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Abstract
Current speaker recognizer systems the speaker specific 
source information at different levels. In this we exploits the 
source information (LP residual) present at different levels 
namely subsegmental, segmental & suprasegmental. The 
subsegmental analysis considers LP residual in blocks of 5 
msec with shift of 2.5 msec to extract speaker information. The 
segmental analysis extracts speaker information by processing 
in blocks of 20 msec with shift of 2.5 msec. The suprasegmental 
speaker information is extracted by viewing in blocks of 250 
msec with shift of 6.25 msec. The speaker recognizer studies 
performed using TIMIT (Texas Instruments and Massachusetts 
Institute of Technology) databases demonstrate that the 
segmental analysis provides best performance followed by 
subsegmental analysis. The suprasegmental analysis gives 
the least performance. However, the evidences from all the 
three levels of processing seem to be different and combine 
well to provide improved performance, demonstrating different 
speaker information captured at each level of processing. Finally, 
the combined evidence from all the three levels of processing 
together with vocal tract information further improves the 
speaker recognition performance.
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I. Introduction
The Speaker information can be classified by two types 
Speaker Identification (SI) and Speaker Verification (SV). SI 
& SV based on text spoken in two types Text Dependent and 
Text Independent. Speaker Identification is One-to-Many as 
well as The Speaker Verification is One-to-One. The speaker 
information in the speech signal is based on the physiological  
behavioral  of a person(Atal 1972). The physiological aspects 
are due to the vocal band and excitation source that involved 
in the production. The behavioral aspect involves aspects like 
speaking rate, accent, voice frequency etc.The shape, size 
and the dynamics are related with the vocal band contribute 
to the speaker characteristics. In similar way, the shape, size 
and the dynamics associated with the vocal folds contribute 
to the speaker characteristics. 
State of the art speaker recognition systems mostly use vocal 
tract related speaker information represented by the spectral 
or cepstral features like linear prediction cepstral coefficients 
(LPCC) or mel frequency cepstral coefficients (MFCC) These 
features provide good recognition performance. The reason 
may be that, they nearly represent complete vocal tract 
information. By that we mean, LPCC or MFCC captures the 
formants and their bandwidth information characterizing the 
vocal tract completely, but pitch is only one aspect of speaker 
information due to source. The 5 msec blocks of LP residual 
sample sequences in the time domain are used as feature 

vectors for modeling speaker information by Gaussian mixture 
modeling (GMM) technique to generate subsegmental speaker 
models. The 20 msec blocks of LP residual samples are first 
decimated by a factor of 4 to reduce its dimensionality and 
also to eliminate the information that has been modeled at 
the subsegmental level. The decimated LP residual sample 
sequences are modeled by GMM to generate segmental speaker 
models. The decimated LP residual sample sequences are 
modeled by GMM to generate suprasegmental speaker models. 
All these models are independently tested using respective 
blocks of LP residual extracted from the test signals to evaluate 
the amount of speaker information present at each level. Finally 
the combination of evidences from all the three levels is made 
to observe their different nature of speaker information. The 
potential of combined source information is demonstrated by 
comparing and also combining its performance with a speaker 
recognition system using vocal tract feature. If we treat the 
residual signal as random noise, then the distribution of the 
samples will be Gaussian. Since the LP residual deviates 
from random noise due to pitch information, to that extent 
the distribution of the residual samples may be non-Gaussian 
in nature. However, this can be handled with the help of 
the GMM. Hence the motivation for using GMM for speaker 
modeling from LP residual. The rest of the paper is organized 
as follows:  de-scribes the proposed subsegmental, segmental 
and suprasegmental analysis of LP residual approach for 
modeling speaker information from the LP residual. In this 
paper will also describe the speaker recognition studies that 
have been performed using the proposed approach. describes 
an alternative approach for suprasegmental information 
using the concept of instantaneous pitch. The last section 
summarizes the present work with a mention on the scope 
for future work.

II. Processing of LP Residual in Time Domain
This processing of LP residual can be taken into three ways 
with respect to the time domain. Thse three ways of are

A. Objective Is To Combine Above Features
Current Speaker Identification (SI) systems ignores speaker-
specific information present at different levels namely, 
subsegmental, segmental and suprasegmental levels, at each 
level features are contained. But state-of –art of the SI systems 
depends on the segmental (Vocal-tract or system) features 
only.  Hence combing three types of features increases the 
performance of SR systems.

B. More Over Current Recognition Systems Ignores 
Source Information At Different Levels
Present system exploits the source information of the speech 
signal present  at subsegmental, segmental and suprasegental. 
LP residual is a result of passing the speech signal through 
inverse filter(i.e., removing the vocal tract information). This 
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is approximatly equalt to the excitation signal or source 
information.

C. Compitation Of LP Residual

Fig. 1: inverse filter to obtain LP residual signal from speech 
signal

In LP model of speech production, each sample of speech
is predicted as a linear combination of the past p samples,
where p represents the order of prediction (Makhoul 1975).
If s(n) is the present sample, then it is predicted by the past
p samples as

The LP residual r(n) is obtained by passing the speech signal
through an inverse filter A(z) given by

where, aks are the LP coefficients (LPCs) computed by minimizing 
the mean square prediction error. The error between the actual 
and the predicted sample value is called as the prediction error 
or LP residual and is given by

The predicted samples ̂ s(n) model the vocal tract information in 
terms of (LPCs) (Atal 1974). The suppression of this information 
from the speech signal s(n) that results in the LP residual r(n) 
is therefore mostly contains information about the source. So 
the source signal can be approximated by the LP residual. The 
representation of source information in the LP residual depends 
upon the order of prediction. 

Fig. 2: Confusion patterns of Sub, Seg, Supra, Src −2 and 
MFCC information for identification of 90 speakers from TIMIT  
database

III. Different Levels of Residual Speech Signal

A. Subsegmental

At the subsegmental level, speaker information present mostly 
within one glottal cycle is modeled. This information may 
be attributed to the activity like opening and closing glottal 
characteristics. To model this information, the LP residual is 
blocked into frames of 5 msec with a shift of 2.5 msec. For 
5 msec at 8 kHz, the frames have 40 samples. For example 
shown in fig. 3 (a) and 3 (b)
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B. Segmental
In segmental level processing of LP residual, other information 
that can be observed at the segmental level needs to be 
emphasized. For this we propose to decimate the LP residual 
by a factor 4 so that the sampling rate becomes 2 kHz and we 
may have source information up to 1 kHz. The decimated LP 
residual is shown in fig. 4 (a) and 4 (b). Even after decimation, 
the dominant speaker information at the segmental level, that 
is, pitch and energy information, still can be preserved.
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C. Suprasegmental 
LP residual contains for speaker information at very low 
frequency range, may be less than 100 Hz. For example 
the variation in pitch and enrgy across several glottal cycles 
(Atal 1972;Farrus and Hernando 2009). In capturing such 
information, we need to process the LP residual at the 
suprasegmental level, for example, with frames of 100–300 
msec range. For the LP residual sampled at 8 kHz, the feature 
vectors from such frames will be of very large dimension for 
building models.We prefer to decimate the LP residual by a 
factor 50 so that the sampling rate becomes 160 Hz and we 
may have the source information up to 80 Hz. In this examples 
shown in below fig. 5 (a) and 5 (b). 
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D. Speaker Identification Analysis on Database of All 
(80) Speakers
1. Speaker identification using Mel Frequency Cepsral 
Coefficients (MFCC) features of speech signals of each 
speaker.
i) K=2.
Speaker identification percentage = 60 of 80 speakers.
Confusion matrix image: 
white dots in diagonal of image gives correct identification

                              

ii) K=4 : Speaker identification percentage= 75 of 80 speakers. 
Confusion matrix image: 

                              
iii) K=8 : Speaker identification percentage= 79 of 80 speakers. 
Confusion matrix image:

                              
iv) K=16 : Speaker identification percentage= 75 of 80 speakers. 
Confusion matrix image:

                                
2. Performance of GMM when LPCC features are used:

Table 1: performance of GMM system for LPCC features.

K-Means K=2 K=4 K=8 K=16

LPCC 60/80 75/80 79/80 74/80

IV. Summary and Conclusion
The Speaker information can be classified by two types Speaker 
Identification and Speaker Verification. Vocal-tract features are 
calculated by using Linear Predict coding. So these are the 
conventional features which are added with the above features 
(sub segmental, segmental & suprasegmental). Hence Speaker 
Recognition systems to be improved. In this work an unified 
framework is proposed for the extraction of complete source 
information by the time domain analysis of the LP residual. 
To model the speaker information effectively using GMM, the 
segmental and suprasegmental level information is decimated 
by a factor of 4 and 50, respectively. Experimental results show 
that sub segmental, segmental and suprasegmental levels 
contain speaker information. the performance improvement 
indicates the different nature speaker information at each 
level. In direct processing of the LP residual the effect of 
the amplitude dominate the sequence information. The 
combination of amplitude and sequence information seem 
to be a better choice. At the individual level, information 
provided by segmental level of the LP residual is most effective 
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compared to the other two levels. The information provided 
at the suprasegmental level processing of the LP residual is 
poor due to intra-speaker variability and text-independence. 
This is also confirmed by an alternative approach using pitch 
and epoch strength contours to capture the suprasegmental 
information. In this work the excitation source information is 
extracted by processing the LP residual in the time domain. The 
time domain processing of the LP residual is computationally 
intensive. Because the waveform itself is directly modeled. To 
explore the possibility of compact parametric representation 
of the excitation information, LP residual can be processed 
from the other domains like frequency or cepstrum. This has 
to be done by keeping in view of the blocking effect that is 
present in these domains. Further, in this work we use the 
combination scheme based on logical OR to demonstrate the 
potential of source evidence. New combination techniques 
need to be explored to exploit the same.
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