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Abstract — This paper reports the performance of identification 
of Indonesian speech within a ten-language corpus: English, 
German, Hungarian, Indonesian, Italian, Korean, Mandarin, 
Polish, Portuguese, and Swedish. The tasks are performed by 
implementing Gaussian Mixture Model (GMM) on Mel-
Frequency Cepstral Coefficients (MFCCs). Two types of 
experiments that have been undertaken: pair-wise and ten-
language experiments. In the pair-wise experiments, the 
performance of the model in identifying Indonesian within every 
language pair is evaluated. The experiments show that 
Indonesian is best distinguished from English, Korean, and 
Portuguese with 90.5% of accuracy. In ten-language experiments, 
the highest accuracy of identifying Indonesian is 85.71%. 

Keywords — language identification; speech processing; 
Indonesian identification 

I. INTRODUCTION 
Language identification is a task commonly performed on 

either text or speech. The aim is to identify the language (but 
not the actual words) of the text or speech. This paper focuses 
on language identification on speech, and on identifying 
Indonesian speech in particular. However, the technique 
transfers to the identification of other languages. 

The motivation behind the development of spoken language 
identification is to complement a multilingual speech 
recognition system, which is the ultimate future goal of the 
work presented here. There are two approaches in the 
construction of a multilingual speech recognition system [1]. 
The first approach is to build a single multilingual speech 
recognition system for all of the languages to be recognized. In 
this approach, language identification is implicit since once the 
utterance has been recognized, the language is clear. The 
second approach involves an explicit language identification 
step. The language of the speech utterance is identified first, 
and then the speech recognition system of that language is 
activated. The advantage of this approach is that the 
performance of the speech recognition system is the same as 
that of a monolingual speech recognition system as long as the 
language identification performs well, with a minimal amount 
of error. Therefore, language identification is highly important 
in order to build a multilingual speech recognition system with 
explicit language identification component. 

A number of studies have been undertaken in the area of 
language identification [2,3,4], which address the identification 

of European, East Asian, South Asian, and Middle-East 
languages. However, language identification studies that 
include South-East Asian are limited, and none of them include 
Indonesian. Of course, there are several studies that implement 
some aspects of language identification and also include 
Indonesian, for instance accent identification [5]. There are 
also studies that have proposed the utilization of corpora from 
other languages in order to generate data needed to build an 
Indonesian speech recognition system [6,7]. However, a study 
that specifically addresses spoken language identification for 
Indonesian alone has not been developed to date. Thus, the 
work presented in this paper is an initial step to include 
Indonesian speech in language identification system.  

There are two main approaches to language identification 
using either machine learning techniques or a phone 
recognizer. The latter approach relies on the availability of 
suitably annotated corpora i.e. with word transcriptions, 
phonetic transcriptions, lexicon, and timing information.  For 
some languages, such as English, German, or French, it is 
easier to obtain such corpora that support research and 
development. However, Indonesian speech corpora with 
complete information are more difficult to source. Therefore, 
machine learning techniques seem more relevant and useful for 
language identification where only the speech signal files and 
some limited annotation information are available. The relevant 
machine learning techniques in this domain are Gaussian 
Mixture Models (GMMs) [2,8], Hidden Markov Models 
(HMMs) [9], Neural Networks [10], k-means clustering [10], 
and so on. However, the GMM approach is chosen for the 
work presented in this paper because it has been widely used in 
spoken language identification [2,3,8]. This approach requires 
only the speech signal to be able to build a language 
identification system. This approach also represents an initial 
step in language identification process as it is envisaged that 
the incorporation of phone level information will be included at 
a later stage. 

The remainder of this paper is structured as follows. 
Section 2 illustrates the overview of the language identification 
system architecture of the experiments. Section 3 explains the 
main GMM algorithm which is used to perform language 
identification. Section 4 describes the silence removal 
algorithm that has been utilized as a pre-processing step before 
the speech files are ready for use in the training and testing 
process of language identification. Section 5 describes gender 
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Figure 1.  Language identification system architecture 

classification with k-means clustering [10]. This step supports 
the language identification experiments on gender-separated 
speech.  Section 6 describes the experiments carried out with 
respect to the identification of Indonesian speech. This section 
also reports the performance of each experiment with its 
analysis. Finally, section 7 presents several conclusions and 
outlines some potential future work. 

II. SYSTEM ARCHITECTURE 
The system architecture of the language identification 

process is depicted in Fig. 1. There are three types of 
experiments based on the types of speech files used: original 
speech, silence-removed speech, and silence-removed and 
gender-separated speech. This architecture is applied for both 
pair-wise (Indonesian with each of all other languages within 
the ten-language corpus) and ten-language experiments. The 
GMM method, the silence removal algorithm, and k-means 
clustering for gender identification will be explained further in 
sections 3, 4, and 5, respectively. 

III. GMM-BASED LANGUAGE IDENTIFICATION 
The Gaussian Mixture Model (GMM) approach has been 

applied in several language identification systems [2,3,8]. It 
takes each feature vector v୲ሬሬሬ⃗  (at frame time t), consisting of 12 
coefficients of MFCC, to build a model of a weighted sum of 
multivariate Gaussian densities based on (1). 

௧ሬሬሬ⃗ݒ)݌ (ߣ| = ෍݌௞ܾ௞(ݒ௧ሬሬሬ⃗ )
ே

௞ୀଵ

, 

where λ is the set of model parameters as shown in (2). 
ߣ = ௞݌} ,µത௞  ,{௞ݏ,

where ݇ is the mixture index (1 ≤ ݇ ≤  ௞‘s are the݌ ,(ܰ
mixture weights with the constraint that ∑ ௞ே݌

௞ୀଵ = 1, and ܾ௞′s 
are the multivariate Gaussian densities defined by the means µത௞ 
and variances ݏ௞. 

In the identification process, an unknown speech utterance 
in the form of digitized speech signal is converted into MFCC 
feature vectors. The log likelihood of the speech utterance is 
then calculated for each language ݈ model. The log likelihood ܮ 
is defined in (3). 

 

(௟ߣ|{௧ݔ⃗})ܮ = ෍ log (௟ߣ|௧ݔ⃗)݌
்

௧ୀଵ

, 

where ߣ௟ is the GMM for language ݈, ܶ is the duration of the 
utterance, and ⃗ݔ௧ are the observations. Finally the maximum-
likelihood classifier hypothesizes መ݈ as the language of the 
speech utterance. The hypothesized language መ݈ is defined in 
(4). 
 

መ݈ = arg max
௟
 .(௟ߣ|{௧ݔ⃗})ܮ

The GMM approach underlies the experiments described in 
Section 6. 

IV. SILENCE REMOVAL ALGORITHM 
In spoken language identification, silence is not necessarily 

useful since it does not contain language-specific information. 
Removing silence is beneficial in term of reducing the search 
space and the computation time. Several silence removal 
algorithms exist, such as Short Term Energy (STE) [11,12], 
Zero Crossing Rate (ZCR) [12,13], Probability Density 
Function (PDF) complemented with Linear Pattern Classifier 
(LPC) [14], signal-to-noise ratio (SNR) [2,11], and so on. STE, 
ZCR, and PDF complemented with LPC have been commonly 
applied in speaker recognition and digital signal processing, 
such as silence/unvoiced/voiced classification of speech and 
endpoint detection. In the approach presented in this paper, 
silence removal is utilized in a different domain, namely 
language identification.  

The algorithm implemented here combines PDF and LPC 
[14] with STE [11,12]. Such a combination has been 
implemented in order to yield more accurate silence removal 
step on the corpus. The concept of PDF and LPC algorithm is 
to model the first 1600 samples of speech as the silence model. 
Then, other samples will be categorized as silence or speech 
based on the model. However, the silence part that usually 
exists at the beginning of speech file is not always long 
enough; sometimes the file does not even start with silence. 
Therefore, STE is applied within the algorithm to find the 1600 
samples with the least energy as the initial silence part, with the 
assumption that least energy equals to silence. 

The mean (µ) and standard deviation (σ) of the 1600 
samples are then calculated to model their PDF. For each 
sample (x) of the speech files, if the one-dimensional 
Mahalanobis distance function1 (z-score) is greater than 3, then 
the sample is categorized as speech; otherwise, it is silence. 
Speech is marked as 1 and silence is marked as 0. If the 
number of ones (speech) is greater than that of zeros (silence) 
in a 10-ms window, then all zeros in the window are converted 
into ones and vice versa. Finally, only the speech parts are 
selected and retrieved from the original signals in order to 
create a new file.  
                                                        
1 Mahalanobis distance function = |௫ିஜ|

ఙ
  

(1) 

(3) 



The advantage of the PDF and LPC algorithms [14] is that 
it is not necessary to define a value as the threshold as in STE 
and ZCR. Although STE is applied within these algorithms, it 
is utilized to obtain the first set of samples to build the initial 
model. This approach uniquely defines the model built from 
the initial samples as the threshold. 

V. GENDER IDENTIFICATION USING K-MEANS CLUSTERING 
Gender identification has been commonly applied in 

speaker identification [15,16] and speech recognition [17] by 
using different methods. In the language identification 
experiments presented in this paper, gender identification is 
also applied in order to see whether there is an effect on the 
language identification performance if the training and testing 
data are distinguished based on the gender of the speaker.  

Due to the fact that no gender information is available in 
the corpus, an unsupervised machine learning algorithm, one-
dimensional k-means clustering [10], with k equals to 2 (male 
and female), is used to distinguish gender based on the pitch 
information of the speech.   

First of all, two (k = 2) pitch values are selected randomly 
as the initial centroids: male and female centroids. Each of 
other pitch values is classified as a member of the male or the 
female cluster based on the distance between the value and 
each of the centroids (µ). The new mean µୡ of each cluster Cୡ 
is calculated by (5). 

௖ߤ =
∑ ௫೔ೣ೔ച಴೎

|஼೎|
, 

where x୧ is the pitch value of the i୲୦ sample. The above steps 
are done iteratively until no further cluster reassignment of 
each value occurs. 

 Once the training process of k-means clustering is 
complete, two values are produced, each of which represents 
the mean pitch of each cluster. Assuming that female pitch is 
higher than the male pitch, the bigger value is taken to be the 
mean of female pitch and the smaller to be that of male pitch. 
These values are useful in determining which model that will 
be used in the language identification task, i.e. either a male or 
a female model.  

VI. EXPERIMENTS 
Experiments were carried out on the Oregon Graduate 

Institute (OGI) corpus [18]. Ten languages from the corpus 
were chosen for the language identification experiments: 
Indonesian, English, German, Hungarian, Italian, Korean, 
Mandarin, Polish, Portuguese, and Swedish. These experiments 
aimed to investigate the performance of GMM-based language 
identification at the task of identifying Indonesian from another 
language (pair-wise) and among the ten languages. While it 
would be desirable to compare the accuracy between 
Indonesian and other languages from the same family, namely, 
Austronesian, [19], such as Malay (Malaysia), Maori (New 
Zealand), Tagalog (Philippines), and so on, unfortunately no 
comparable corpora suitable for this experiment are currently 
readily available. 

Table 1 shows the durations of the speech of each language 
used in the training process. 

TABLE 1.  TRAINING DATA 

No Language Duration  
(minutes) 

1 English 49.69 
2 German 52.4 
3 Hungarian 63.1 
4 Indonesian 51.7 
5 Italian 53.26 
6 Korean 60.25 
7 Mandarin 59 
8 Polish 59.8 
9 Portuguese 57.47 
10 Swedish 63.24 

Since the task is to see how well Indonesian speech can be 
distinguished from another language, just Indonesian is 
included in the testing process. The Indonesian testing set is 
different from that used in the training process. The set is 
divided into two types: 10-second and 45-second data set, in 
order to compare the language identification accuracy for short 
and longer speech. The numbers of 10-second and 45-second 
files used are 94 and 21 files, respectively.  

Two types of experiments are carried out. The first 
experiment is pair-wise language identification, between 
Indonesian and each of other nine languages. The second 
experiment trains all ten-language speech files and then 
identifies Indonesian by using the model generated from the 
training process. Each type of experiment is implemented on 1) 
the original speech,  2) silence-removed speech, and 3) silence-
removed and gender-separated speech.  

A. Pair-Wise Language Identification 
Nine experiments are undertaken regarding pair-wise 

language identifications. Fig. 2 shows the performance of 
identifying Indonesian in the pair-wise language identification 
for each type of speech data. It presents the accuracies of all 
experiments carried out on 10-second and 45-second intervals 
of original speech, silence-removed speech, and silence-
removed and gender-separated speech.  

Experiments on the original speech show that Indonesian is 
best distinguished from Hungarian with 84.04% and 85.71% of 
accuracy for 10-second and 45-second speech intervals, 
respectively. On 10-second silence-removed speech, the 
highest accuracy is obtained in Indonesian-English and 
Indonesian-Korean pairs with 77.7%, while on 45-second 
speech, it is obtained in Indonesian-English, Indonesian-
Korean, and Indonesian-Portuguese pairs with 90.5%. Finally, 
the highest accuracy on 10-second silence-removed and 
gender-separated speech is 75.3%, which is produced in the 
Indonesian-Portuguese experiment, and that on 45-second 
speech is 80%, which is produced by the Indonesian-English, 
Indonesian-Italian, Indonesian-Portuguese, and Indonesian-
Swedish experiments. 

Based on the illustration in Fig. 2, the overall performance 
of Indonesian identification on original speech is worst. Even 
some of the identifications on 45-second speech are worse 
than those on 10-second speech, which is surprising. 
Typically, the longer the speech duration, the better the 
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Figure 2.  Indonesian Identification Accuracies in the Pair-Wise Language Identification 

performance. This kind of inconsistency indicates that the 
silence parts of the speech file may degrade the language 
identification performance since they contain no language-
specific information. Moreover, the accuracies of Indonesian 
identification using the filtered speech, either silence-
removed or silence-removed and gender-separated speech, 
are not significantly different. The reason for this may be that 
the numbers of samples used in the training process for 
silence-removed and gender-separated speech are smaller 
than those used in the training process for silence-removed 
speech since the GMM training is separated between male 
and female. However, it shows consistently that almost all 
45-second (filtered) speech accuracies are higher than the 10-
second speech ones. From Fig. 2 it can also be seen that 
Indonesian is best distinguished from English, Korean, and 
Portuguese with 90.5% of accuracy. 

B. Indonesian Identification within Ten-Language Corpus 
In line with the pair-wise experiments, the ten-language 

experiments are also carried out on original speech, silence-
removed speech, and silence-removed and gender-separated 
speech. Fig. 3 illustrates the accuracies of identifying 
Indonesian within a ten-language corpus. On 10-second 
speech, the figure shows 27.66%, 60.64%, and 53.76% of 

accuracy for original speech, silence-removed speech, and 
silence-removed and gender-separated speech, respectively. 
While on 45-second speech, it shows 23.81%, 85.71%, and 
85% of accuracy for the same speech data set. 

 
Figure 3.  Indonesian Identification Accuracies within Ten Languages 
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Moreover, Fig. 3 shows that language identification using 
original speech yields the worst performance. It demonstrates 
that silence removal is important for language identification. 
The Indonesian identification accuracies are again much 
higher on the filtered speech (silence-removed speech and 
silence-removed and gender-separated speech) data although 
there are no significant differences between these accuracies. 
The highest accuracy that could be obtained in these 
experiments is 85.71% for 45-second silence-removed 
speech. 

VII. CONCLUSIONS AND FUTURE WORK 
This paper has presented research on language 

identification for Indonesian speech using a GMM on 
original and filtered speech. The performance of the model at 
the task of identifying Indonesian speech was evaluated in 
pair-wise and ten-language experiments. Five specific 
conclusions can be drawn from the experiments: 

1. A Gaussian Mixture Model (GMM) may be used to 
perform language identification if the corpus contains 
nothing other than the speech itself, i.e. no word 
transcriptions, phonetic transcription, or lexicon. 

2. The silence removal is not only effective to remove 
the unwanted information, but also to improve the 
performance. 

3. In the pair-wise language identification experiments, 
Indonesian is distinguished the best from English, 
Korean, and Portuguese with 90.5% of accuracy. The 
analysis of why Indonesian is best distinguished from 
English, Korean, and Portuguese is the subject of 
future work. 

4. The highest accuracy of Indonesian identification 
within the ten-language corpus is 85.71%, on 45-
second silence-removed speech. The analysis behind 
this performance is also the subject of future work.  

5. In both the pair-wise and the ten-language 
experiments, the accuracies of Indonesian 
identification are similar across the experiments on 
the silence-removed speech and those on the silence-
removed and gender-separated speech. However, the 
latter experiments appear promising since the training 
data are smaller. 

Future work will involve noise reduction on the speech 
data in order that the system can be used in live mode. Since 
noise contains no language-specific information, so it may 
degrade the accuracy of the system. Furthermore, based on 
the insights of [2,4], phonetic information will be taken into 
account in order to build a more accurate language 
identification system. 
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