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Abstract

This work compares the performance of the Mel-Frequency Cepstral Coefficient (MFCC) and Perceptual Linear Prediction
(PLP) features for developing a text-dependent speaker identification system. Continuously spoken Hindi speech sentences
have been used to train the HMM models using HTK toolkit for each speaker separately. The experiments have been
performed using a set of 200 continuously spoken sentences with vocabulary of 20000 isolated words using a database
of 100 speakers. The results show an accuracy of 92.26% recognition when PLP features have been used and accuracy
of 91.18% for MFCC features. A confusion matrix has been created for all the 20 test speakers based on the recognition
scores obtained for each of these speakers and their confusion with other speakers. Performance has been compared in the
closed set and open set conditions of testing and as it is expected, the performance in the closed set condition is far better
than the open set. We propose that if PLP features are used in place of MFCC, they may provide improvement in speaker
identification accuracy by reducing the cases of false acceptance.
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1. Introduction

A speech signal not only contains information about text
message but about the identity of the speaker. In speaker
recognition, therefore, an attempt is made to extract the
features and parameters from the signal which are helpful
to identify or verify a speaker’. In the past, several experi-
ments have been performed using MFCC features” but less
number of experiments using PLP features®. These results
have shown varying performances. Richard M. Stern et al.
have found WER of 35.1% for MFCC and 38.0% for PLP
features, for NRL Spine database?, but very few experi-
ments have been done to compare the performance of
speaker recognition using both MFCC and PLP features
on the same database-particularly using Hindi database.
In the present paper, an attempt has been made to
conduct speaker identification experiments from MFCC
and PLP features. HTK toolkit® has been used to model
the HMM classifier. The results obtained on using both
the feature extraction techniques have been compared.

*Author for correspondence

2. Overview of the System

Figurel gives the overview of our approach for this study.
The input speech is passed through front end process-
ing unit. It includes the alignment of audio files and their
transcription. Necessary processing is done to extract
MFCC and PLP features from the speech signal. These
feature vectors help to create the acoustic models con-
taining all the feature vectors and duration of the words
which exist in a particular sentence.

The lexicon module along with the language model
plays the supportive role to find the system accuracy. The
lexicon module contains all the lexicons (phones) con-
tained in our database. Language model has been used to
capture the possible variations in pronunciation uttered
by a particular speaker, used to tied-states in HMM clas-
sifiers. We have tried to develop a phone-based trigram
model to capture the sequence of phones in a word and
then words in a particular sentence. With the help of all
these inputs, the system follows the matching approach
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using Viterbi algorithm to find the best accuracy score of
the words in a particular sentence®. The 1-best hypothesis
of a sentence has been taken.

Figure 1. Architecture of speaker recognition engine.

3. Methodology

3.1 Database Collection

The present system uses a data-set of 200 phonetically
rich Hindi sentences recorded by 100 native Hindi speak-
ers (50 male and 50 female) within the age group of 18
to 30 years. Recording was carried out in a sound treated
room environment having S/N > = 40 db. These were
sampled at the rate of 16 bit-16 kHz. Eighty speakers were
used for training the system and the other twenty speak-
ers for testing the system in open-set condition. Similarly,
the system has been trained for one hundred speakers and
tested by using twenty speakers out of these 100 speakers
in closed-set condition.

3.2 Pronunciation Dictionary

The following steps have been followed for the creation of
pronunciation dictionary”:
Formation of Sentences

l

Extraction of 20000 words from 200 sentences

}

Total word tokens are 8500 out of 20000 words

|

Create a dictionary of possible pronunciations of one
word uttered by different speakers
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3.3 Transcription

For parallel alignment of audio and text data of various
speakers, phonetic transcription has been done manually.
For alignment purpose, all wave files were converted into
text for the 100 speakers.

3.4 Creation of Phone Sets

To capture the sound units in a word, phone-sets of Hindi
have been created. 45 phones exist in our database, shown
in Figure 2.

3], 3Mmal, 1], (i, 3[0] 3 [o], Tel,

Ule], 3M[e], S[k], Tk, g], ©g", =t/],
ot/"], STd3], F(d3"], Flp], Blp"], d(b],
H[b*, H[m], d[t], Ut ], &ld], &[d" 1, Aln],
elt], 3[t", 3(d], ld", AL, Acl, =01, aw],
AL, Sls], As], Slz], 3E], Blf], 3],
glh], 3lc], UTn]

Table 3: Perception of Hindi consonants spoken by non
native speakers and perceived by Hindi natives

3. ACOUSTIC ANALYSIS

As the process of speech perception hinges on the acous-
tic spectrum, the formant frequencies provide enough
information to distinguish the speech sounds. We have
Figure 2. Hindi phone set.
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Figure 2. Hindi phone set.

3.5 Annotation at Phoneme Level

Speech database of 100 speakers were annotated at pho-
neme level using PRAAT software tool to capture the
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duration of individual phonemes. Figure 3 represents the
samples of annotated files of two Hindi words (Himalaya
and Vadiyaan) at phoneme level.
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Figure 3. Samples of annotated file.

3.6 Parameterization

For extracting the relevant information from speech spec-
tra MFCC and RASTA-PLP have been used for speaker
diarization and compare their results using HTK®.

3.6.1 Mel Frequency Cepstrum Coefficient
(MFCC)

Mel Frequency Cepstrum Coeflicients are widely used for
parameterization’. For MFCC extraction, the source kind
is wave and the target kind is MFCC_0". The Hamming
Window size used in the experiment has been taken to be
25 ms with a frame shift of 10 ms. Pre-emphasis co-efhi-
cients have been set as 0.97. Twenty-two band pass filters
have been taken to capture all the co-efficients related to
our database. For MFCC extraction, Logarithmic com-
pression has been taken into consideration.

3.6.2 Relative Spectral Transform-Perceptual
Linear Prediction (RASTA-PLP)

RASTA-PLP is a technique of warping spectra to mini-
mize the differences between speakers while preserving
the important speech information". It is an approach
completely based on perceptual linear prediction.

The whole RASTA-PLP extraction is illustrated in the
following figure:

For PLP extraction, the source format is wave and the
target kind is PLP_0"". Similar to MFCC, in this case also
the Hamming window size of 25 ms and 22 bandpass fil-
ters have been taken to capture all the co-efficients from
the database. For PLP extraction, cubic root compression
have been taken into account.
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Figure 4. Block diagram of RASTA speech processing
technique.

3.7 Speaker Modeling using HMM

We trained the recognition engine using MFCC and
RASTA-PLP features for a database of 200 sentences for
all the 100 speakers separately. For speaker identification,
two models have been created - one is acoustic model
which estimates the means and variances of a HMM in
which each state output distribution is a single compo-
nent Gaussian and the other is text-dependent language
model'? which is phone based trigram model to capture
the sequence of phones in a word and then sequence of
words in a particular sentence. To determine more accu-
rate parameters, Baum-Welch re-estimation has been
used®.

We perform single-pass retraining in which the state/
component occupation probabilities are calculated using
an existing model and training set, but the new model
parameters are calculated using a new training set'.

3.8 Testing of the Recognition Engine

To recognize unknown test words, the likelihood of each
model generating the word is calculated using Viterbi
Algorithm" and the most likely model identifies the
word. The testing is done separately with both MFCC and
RASTA-PLP features.

4. Experimental Results

Figure 5 shows the performance of conducting the rec-
ognition tests. For example, it can be seen that if PLP
features are used in place of MFCC, they may provide
improvement in speaker identification accuracy and the
cases of false acceptance may be reduced.
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Figure 5. Comparison of MFCC and PLP feature.

The experiments were performed for all the hundred
speakers in both closed and open-set. For closed-set
comparison, the system is trained with 100 speakers, out
of which 20 speakers have been used to test the system.
For open-set comparison, the system is trained with 80
speakers and the remaining 20 speakers have been taken
as a test data. Minimum threshold figure for accuracy has
been considered as 60. Although the sentence contains
varying number of words, the total number of words are
20000. The comparison with correct recognition and the
false acceptance are shown in Table 1.

Table 1. Performance of system in closed and open set

Test Training  |Correct Correct Rejection

Speakers  [Utterances [Recognition (%) (%)
MFCC [RASTA- MFCC [RASTA-

PLP PLP

20 20000 91.2 923 8.8 7.8

(Closed

Set )

20 16000 64.2  [74.6 35.8 25.4

(Open

Set)

The above results show that performance of system
is significantly better when RASTA-PLP is used, particu-
larly in case of open-set comparison.
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Table 2(a). Confusion matrix of speaker identification
engine (for MFCC features) in closed set condition

Mo |51 |5 | S0 |55 | SH | S5 |0 |SB S0 S5 |0 |55 |5 |56 | M |55 |SM |55 |55
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Test Speer
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s A |73 B s |62 | 23 [0 | @I |52 |75 | M2 | B3| 66 | B |2 | S0 |29 |73 |0 |06
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] IZEEEAEEAEEEEEEEEEEE
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Table 2(b). Confusion matrix of speaker identification
engine (for PLP features) in closed set condition

Refrence | S0 |55 {30 |05 [ SN0\ SN | S00S5BS |5 (ST |5 (00|65 S|S0 |0
Speate]
TestSpeter

i MG | B2 826 | T4 504 | TL|Te4 TB2 G4 |TLD | 04 |5LD| 842 | MD|6L1 | 405 | B8 BS540 W7
B T | 06 |85 | 624 | 52 | 206|648 512 S5 |62 | 9RD |53 |34 |71 |64 |64 |82 7L |47 %4
i D5 | 785 | 864 | 534 615 | 84 | 724 2 705 | B2 |43 | 676 | 616 | 624 | %05 | 74 | M0 B3 | T4 G4
hil T4 |64 | 534 |SLL| 4 | TL6 | TAS A 523|529 |GLD | TR |60 | 7IA | G4 |60 |94 5 |50 %5
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jy.) TLL | 326 | 834 | TL6 | 624 | 765 | 622 317 SL3 |72 | 643 | 33D |80 | 682 |65 | SA3 |52 5 |7T RS
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) M3 72|64 | T4 505 | 092|820 M3 BLD|BAT | 700 | 6D | SLA | A8 | 721 |65 | M3 M2 |96 M
s GLL| 654 | 529 | 814 | 660 | 615 |52 ST A3 |7L5 | 133 |SR3| 654 || GI |4 |78 K4 | B3 A5
i 3| T | T4 | 610 882 | M3 664 T3 GL5 | TO7 | B3 | TLT| 663 | 655 | 54 |87 \716 724|665 B2
4 B3| 692|700 | 94 81| 652|523 L8 725|304 | 290 | P3| 427 |03 |7 | 76 | %2 B3 |79 W7
% 396 | TLL| 619 | 665 | 702 | 696 | 721 363 A5 | 392 | 012 | GR4 | 496 | 2| 664 |74 |5 R | B 83
b D2\ AT\ 104|029 561 | 707 |53 67 B8R | 643 | 705 | 625 | D24 | 96| B3 | 665 |7 M |5 I
% BT 04| 604 | 35| 583 | 626 (610 33 RS |89 |05 |TLO| 653 | 64| G5 | 82|47 83 M0 A

4.1 Confusion Matrix

In order to find out the individual performance of test
speakers, confusion matrices has been made for the results
obtained using MFCC and PLP features. These are shown
in Table 2 (a and b) and Table 3 (a and b) for the closed
set and open set experiments respectively. The confusion
matrix show that in some cases the accuracy is higher
for a test speaker even though the reference speaker is
not same and providing ambiguity between themselves
and the correct speaker'®. For example — Speaker 5 gives
92.6% accuracy when tested with speaker 5 in closed set,
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while speaker 50 gives 93.2% accuracy (Table 2(a)), which

is more than the correct speaker.

Table 3(a). Confusion Matrix of Speaker Identification

Engine (for MFCC features) in open set condition

% |

Table 4. Performance of nearest and farthest speakers

Nearest Accuracy Farthest Accuracy
Speakers (%) Speakers (%)
5and 50 92.2 5and 60 42.2

55 and 60 78.9 20 and 55 34.8

80 and 85 86 - -

Table 3(b). Confusion matrix of speaker identification

engine (for P features)

in open set condition

Beence | S1 | S | S0 | S5 | S0 | %5 | 60 | &5 | D | SO5 | G50 | S55 | S0 | 865 | S0 | §%5 | S0 | 65 |0
peser/

Tes penter
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0 T07| 34| 616 | 690 | 535 | 10 | 614 | 57 | 666 | 533 | 527 726 | 642 | 511|654 | 663 | 417 | 485 | 524 | 683
51t 408|700 | 624|643 | 432 | 56 | 307 | 578 | 63 | 647 | 7LD | 455 | 510 | 648 | 623 | 543 | 544 | 553 | 563 | 544
515 GLT| 604 | 589|548 | 347 | 58 | 532 | 328 | 583 | 545 | 613 | 327 543 | 59| 621 | 854 | 418 | 577 | 456 | 33
B 128|564 | 613 | 610 | 582 | 943 | 549 | 431 | 577 | 48| 588 | 529 | 613 | 59| 523 | 587 | 413 | 54 | 461 | B3
7 728|355 | 16| 421 | 3 | 464 | 423 | 415 | 325 | 300| 432|393 | 327 | 300 | 410 | A1 | B2 | 458 | 318 |7
B 556 | 7L1| 619 | 665 | 707 | 6956 | 711|583 | 545 | 392 672 | 64| 495 | 542 | 664 | 724 | 153 | 70 | 783 | 63
519 427|547 708|528 | 561 | 717 | 533 | 617 | 548 | 643 | 6A9 | 625 | 524 | 596 | 633 | 665 | 618 | 51 | 663 | 60
Bl 647 | 704 | 604 555 | 543 | 626 | 6L0 | 579 | 725 | 489 | 705 | 710 653 | 614 | 623 | 632 | 547 | 580 | 523 | 711
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sa 706|543 | 34| 768|432 513 | 432 | 464 | 613 | 529 | 612 | 134 | 690 | 714 | 615 | 610 724 663 | 529 | %3
% 128|734 615 728|762 | G4 | 571 | 489 | 563 | 612 545 | 304 | 412|536 | 42| 43| 93| 321 | 6 | 403
[ LT[ 326 | 503|716 | 624 | 765 | 611 | 317 | 513 | 722 643 | 532 | 010 | 892 | 615 | 543 | 652 635 | 717 | 626
7 6| 608 | 20| 623 | 570 | 518 | 770 | 600 | &4 623 %1 | 621 | 610 | 120 | 532|614 | 523 | 600 | 533 | 610
8 565|432 44| 123 | 67| 387 | 100 | 132 | 624 | 739 517|590 | 545 | 543 | 6L7 | 634 | SL8 | 583 | €L | %63
624|498 | 424 513 | 490 513 | L4 | 613 | 124 | SO0 503 |13 | 509 | 513 | 53| 42 | 524 83 | 521 | %53
T 718 | 622| 2| 529 | 713 | 22| 713 | 73 | 76 | 182 541 | 703 | 833 | 647 | 716 | 704 | Te3| 582 | €43 | 443
il GL4| 616 543 | 612 | 665 | 6A3 | 33 | 517 | 643 | S0 | 788 | 17| 527 | 710 | 624 | 529 | 638 | 672 | 716 | 6L3
i F12( 653 663 618 44| 527 | €53 | 612 | 710 | 709 | 617 | 11| 666 | 662 | 583 | 629 6ed | 621 | 625 | 663
[ 712|304 616 680 | 595 | 710 614 | 657 | 666 | 3] 27 | 706 | 122 |11 | 654 | 663 | 427 495 | 524 | 653
[ 8| 707 64| §3 | 432|456 |07 | 578 | 613 | 67| 710 455 | 510 744 | 623 | 43| 4| %3 | %3 | 44
i 61T | 604 | 529 | 548 | 347 | 453 | 32 | 328 | 503 | 505 | 613 | 317 | 543 | 459 | TA | 654 | 318 577 | 456 | 39
55 128|564 | 623 610 532 | 543 | 43 | 431 | 517 | 508 | 598 | 518 | 613 | 519 | 523 | 687 | L8| 45 | 462 | 403
7 T08| 355 | 416 41| 33| 464 | 413 | 415 | 326 | 300 492|393 | 327 | 00| 410 | 41 | §32| 454 | 313 | 47
5 556 | 701 619 665 | 702 | 636 | 113 | 583 | 546 | S92 672 | 604 | 495 | 542 | 664 | 704 | 424 | 80D | 7ed | 623
9 U2 | 57| 714|528 | 561|707 | 33 |67 | S48 | 603 | 643|615 | 524|596 | 633 | 665 | 628 | 21 | 763 | 620
[} 507 | 704 604|555 | 533 | 626 | 610 | 913 | 126 | 489 705 | 110 | 653 | 614 | 623 | 632 | 97| 50 | 523 | B2

On the basis of confusion matrix, the speakers can be
considered as nearest and farthest speakers (having high-

est and lowest accuracy).
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Recognition performance has been also computed
by comparing speech samples of 43 male and 57 female
speakers as shown in Figure 6 (a, b).

Figure 6(a). Performance of male and female speakers based
on MFCC features.

> EEE (B C)@do

Figure 6(b). Performance of male and female speakers based
on PLP features.

5. Conclusions

o Performance of PLP is better than the MFCC,
particularly in the case of open set.

o The performance increases as the number of
utterances in training samples increases.

o Performance of male speakers is found better
than female speakers.

o On comparison with the earlier experimental
results conducted by different researchers, it is
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concluded that here the sentence level recogni-
tion give about

e 91.2% accuracy for MFCC and 92.3% for PLP
which is better than the earlier experiments'®.
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