4 86.6667 100 100 95.555 95 95.333
8 96.6667 100 100 98.8889 95 97
16 96.6667 96.6667 100 96.667 90 93.3333
32 100 100 100 100 95 97.5
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Fig. 5: Recognition Performance of HE of LP Residual for 2-State Ergodic HMMs

Table 6: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal Levels of RP of LP Residual for 
3-State Ergodic HMM
No. Of mixture Sub Seg Supra SRC= Sub+Seg+Supra MFCC’s SRC+MFCC’s

2 100 100 100 100 50 75

4 86.6667 96.6667 100 95.555 70 82.777

8 93.3333 93.3333 100 95.4444 80 87.5

16 83.3333 93.3333 100 93.1667 86.6667 90

32 100 96.6667 100 98.3333 76.6667 90

     
Fig. 6: Recognition Performance of HE of LP Residual for 3-State Ergodic HMM  

Table 7: Recognition performance of subsegmental (Sub), segmental (Seg) and suprasegmnetal levels of HE and RP of LP residual 
for 1-state ergodic HMM.

No. of mixtures Sub of
HE and RP

Seg of
HE and RP

Supra of
HE and RP SRC=Sub+seg+supra MFCC’s SRC+MFCC’s

2 51.33 61.333 100 73.33 86.667 76.667

4 54 78 100 80 95 87.5

8 55 83.3333 100 84 95 90

16 56.667 96.667 100 86.667 90 90

32 54 100 100 90 95 93
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   (a)                 (b)
Fig. 7: Recognition Performance of Combination of HE and RP of LP Residual for 1-State Ergodic HMMs
 
Table 8: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal Levels of HE and RP of LP residual 
for 2-State Ergodic HMM

No. of 
mixtures

Sub of
HE and RP

Seg of
HE and 
RP

Supra of
HE and RP SRC=Sub+seg+supra MFCC’s SRC+MFCC’s

2 56.667 60 91.333 73.33 80 76.667

4 50 76.667 98.333 80 95 86.667

8 50 88.3333 99 88.33 95 96.667

16 56.667 95.667 100 95 90 98.667

32 75 100 100 100 95 100

          
Fig. 8: Recognition Performance of Combination of HE and RP of LP Residual for 2-state Ergodic HMM

Table 9: Recognition Performance of Subsegmental (Sub), Segmental (Seg) and Suprasegmnetal Levels of HE and RP of LP Residual 
for 3-State Ergodic HMM

No. of 
mixtures

Sub of
HE and RP

Seg of
HE and RP

Supra of
HE and RP SRC=Sub+seg+supra MFCC’s SRC+MFCC’s

2 56.667 60 91.333 70 50 66.667
4 50 76.667 98.333 76.667 70 76.667
8 50 88.3333 99 86.667 80 86.667
16 56.667 95.667 100 95 86.667 98.667

32 75 100 100 100 76.667 100
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   (a)

 
   (b)
Fig. 9: Recognition Performance of Combination of HE and RP 
of LP Residual for 3-state Ergodic HMMs

IV. Summary and Conclusion
Different nature of source features are derived from LP residual, 
which are HE and RP of LP residual at subsegmental, segmental 
and suprasegmental levels which are used for the development 
of speaker recognition using Ergodic Hidden Markov model. 
Hidden Markov model exploited the sequence information and 
it is powerful to model intra speaker variability. Hence, the 
performance at suprasegmental level of LP residual, HE of LP 
residual and RP of LP residual is best than the other two levels of 
features. The score levels are combined at each level of HE of LP 
residual and RP of LP residual individually to improve speaker 
recognition performance.  The fusion of HE of LP residual and 
RP of LP residual enhances the SR system performance compared 
with SR system using individual features alone.  
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