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In spoken language identification (SLID) systems, the test data may be of a
sufficiently shorter duration than training data, known as duration mismatch
condition. Duration normalized features are used to identify a spoken
language for nine Indian languages in duration mismatch conditions. Random
forest-based importance vectors of 1582 OpenSMILE features are calculated

for each utterance in different duration datasets. The feature importance

vectors are normalized across each dataset and later across different duration
Keywords: datasets. The optimal number of duration normalized features is selected to
e maximize SLID system accuracy. Three classifiers, artificial neural network
Avtificial neural network (ANN), support vector machine (SVM), and random forest (RF), and their
DN FS fusion, weights optimized using logistic regression, are used. The speech
openSMILE material comprised utterances, each of 30 sec, extracted from the All India
Random forest Radio dataset with nine Indian languages. Seven new datasets of smaller
Support vector machine utterance durations were generated by carefully splitting each utterance.
Experimental results showed that 150 most important duration normalized
features were optimal with a relative increase in 18-80% accuracy for
mismatch conditions. The accuracy decreased with increased duration

mismatch.

This is an open access article under the CC BY-SA license.

@O0

Corresponding Author:

Aarti Bakshi

Department of Electronics and Communication Engineering
SNDT University

Santacruz (w), Mumbai, Maharshtra, India

Email: aarti.bakshi@kccemsr.edu.in

1. INTRODUCTION

Spoken language identification can be defined as automatically identifying the language in which
the person spoke by analyzing, typically a short duration, of the user's speech utterance [1]. Spoken language
identification plays a vital role in human-machine voice interactions [2]. A typical requirement is to quickly
identify the speaker's language based on a very short utterance so that the user can be provided a personalized
service in his or her own language. With the recent development of computer technology, Indian language
identification has gained significance in applications such as vernacular call centers to assist customers,
services to assist farmers in their regional language, etc. This is because of the need to provide service and
communicate to the user in their own language. However, in a vernacular call center, a sufficient dataset of
long-duration utterances may be available to train the system. However, equally long duration utterances may
not be available; in some cases, the availability of test utterances may be significantly smaller in length (less
than 3 sec). This problem is known as duration mismatch. Although there is a number of methods suggested
in the literature to enhance the accuracy of short duration utterance, practically the spoken language
identification (SLID) system fails to improve the performance for mismatched training and testing utterance
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durations, especially short and very short duration utterances. That is what training and testing utterance
duration mismatch is a long-standing issue in spoken language identification. In the literature, most spoken
language identification systems are designed using state-of-the-art i-vector modeling for fixed utterance
duration using the total variability subspace technique. It provides an elegant framework for language
identification and maps the number of frames to low dimensional vector space. However, the performance of
the SLID system drastically degrades with short-duration utterances [3]. Different i-vector-based techniques
such as modified prior estimation [4] and exemplar-based representation [5] were used to address the short-
duration language identification problem.

Even though these methods reduce utterance duration mismatching in the i-vector space,
improvement in the SLID system's performance is not significant. Recently long short-term memory (LSTM)
recurrent neural network (RNN) with limited computational resources was used to develop a SLID in [6]
RNN outperformed over the i-vector framework [7] for 0.1 to 2.5 sec utterances. The accuracy of 70% is
achieved with 2 sec duration, but the accuracy is reduced to 50% for 0.5 sec duration utterance in matched
conditions. MFCC and Gammatone frequency cepstral coefficients (GFCC) feature extraction techniques for
very short duration utterance (0.8 sec) using bidirectional long short-term memory (BLSTM) neural networks
were suggested in [8]. The system's performance has been evaluated using MFCC and GFCC features and a
combination of both feature sets for samples of 0.27 sec to 1.5 sec. It has been shown that a 50% accuracy
can be achieved for a 0.4 sec duration utterance in matched conditions. However, all the above features used
in the literature are for short duration utterances; however, these in the duration mismatched condition reduce
the SLID system's recognition accuracy drastically for the short utterance durations (below 3 sec) [7], [8].

To compensate duration mismatch, features such as shifted delta coefficient [9]-[10], eigenfeatures,
gaussian mixture model (GMM) [11], [12], total variability i-vector transform [3]-[11], and probabilistic
linear discriminant analysis (GPLDA) [11] were used previously. However, the system's performance for
short-duration utterances is not significant and cannot address very short-duration mismatched conditions.
Although these features carry some information about the speech sample, each feature may not be important
for language identification. The selection of relevant or language discriminating features improves
recognition accuracy and reduces the computational cost of the system [13], [14]. The main objective of
feature selection is to select discriminating features to improve the SLID system's performance. Several
feature selection (FS) techniques such as genetic algorithm [15], estimation of distribution algorithm (EDA),
and greedy search [15]-[16] have been proposed in the literature. Chowdhury et al. [17] presented a grey
wolf optimizer (GWO) feature selection algorithm for Indian language identification. In this case, speech
samples are converted into spectrogram images, and then all three texture descriptors, namely local binary
pattern (CLBP), local binary pattern histogram fourier (LBPHF), and discrete wavelet transform are used to
extract the features from spectrogram images. A nature-inspired feature selection (FS) algorithm by
combining binary bat algorithm (BBA) and late acceptance hill-climbing (LAHC) feature selection algorithm
for Indian languages identification is proposed in the [18]. The MFCC [19]-[21], LPC, i-vector, x-vector,
fusion of MFCC + DWT, and MFCC + GFCC feature extraction techniques are used to extract the features
from an audio signal. Guha et al. [22] reported a hybrid feature selection (FS) algorithm using harmony
search (HS) and naked mole-rat (NMR) algorithm labeled as HS-NMR for Indian language identification.
Mel-Spectrogram features and relative spectral transform-perceptual linear prediction (RASTA-PLP) features
were extracted from audio signals. However, all feature selection algorithms are proposed and employed for
fixed duration representation of utterances [17]-[19] for train test conditions. So, it may not be possible to
rely on the feature selection algorithm proposed in the literature for a duration mismatch condition as it could
reduce the SLID system's language recognition accuracy.

Acoustic features from spoken utterances have often been used as input to a spoken language
identification system. This paper uses openSMILE [23] features to represent a speech utterance's overall
characteristic. Note that openSMILE features have been used effectively in audio speech emotion
recognition. We have used the publicly available openSMILE toolkit [24]. The number of feature sets and
their functionals is discussed in detail in [23]. In all our experiments, we use these three popular classifiers,
namely artificial neural network with backpropagation algorithm (ANN), OvA multi-class support vector
machine (SVM), and random forest (RF). For output score fusion, each class's fused score is calculated as a
weighted combination of M classifiers' scores. First, we have built a dataset [25], which consists of a total of
9 languages, of which five belong to the Indo-Aryan family (Assamese (As), Bengali (Bn), Gujarati (Gy),
Hindi (Hn), Marathi (Mg)), and 4 belong to the Dravidian family (Kannada (Kn), Malayalam (M), Tamil
(Twm), and Telugu (TL)). It is to be noted that languages with the same root languages are more likely to be
confused. It is a studio-quality news speech recording in 9 Indian languages scraped from the All India Radio
portal. The original news recording has been manually segmented into 30 sec duration. A total of 100 speech
utterances per language (total of 900) sampled at 16 kHz forms the dataset. Additionally, the initial 30 sec
speech utterances have been manually segmented into a smaller duration of 15, 10, 5, 3, 1, 0.5, and 0.2
seconds to form a varying duration dataset. In all, there are eight datasets with different utterance durations.
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All speech utterances listen carefully, and any segment with music, silence or unwanted voice has been
filtered out. This speech corpus has utterances by newsreaders, both male, and female (equal in number), on
varying sets of topics.

In the baseline system, 1582 features using the openSMILE toolkit [24] were extracted from all the
utterances across different duration datasets. A five-fold cross-validation method is used to evaluate these
1582 features across different utterance durations at each iteration. However, a classifier trained on one
duration (say, 30 sec) when tested with utterances of different duration, namely, 0.2, 0.5, 1, 3, 5, 10, 15 sec,
the system's performance degrades irrespective of the type of classifiers. In a nutshell, a mismatch in the
duration of the utterance used to train, and the duration of the utterance used to test significantly deteriorate
performance. This is seen across all the classifiers when there is a difference between the train and the test
utterances. The same observation has been noted for mismatch train-test utterance duration using output
score fusion. This issue can be mitigated by selecting proper relevant features with a machine learning
framework which can adapt duration mismatched train-test condition. The feature selection approach helps
speed up the classifier's training and often improves recognition accuracy because of a selection of
discriminative features. For this reason, we introduced the proposed duration normalized feature selection
(DNFS) algorithm to evaluate SLID system performance in duration-matched and mismatched conditions.
The rest of this paper is organized as follows: The proposed DNFS method for spoken Indian language
identification is discussed in section 2. The experimental setup of research work and different experimental
results using ANN, SVM, RF, and score fusions are discussed in section 3. Finally, the conclusion is given in
the last section.

2. PROPOSED DNFS

Figure 1 shows the proposed model for Indian language identification using normalized feature
selection in the duration-matched and mismatched conditions in this study. As discussed earlier, complete
1582 openSMILE features degrade the SLID system accuracy in duration mismatched condition. To improve
the SLID system's performance, we focused on the proposed normalized DNFS algorithm's outcome. As
shown in Figure 1, five cross-validation techniques are used where 80% of spoken utterances from all
datasets are used to train the classifier, while 20% of spoken utterances not used in training are used for
testing purposes. Empty circles and triangles indicate the spoken utterances used for training while testing
utterances are illustrated as filled circles. Figure 1 indicates the duration-matched condition and duration
mismatched condition. Firstly, a complete set of acoustic features is extracted. The set contains both relevant
and redundant features. The most discriminative features are selected using the proposed duration normalized
feature selection to improve the SLID system's performance in duration mismatched conditions. These
discriminative features are used to train the classifiers which predict the correct class in duration mismatched
condition. The system's performance is analyzed on our own eight different duration dataset.
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Figure 1. Proposed duration normalized feature selection method for language identification
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The selection of most discriminative features helps to speed up classifier training and improve the
system's robustness. In mismatch utterance duration, increasing the difference between the duration of the
training and test utterances decreases the system's identification accuracy. We propose a duration normalized
feature selection algorithm to improve identification accuracy under mismatched utterance duration
conditions. Figure 2 shows a flow chart of the proposed duration normalized feature selection. Random forest
fits a number of decision tree classifiers on various sub-samples of the dataset and uses averaging to improve
the identification accuracy while controlling the over-fitting.

Language Select L, Feature irga:ﬁli';lal:t S:;Ih Calculate Node fea&?&renmt%::;ce
Datasets Dataset Extraction ’ P ni de > Importance > fort'zes
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Y
MNormalize Feature
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Figure 2. Flow chart of proposed duration normalized feature selection algorithm

Let ng.e represent the number of trees and let ng=1584 and n.=9 be the number of input features
and the number of output (languages) respectively. Let XY, where t represents the duration of the
datasets, n; —dimension feature vectors and n.-dimension label vectors, respectively.

For every X, Y, a separate random forest models each with ensemble of n... decision trees is
trained. In each decision tree of the random forest model, a random set of features are selected from ns
features and best possible binary split at each node is performed based on the most important feature to
achieve overall n.-class classification. At node n; importance of set of randomly selected features to estimate
best possible binary split (i.e. left and right) is calculated as:

Inode (]) — M/}-Gj _ mlefthleft _ VI/]._nghthrLght (1)
where W; is the weighted number of samples at node j its left and right split. G (.) is GINI impurity index
calculated as [26]:

G=X5fi(l—f) @)

where fi is frequency of i label and n, classes
For each decision tree, an importance of feature Kk is calculated as the ratio of number of nodes with k as most
important feature to all nodes in the tree, namely:

argmax )
ZNjije_y g node D=k

ng (3)

Zjoimj

liree (K) =

Repeat steps for n,... decision trees in random forest model to get feature importance of all n, features.
Based on random forest model trained using t-sec duration dataset(Xy, Y;), the feature importance of all n,
features is normalized as:

G) 4
I
Iz% ISkSTI.f
t yhtree )
j=1 Itree

A

Repeate the process to calculate normalized feature importance vector for each of the different segment-
length data-sets. Importance of all n features is averaged over all different duration datasets as:

1 0
Tv=1 »

1,00

Lapg (k) = 1<k<mn ®)
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Assign rank to all n, features such that, the most important feature has rank 1 and the least important feature
has rank ng.

3. RESULTS AND DISCUSSION
3.1. SLID system performance using DNFS

The DNFS method is used to improve the SLID system's performance. In order to verify relevant
features, logarithmic power of mel frequency band (logMelBand), spectral pair frequency (IspFreq), mel
frequency cepstral coefficient (MFCC), PCM-loudness, shimmerLocal have been used. These features are
represented mean, a linear approximation of the contour (linregc), outlier robust signal range max-min
(pctlrange), percentile, quartile, standard deviation (stddev), and skewness. This comprises a feature vector of
1582 dimensions for each speech signal. The goal of this phase is to select the most important features using
DNFS. It is to be noted that the top 25 and 50 feature sets are related to logMelFreqBand-sma (low-level
descriptors smoothed by a moving average filter) and their functional; the top 75 and 100 features include
additionally logMelFreqBand-sma-de (1st order delta coefficient of the smoothed low-level descriptor),
IspFreg-sma, IspFreg-sma-de and mfcc-sma and their functional. The top 125 features additionally include
mfcc-sma -de and their functional, and the top 150, 175, and 200 features contain mfcc-sma-de, pcm-
loudness-sma, pcm-loudness-sma-de and shimmerLocal-sma and their functional. The performance of the
different feature sets was evaluated using ANN, SVM, and RF classifiers and output score fusion of
ANN+SVM and ANN+SVM+RF. Figure 3 shows the performance of the SLID system for 30sec training
dataset and 15 and 0.2 sec testing dataset by varying the number of features from 25 to 200 in the step of 25.
Figure 3 indicates that the proposed method selects the better feature subset and achieves the highest
accuracy over the 15 sec testing dataset.
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Figure 3. The performance of SLID system in duration mismatched condition for 30 sec-training dataset and
15 and 0.2 sec—testing dataset

The complete set of accuracy for duration mismatch condition using ANN are shown in Table 1.
The 30 sec is used to train the classifiers, and the remaining datasets are used for testing. All classifiers
performed better for all reduced feature sets. An incremental trend was observed for all classifiers are trained
by 30 sec utterance durations. However, for 175 and 200, feature set recognition accuracy started reducing,
so 150 feature set is taken as an optimum feature set. The performance SLID system for duration mismatched
condition was evaluated by all reduced feature sets (25, 50, 75, 100, 125, 150, 175, and 200), and the best
results obtained by 150 optimum feature set is presented in the paper.

Table 1. Accuracy (%) of ANN based SLID system in mismatched condition trained using 30sec datasets
with varying number of duration normalized features

Test Dataset (sec) 25 50 75 100 125 150 175 200
30 96.1 99.5 98.6 97.3 94.6 97.7 97.9 97.3
15 90.6 92.4 96.4 90.1 90.1 97.8 97.0 97.4
10 87.3 96.1 96.4 88.4 88.4 97.3 96.4 97.2
5 83.8 94.2 935 87.2 87.0 94.2 92.6 93.6
3 70.2 82.8 83.5 77.1 75.6 86.0 85.6 85.8
1 58.4 59.8 61.0 62.0 62.0 63.3 62.7 62.8
0.5 417 41.3 43.1 44.6 44.6 44.8 44.0 44.1
0.2 19.5 20.5 20.6 22.1 22.5 22.0 21.3 215
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As described in section 2, the DNFS is used to alleviate the short utterance duration and the
mismatched condition issues in the baseline system. Comparative analysis for varying features according to
important values showed that the first 150 most important features are optimum for SLID system under
mismatched conditions. Tables 2 to 6 compare the effect of optimum duration normalized features with an
entire set of features using three individual and two fusion classifiers for varying utterance duration datasets.
The diagonal values depict the matched conditions, while off-diagonal values illustrate mismatched
conditions. The comparative analysis indicates an increase in performance for all mismatched conditions with
a possible slight decrease in performance for some matched conditions.

Table 2. Comparative performance original baseline (B) and proposed (P) SLID systems in mismatched

condition using ANN classifiesr (%)
Test (sec)

30 15 10 5 3 1 0.5 0.2
B P B P B P B P B P B P B P B P
30 981 977 315 978 312 973 307 942 292 860 208 633 107 448 104 220
15 201 907 986 90.7 339 997 346 965 331 907 312 701 210 498 124 243
10 284 989 290 999 984 993 378 989 353 922 361 736 254 517 126 248
5 382 987 442 998 444 999 977 992 404 944 402 802 278 565 131 273
3 431 986 476 993 467 995 450 991 983 986 47.8 861 322 637 202 300
1 499 978 531 995 513 994 472 995 468 974 961 955 463 813 253 360
05 523 944 583 949 561 948 514 946 489 925 491 947 915 889 360 513
02 362 478 371 458 372 458 388 464 393 456 461 531 612 626 765 751

Train
(sec)

Table 3. Comparative performance original baseline (B) and proposed (P) SLID systems in mismatched
condition using RF classifier (%)

Train Test (sec)
(sec) 30 15 10 5 3 1 0.5 0.2
B P B P B P B P B P B P B P B P
30 99 97. 61. 96. 62. 959 583 923 541 850 437 605 326 416 154 242
1 2 9 7 2
15 57 88. 98. 88. 65 994 623 965 563 882 489 659 363 449 162 244
2 2 8 2 8
10 63 98. 63. 99. 99. 987 644 976 572 897 525 691 363 473 189 250
1 9 8 8 2
5 68 98. 69. 99. 67. 996 978 980 602 927 561 760 404 530 231 265
2 9 1 7 7
3 69 98. 71. 98. 71. 985 660 977 961 960 580 799 421 583 252 288
4 7 4 7 3
1 73 9. 73. 97. 73. 972 679 969 631 929 888 895 437 770 307 378
1 2 7 3 9
05 77 89. 76. 90. 76. 900 704 903 638 841 604 890 919 811 402 538
0 3 3 0 4
0.2 36 59. 36. 58. 39. 589 396 59.1 399 591 422 624 447 661 691 68.0
.8 5 9 7 4

Table 4. Comparative performance original baseline (B) and proposed (P) SLID systems in mismatched
condition using SVM classifier (%)
Test (sec)

30 15 10 5 3 1 05 0.2
B p B P B P B p B ) B P B ) B P
30 991 97.1 389 975 360 971 322 953 281 895 246 669 11.1 410 111 132
15 550 920 530 920 501 99.2 482 982 492 920 356 709 67.0 425 112 123
10 442 987 429 996 987 990 388 987 304 931 289 742 143 459 115 132
5 473 986 458 995 389 995 978 986 345 947 313 812 162 523 117 170
3 50.1 981 463 983 431 978 423 976 986 966 338 853 201 594 132 227
1 532 780 479 796 483 795 467 787 369 765 875 778 234 645 143 287
05 550 57.0 530 579 50.1 576 482 591 492 555 356 59.7 670 519 214 322
02 182 186 228 239 239 241 232 239 231 250 222 250 202 254 371 313

Train
(sec)
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Table 5. Comparative performance original baseline (B) and proposed (P) SLID systems in mismatched
condition using ANN+SVM classifier (%)
Test (sec)
30 15 10 5 3 1 05 0.2
B P B P B P B P B P B P B P B P
30 994 986 625 983 617 978 588 959 550 90.0 440 67.6 311 456 157 250
15 58.1 927 990 926 652 998 630 983 569 927 455 715 355 499 165 249
10 63.8 993 643 999 992 993 649 994 579 930 521 749 371 521 192 255
5 68.6 993 698 999 673 993 980 994 606 930 568 749 400 521 234 255
3 69.9 994 718 995 707 99.8 667 995 988 992 587 87.1 415 646 255 30.8
1 736 984 741 996 735 996 684 998 637 984 965 961 435 815 320 385
05 776 954 765 949 758 956 708 956 645 929 608 957 919 89.0 408 544
02 372 600 369 592 382 592 398 596 405 599 430 627 445 622 762 76.1

Train
(sec)

Table 6. Comparative performance original baseline (B) and proposed (P) SLID systems in mismatched
condition using ANN+SVM+RF classifier (%)
Train (sec)

Test (sec) 30 15 10 5 3 1 0.5 0.2
B P B P B P B P B P B P B P B P
30 99.4 99.3 61.3 99.0 622 987 592 968 554 907 446 688 326 463 164 259
15 58,5 936 99.0 934 658 100 635 99.0 573 938 461 726 363 504 168 256
10 645 99.8 647 99.9 992 100 653 998 573 932 461 754 363 524 168 259

5 69.3 99.7 702 100 677 100 980 100 612 958 573 828 404 575 239 283
3 703 998 724 100 713 100 681 999 988 998 592 880 421 651 258 316
1 741 990 746 999 739 100 689 100 642 989 965 968 437 823 325 391

0.5 780 96.1 76.7 954 764 96.7 712 937 647 937 614 964 919 899 417 551
0.2 378 604 375 599 394 59.8 401 602 408 605 436 633 447 674 762 770

It is noticeable that despite discarding 90% of the initial features, the performance of optimum
feature set is comparable to using all features. Incremental trends are observed in recognition accuracy for
different utterance durations. The results indicate that recognition accuracy greatly improved with the
proposed feature selection algorithm, especially for mismatched train-test conditions while, reducing feature
dimensionality. It is to be noted that there is a significant saving in terms of computational time required, as
shown in Figure 4. For 30 and 0.2 sec utterances, the computational time required to extract optimum feature
set is 2.14 sec and 15.67 msec.

~
w

[N}

=
wn

[

=4
wn

Features Computation Time in sec

(=]

30 15 10 5 3 1 0.5 0.2

Different Duration Dataset

Figure 4. Computation time required for feature extraction

3.2. SLID system performance using mirture of variable-duration utternces

To explore the generalization competency of ML algorithms, we developed a SLID system with a
mixture of variable-duration utterances for training and tested using different duration utterances. We used an
equal number of training utterances from all eight duration datasets and different languages for training each
model. The results of the experiment are shown in Table 7. It can be observed that the system is biased
towards higher-duration utterances and provides less than a random chance for very small-duration
utterances.
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Table 7. Comparative performance SLID system for mix duration train and test dataset (%)
Durations (sec)

Classifiers 30 15 10 5 3 1 05 02
SVM 858 850 860 833 777 667 537 300
RF 828 834 839 795 724 570 478 358
ANN 866 871 876 843 782 663 526 358
ANN+SVM 87.4 876 878 846 787 671 539 359

ANN+SVM+RF 87.7 87.8 87.9 84.9 78.9 67.3 53.9 35.6

3.3. SLID system performance comparison with a state-of-the-art system

Das et al. [18] selected features using a state-of-the-art relief algorithm to improve the performance
of of SLID system. Table 8 shows the accuracy of the SLID system for Indian languages using openSMILE
features and relief feature selection algorithm. The number of features were optimised by forward selection
method. The best performance, as shown in Table 8, was found for 180 features. Comparative analysis of the
proposed and state-of-the-art feature selection algorithm, shows that the proposed algorithm selects more
relevant features for improving accuracy at all mismatch conditions.

Table 8. Comparative performance SLID system with sate-of-the-art system (%)

. Test (sec)
Train (sec) —5—5 1 5 3 1 05 02
30 970 927 886 858 7.7 580 501 267
15 934 955 830 936 763 693 516 266
10 918 918 954 938 794 717 513 273
5 91.6 90.6 948 931 808 729 552 27.2
3 89.1 904 949 926 87.6 782 600 314
1 886 884 893 902 857 891 784 392
05 87.4 871 861 890 713 886 8L7 530
0.2 536 526 519 512 513 524 576 696

Chowdhury et al. [17], used a Grey wolf optimization (GWO) feature selection algorithm, reported
96.6% accuracy using ANN classifier. In comparison, Das et al. [18] showed 92.3% and 100 % using the
BBA-LAHC feature selection algorithm for the Indic TTS dataset of IIIT Madras and Speech and Vision
Laboratory (SVL) I11T-Hyderabad, respectively for 5 sec dataset. The proposed work yields 100% accuracy
using a duration normalized feature selection algorithm for 5 sec dataset in duration-matched condition. A
comprehensive study by Sarith Fernando et al. [27] used i-vector+ BLSTM to compensate for mismatched
duration conditions and reported 66.8% accuracy for the 1 sec dataset. In comparison, the proposed duration
normalized feature selection algorithm yielded 68.8% accuracy on 30 sec training dataset and tested with 1
sec dataset using ANN+ SVM + RF output score classifier.

4. CONCLUSION

Indian language identification is crucial for vernacular call centers for automatically routing
incoming customer calls to respective language experts. Paper proposed a novel DNFS for spoken language
identification using Indian languages for different utterance durations. Each utterance was represented using
1582 features extracted using the openSMILE toolkit. Random forest-based models are developed using
reduced features to calculate importance vectors for each feature. The optimum 150 duration normalized
features were calculated by averaging over different duration utterance datasets. These features improved
SLID system accuracy under training and test duration mismatched conditions, but the system's accuracy
reduced with decreasing utterance duration. All experiments were evaluated using the All India Radio dataset
developed by us. The dataset was carefully processed to generate eight small-duration databases. Results
showed that a combination of duration normalized features improved accuracy for short-duration utterances
and mismatched conditions. The drastic improvement exhibits in recognition accuracy from 61.3% to 99.0%
accuracy for utterance duration 15 sec and 44.6% to 68.8 % for a very short utterance duration of 1 sec when
the classifier is trained with a 30 sec dataset using ANN+ SVM+ RF classifier. Simultaneously, a minor
improvement in the recognition accuracy, 16.4% to 25.9% for 0.2 sec duration utterances, was observed. In
future work, emphasis will be given to improve the recognition accuracy for very short-duration utterances in
mismatched conditions.
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