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a b s t r a c t
Centroid-based classiﬁcation is a machine learning approach used in the text classiﬁcation domain. The
main advantage of centroid-based classiﬁers is their high performance during both the training stage and
the classiﬁcation stage. However, the success rate can be lower than the other classiﬁers if good centroid
values are not used. In this paper, we apply the centroid-based classiﬁcation method to the language
identiﬁcation problem, which can be considered as a sub-problem of text classiﬁcation. We propose a
novel method named as inverse class frequency to increase the quality of the centroid values, which
involves an update of the classical values. We also use a feature set formed of individual characters rather
than words or n-gram sequences to decrease the training and classiﬁcation times. The experiments were
performed on the ECI/MCI corpus and the method was compared with other methods and previous studies. The results showed that the proposed approach yields high success rates and works very efﬁciently
for language identiﬁcation.
Ó 2012 Elsevier B.V. All rights reserved.

1. Introduction
Language identiﬁcation has been considered as a form of text
classiﬁcation since 1990s. Several classiﬁcation approaches have
been used for identifying the language of documents, including
Bayesian classiﬁcation (Dunning, 1994), relative entropy-based
classiﬁcation (Sibun and Reynar, 1996), centroid-based classiﬁcation (Kruengkrai et al., 2005), Markov models (Xafopoulos et al.
2004), decision trees (Hakkinen and Tian, 2002), neural networks
(Tian and Suontausta, 2003), support vector machines (SVM) (Zhai
et al., 2006), and multiple linear regression (Murthy and Kumar,
2006). As a result of plenty of works, language identiﬁcation is considered as a solved problem. However, most of these studies offer
off-line solutions to the problem and there is only a limited number of studies that work on-line. Moreover, while the methods proposed in these studies were analyzed in terms of their success
rates, the run-time performance of the classiﬁers was not taken
into account.
Centroid-based classiﬁer is a vector space-based classiﬁer
(Salton, 1989). In centroid-based classiﬁcation, each document
and class is represented by a vector, each entry of which corresponds to a term (feature) in the document collection and contains
the weight of the term in that document. It is a simple and efﬁcient
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classiﬁer and these properties make it preferable when compared
with mathematically more complex classiﬁers. The high run-time
performance of centroid-based classiﬁcation is quite useful for
on-line tasks like language identiﬁcation. Han and Karypis (2000)
compared the centroid-based classiﬁer with k-nearest neighbor
(k-NN), C4.5, and naive Bayes classiﬁers, and showed that it yields
comparable results with better time complexities. In another
study, Chuang et al. (2000) proposed a method similar to
centroid-based classiﬁcation and they employed hierarchical classiﬁers based on a concept hierarchy. The time complexity analysis
of the algorithm showed that it is a computationally efﬁcient
algorithm.
Centroid-based classiﬁers yield high success rates in several
topics related to text classiﬁcation. Soonthornphisaj et al. (2002)
proposed a centroid-based algorithm for ﬁltering spam e-mail
messages and compared it with naive Bayes and k-NN classiﬁers.
Although centroid-based classiﬁcation is a successful approach in
general, it has the tendency to be affected from small variations
in the data. In a related work, it was shown that ﬁltering the outliers in the data improves the classiﬁcation performance of the
classiﬁer by about 10% when compared to the classical centroidbased approach (Shin et al., 2006). A variation of centroid-based
classiﬁcation, referred as nearest centroid classiﬁcation, has been
applied to the DNA microarray classiﬁcation problem (Wang and
Zhu, 2007). The centroid-based approach has been used for large
scale text classiﬁcation, which can be deﬁned as the classiﬁcation
problem in the case of a very large number of classes (Miao and

2078

H. Takçı, T. Güngör / Pattern Recognition Letters 33 (2012) 2077–2084

Qiu, 2009). Two characteristics of this domain, data sparsity and
highly imbalanced classes, cause a decrease in the performance
of the traditional text classiﬁcation schemes. Centroid-based classiﬁers operate in linear time that is proportional to the number
of data samples and are thus quite efﬁcient. Based on this property,
they are suitable for classiﬁcation tasks that work on large volumes
of data.
Although centroid-based classiﬁcation shows a successful
behavior in a variety of tasks, it has two main problems (Tan,
2007). The ﬁrst one is the model misﬁt in the sense that the algorithm is too sensitive to the training data. The second problem is its
relatively lower success performance in some domains when compared to other classiﬁcation algorithms. One solution for the performance problem is applying normalization and smoothing
techniques on the data, which was shown to increase the success
rates signiﬁcantly (Lertnattee and Theeramunkong, 2006). Another
approach is increasing the discriminative power of the centroid
values that represent the classes. Term weighting methods can
be used for this purpose. Adjusting the weights of the centroids
using inter-class and intra-class term frequencies increases the
classiﬁcation performance of the classiﬁer (Tan, 2008; Guan
et al., 2009). The most widely used term weighting scheme is tfidf (term frequency – inverse document frequency), in which terms
common to most of the documents are less discriminative for classiﬁcation (Salton and Buckley, 1988). There are some more sophisticated term weighting schemes such as Okapi BM25 (Robertson
and Walker, 2000), LTU (Buckley et al., 1996), TF-ICF (term frequency – inverse corpus frequency) (Reed et al., 2006), and STW
(supervised term weighting) (Debole and Sebastiani, 2003).
Another problem of the centroid-based classiﬁer is the large
number of features in the feature vector. The problem can be
solved by either designing a small feature set or feature selection.
A number of techniques for feature selection such as information
gain, chi square, and mutual information have been applied successfully in the literature (Chizi et al., 2009). Syntactic and semantic information in the sentences can also be incorporated into the
feature selection model (Özgür and Güngör, 2010).
In this paper, we propose a novel approach for language-based
text classiﬁcation. The decisions underlying the proposed approach
and the properties of the method are listed below:
 The main problem in vector space-based models is the high
dimensionality of the feature set. In language identiﬁcation systems that use common words or n-gram sequences, the number
of features is between 1000 and 3500 (Grefenstette, 1995). The
method we propose is based on characters (letters and special
characters) that occur in the documents and we use a feature
vector formed of 54 features. Since it is a character-based
approach, feature extraction and processing can be done very
efﬁciently.
 Language identiﬁcation systems are generally used on-line in
the preprocessing stages of several application areas such as
information retrieval, machine translation, and text summarization. Thus, the time complexity of these systems should be as
low as possible. In this respect, in addition to using a low
dimensional feature space, selection of the classiﬁcation
method is critical. For this purpose, we use the centroid-based
classiﬁcation approach, which is highly efﬁcient for training
and testing of data.
 To overcome the accuracy problem of centroid-based classiﬁcation, we propose a method named as ICF (inverse class frequency). ICF determines the importance of a term based on
the number of occurrences of the term in the classes. In this
respect, it differs from inverse document frequency by making
use of the term frequency distributions within the classes rather
than the whole corpus.

The rest of the paper is organized as follows. Section 2 gives a literature survey related to language identiﬁcation studies. Section 3
explains brieﬂy the centroid-based text classiﬁcation method.
Section 4 gives the details of the methodology used in this work.
Section 5 explains the data set and the experiments and compares
the results of the proposed method with previous studies. Section 6
concludes the paper.

2. Related work on language identiﬁcation
There has been a signiﬁcant amount of work on language identiﬁcation and success rates close to 100% were obtained for large
documents. However, similar performance ratios cannot be
obtained for short documents like query texts. In most of the studies, some common words and character and word n-grams are
accepted as the features that best distinguish different languages.
Since language identiﬁcation is a classiﬁcation problem, several
statistical and machine learning techniques used in text classiﬁcation have been successfully applied to this problem.
One of the pioneering studies in language identiﬁcation
used common words and unique combinations of characters
(Grefenstette, 1995). Using common words or letter combinations
is known as a linguistically-oriented language identiﬁcation technique. A widely-known method that is frequently used in language
identiﬁcation is the n-grams approach. Cavnar and Trenkle (1994)
employed an n-gram method that made use of the list of the most
frequently observed character n-grams. Another n-gram method
was proposed by Adams and Resnik (1997). The implementation
in this work was based on the character n-gram approach of
Dunning (1994). Statistical approaches have also been applied for
language identiﬁcation. One of these studies is the work of
Dunning (1994), in which Markov models over n-gram frequencies
were used. Another language identiﬁcation study which uses a
Markov model was done by Xafopoulos et al. (2004).
Several machine learning techniques have been used in the domain of language identiﬁcation. Combrinck and Botha (1995) used
histogram method for language based classiﬁcation on 12 languages. Prager (2000) employed a vector space model and performed experiments on 13 languages using n-grams. Suzuki et al.
(2002) used a method based on n-grams that was capable of identifying the language and character encoding schemes for a web
document together. Takçı and Soğukpınar (2004) used a character-based method for language identiﬁcation. In this work, 22 characters that occur frequently in different languages were used and
the method was applied to four languages. Ng and Selamat
(2009) performed language identiﬁcation on Arabic texts by using
letters as the features. They proposed a new letter weighting approach and obtained about 99.75% success rate.
As stated previously, although language identiﬁcation can be regarded as a solved task for long documents, this is not the case for
texts formed of a limited number of words. Winkelmolen and
Mascardi (2011) applied statistical methods for identiﬁcation of
language in short documents such as SMS texts. In another work,
the language of query texts was identiﬁed by analyzing The European Library (TEL) logs (Bosca and Dini, 2010). Gottron and Lipka
(2010) compared different approaches for language identiﬁcation
related to queries. They employed naive Bayes, Markov chain, frequency rank and vector space models.
Vatanen et al. (2010) employed different n-gram models for the
analyses of short texts formed of 5–21 characters. In order to decrease the execution time of the methods, they also employed
the model pruning technique with different pruning parameters.
In another work, Grothe et al. (2008) showed that changing the
out-of-place approach proposed by Cavnar and Trenkle (1994)
dynamically causes an increase in the classiﬁcation accuracy. They
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performed experiments for comparison of different language identiﬁcation algorithms. An interesting study on language identiﬁcation was done by Bhargava and Kondrak (2010), which aims at
identifying the language using data of proper names by SVMs.
The experiments on the Transfermarkt corpus (a corpus containing
European soccer player names) and 13 languages yielded about
80% success.
Although language identiﬁcation studies mostly involve supervised learning strategies, there are some works based on unsupervised methods. Amine et al. (2010) use artiﬁcial ants and k-means
algorithms together for language identiﬁcation. The authors presented a method based on the behavior of ants having collective
and individual characteristics and ability to gather and sort objects.
The method does not require the number of classes to be given a
priori and this is determined by the artiﬁcial ants algorithm. The
experiments were performed using three different similarity measures and it was observed that the choice of the similarity measure
has an important role in this domain.

3. Centroid-based text classiﬁcation
The concept of centroid denotes the central value of a set of
data. The data that belong to a class are represented by a point that
is at the center of the class (the centroid value). In this way, each
class is represented by a single centroid, based on the assumption
that the central value of a set of data is the best representative of
these data. In centroid-based text classiﬁcation, during the training
phase, simply the centroid value of each class is calculated. To
identify the correct class of a new data sample during testing,
the similarity of the sample to each centroid is calculated and it
is assigned to the most similar class.
Centroid-based text classiﬁcation is an efﬁcient method based
on the vector space representation model. Each document is represented by a vector ~
d and each element of the vector corresponds to
a term in the document collection. Usually the tf-idf metric is used
to assign weights to the terms. An element in a centroid vector corresponding to a term denotes an average value for this term in all
the documents in this class and is accepted as a representative
value for the whole class with respect to the term. We will use
the following notation throughout the paper:
k
n
d
~
d

number of classes
number of terms
a document
term weighting vector of document d

ci
~
ci
tj
D
Dc i
C
C tj
Dci ;tj

class i
centroid vector of class ci. ~
ci ¼ ½ci1 ; ci2 ; :::; cin 
term j
the set of documents in the corpus
the set of documents belonging to class ci
the set of classes in the corpus
the set of classes containing term tj
the set of documents belonging to class ci and
containing term tj

1 X~
d
jDci j d2D
ci

The second method is cumuli geometric centroid (CGC) that
uses the sum of the term weights rather than their average:

~
ci ¼

X

~
d

ð2Þ

d2Dci

There are different variations of the basic AAC and CGC methods. An effective one of these variations is the CFC (class feature
centroid) method (Tan, 2008), where the weights in the centroid
vector of a class are computed by taking into account the document and class ratios for the terms. The weight of term tj in class
ci, cij, is calculated as follows:
jDc ;t j
i j

cij ¼ b

jDc j
i

!
jCj
log
jC tj j

ð3Þ

where b is a constant greater than one. The ﬁrst part of the equation
is referred as the inner-class term index and the second part as the
inter-class term index.
As each class is represented by a centroid, a document in the
test set is categorized using a similarity measure. The test document is compared to each centroid and it is assigned to the class
yielding the maximum similarity value. A commonly used similarity measure is cosine similarity. Given a document d, the similarity
between d and each class is calculated and the maximizing similarity value is selected:

simðd; ci Þ ¼

~
d ~
ci
;
~
jdj  j~
ci j

for i ¼ 1; . . . ; k

ð4Þ

argmaxi simðd; ci Þ
4. The methodology
We propose a new method, inverse class frequency, to improve
the discriminative power of the centroids and thus the training and
classiﬁcation performances. Similar approaches that take the term
distributions in classes into account for text classiﬁcation have
been proposed in the literature (Min, 2003; Keim et al., 2009).
The approach we propose in this study differs from the previous
works in three ways. First, we use the class frequencies in centroid-based learning and for language identiﬁcation rather than
document classiﬁcation. Second, instead of simply incorporating
a ratio of the number of classes in the formula, we use class frequencies as an updating factor in the centroids. Third, we use a
character-based feature set and there is no need for a feature selection step. To the best of our knowledge, this is a novel approach in
centroid-based classiﬁcation and language identiﬁcation.
4.1. Inverse class frequency

There are mainly two methods for forming the centroid vectors
from the training data (Guan et al., 2009). The ﬁrst one is arithmetic average centroid (AAC), where the elements in a centroid are
simply the mean values of the corresponding term weights in the
document vectors belonging to the class. The centroid vector ~
ci of
class ci is formed as follows:

~
ci ¼

2079

ð1Þ

In text classiﬁcation systems, a critical factor that affects the
performance of the classiﬁer is term weighting (Leopold and Kindermann, 2002). The weight of a term for a particular document
indicates how much the term is related to that document. Debole
and Sebastiani (2003) and How and Kulathuramaiyer (2004) use
supervised term weighting and give an analysis of some popular
term weighting metrics. In the former one, a weighting score is
computed for a term with respect to its relation to class labels. In
the latter one, term weighting is done by choosing the most relevant items in the classes using a relevance score. An unsupervised
approach is used by Ko and Seo (2004) that is based on the bootstrapping framework and a feature projection technique.
In this work, we use a new term weighting scheme named as
ICF (inverse class frequency). In ICF, the relevance of a term for a
class depends on its average frequencies in that class and in other
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classes in the corpus. This is different from the idf method and its
variations which consider the number of documents or classes a
term occurs in. Note that, although they share the same name,
ICF and TF-ICF which is another method used in text classiﬁcation
(Reed et al., 2006) are different methods.
ICF makes use of the term frequency distributions within the
classes. In ICF, we ﬁrst form the centroid values using Eq. (1)
(cold
ij ) and then make the following modiﬁcation on the centroid
values to obtain new centroids (cnew
ij ):


cnew
ij

ðcold
ij þ eÞ
¼ log P
sf
old
i¼1:::k c ij

!
ð5Þ

where sf denotes a smoothing factor from the set {1, 10, 100, 1000,
10,000} and e < 0.001. Note that, unlike Eqs. (1) and (2), this formula
takes into account both the term frequencies in a class and the ratio of these frequencies to the frequencies in the corpus. A term
that appears frequently in the documents of a class but rarely in
the documents of other classes will be deemed as an important
term for that class. We use the logarithm function and a smoothing
factor to prevent large deviations in the centroid values. The train-

ing and the testing algorithms for the ICF method are shown in
Fig. 1.
As stated previously, when a test document is to be classiﬁed,
the similarity of the document to each class is computed by using
the test document vector and the class centroid vectors as parameters in the similarity measure. In classical methods like AAC and
CGC, the test document vector is formed using the tf-idf values
of the terms. On the other hand, in ICF, the term weights in the document vector are tf values only. We can show the difference between the two approaches as follows, where the subscripts
indicate the term weighting scheme:
For AAC and CGC: Similarity between ~
dtf idf and ~
ctf .
For ICF: Similarity between ~
dtf and ~
ctf icf
Since centroid-based classiﬁcation is a class-based approach
and idf involves a corpus-based calculation, in classical methods,
we form the centroid vectors using term frequencies and we cannot incorporate corpus-based document frequencies (idf values).
In ICF, however, the class frequencies are explicitly used in centroid calculations. In this respect, the importance of a term for a
class is obtained with respect to its distribution in the classes.
A term used in a class gets a high score if it occurs rarely in other

Fig. 1. Training and testing algorithms for ICF (sf = 10 and e = 0.001)
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Table 1
idf and icf values of example characters (sf = 10, e = 0.001)
Character

a
ç
ö

Language
DUT

ENG

FRE

GER

ITA

POR

SPA

SWE

TUR

0
2.68
0
0
0
0

0
2.70
0
0
0
0

0
2.74
1
2.67
0.47
3.15

0
2.55
0
0
0
1.53

0
2.93
0
0
0
0

0
2.91
0.88
3.43
0
0

0
2.92
0
0
0.18
3.55

0
2.58
0
0
0
0

0
2.91
0.32
3.84
1.09
3.47

classes, but its score decreases if it is also used frequently in the
other classes. In addition, the icf value is more sensitive to the
training data than the idf value as required by a high performance
classiﬁcation method.
4.2. Discriminative power of inverse class frequency
For language identiﬁcation, the most important property of ICF
is its high discriminative power for language-speciﬁc characters
(characters that are in the alphabets of one or a few languages
only). For instance, considering the set of languages in the European corpus initiative multilingual corpus (the corpus used in this
work), the letter ç appears in the alphabets of French, Portuguese
and Turkish languages only, while the letter ö appears in the alphabets of French, German, Spanish and Turkish. If we can increase the
importance of such characters during classiﬁcation the performance will be higher, since the classes will be separated more from
each other. Table 1 compares the idf values (ﬁrst row for each character) and the icf values (second row for each character) in different languages of some example characters. The values in the table
were obtained using the training data in the corpus used in this
work (see Section 5.1). We used sf = 10 which gave the best results
in the experiments and e = 0.001 in calculating the icf values.
As can be seen from the table, the importance of the languagespeciﬁc characters becomes clearer in the ICF weighting scheme.
For instance, the icf values of ç and ö are much higher than the corresponding idf values in the languages they are used. This is a desired property since these letters are important clues in
determining the correct language. In addition, while the idf weight
of a is zero in all these languages showing that it is used in all the
documents, the corresponding icf values are slightly different
among the languages. Thus the ICF method increases the discriminative power of both the language-speciﬁc characters and the
common characters.

5. Experiments and results
In this section, we ﬁrst explain the data set used in the experiments and the performance measures used for evaluation. Then we
compare the proposed method in detail with several other methods and previous studies.
5.1. Data set and performance measures
In the experiments we used the European Corpus Initiative
Multilingual Corpus I (ECI/MC1),1 which is one of the most widely
used corpora in language identiﬁcation studies (Armstrong-Warwick
et al., 1994). The ECI/MC1 corpus contains almost 100 million words
in 27 (mainly European) languages. The corpus is formed of docu1

http://www.elsnet.org/eci.html. The corpus is being distributed by ELSNET and
can be ordered as CD-ROM.

ments from several genres such as newspaper texts, novels, scientiﬁc
papers, transcribed speech, legal texts, and dictionary entries.
We performed the experiments on nine languages in this corpus. The languages and the number of characters used for each language are as follows: Dutch (DUT-291 K), English (ENG-108 K),
French (FRE-108 K), German (GER-171 K), Italian (ITA-99 K), Portuguese (POR-107 K), Spanish (SPA-107 K), Swedish (SWE-91 K), and
Turkish (TUR-109 K). For each language, we used 90% of the data
for training and 10% for testing, and we employed 10-fold cross
validation in all the experiments.
The feature set consists of all the letters (Latin letters, extra letters, diacritics, and ligatures) in the alphabets of the nine languages. There are 54 features in the feature set which are as
follows: a,à,á,â,ã,ä,å,b,c,ç,d,e,è,é,ê,ë,f,g,ğ,h,ı,i,ì,í,ï,j,k,l,m,n,ñ,o,ò,ó,ô,õ,
ö,p,q,r,s,sß,t,u,ù,ú,û,ü,v,w,x,y,ß,z. We refer to the 26 letters of the
English alphabet as common letters since each of them is used in
a majority of the other languages. The other letters are referred
as language-speciﬁc letters. As in other classiﬁcation tasks, the success of language identiﬁcation methods depends on the size of the
test data. In order to determine the performance of the methods on
data of varying sizes, we divided the test data into groups of different lengths ranging from 12 characters to 500 characters. For each
length parameter, data of the appropriate size were taken randomly from the test data portion of the corpus.
For evaluating the success rates of the methods, we used the
commonly used precision, recall, and f-measure metrics. For a language (class) l, let correctl and predictedl denote the set of test documents, respectively, that actually belong to the language l and
that are classiﬁed as belonging to the language l by the method.
Then the success rates are calculated as follows:

precisionl ¼

recalll ¼

jcorrect l \ predictedl j
jpredictedl j

jcorrectl \ predictedl j
jcorrect l j

f  measurel ¼ 2

precisionl  recalll
precisionl þ recalll

5.2. Comparison of ICF with centroid-based methods
In order to observe the performance of the proposed method in
language identiﬁcation, we compared it with two other centroid
updating methods, AAC and CFC. The results are shown in Table 2.
The values in the table are averages of the results obtained for the
nine languages. The test data were formed of 100-byte (100 characters) long documents taken randomly for each language.
When we also analyze the results on a language basis, we
observe that ICF outperforms AAC and CFC in nearly all of the languages. The AAC method has a performance close to the performance of ICF for English, Swedish, and Turkish. CFC also seems
successful for Turkish, but it does not yield high results for other
languages. For English, the success of the proposed method is similar to the success ratios of the other methods. This is due to the
fact that the English alphabet includes only the Latin letters which

Table 2
Average success rates of centroid-based methods (100-byte long test data).
Method

Precision

Recall

F-measure

AAC
CFC
ICF

0.890
0.701
0.971

0.887
0.645
0.975

0.889
0.672
0.973
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Table 3
Comparison of the proposed method with related work.
Method

Training size

Test size

Result (%)

Dunning (1994)
Bayesian classiﬁer

50 K
50 K
5K
–

92.00
99.90
97.00
98.96
98.68
98.32
98.68
93.50
97.70
98.20
99.00

Xafopoulos et al. (2004)
Hidden Markov model
Takçı and Soğukpınar (2004)
Centroid-based classiﬁcation
Kruengkrai et al. (2005)
Kernelized centroid and support vector machines
Vojtek and Bielikova (2007)
Markov models of Dunning (1994) and Teahan and Harper (2001)
Gottron and Lipka (2010)
Naïve Bayes, multinomial, Markov model, frequency rank, and vector space

-

20 bytes
500 bytes
500 bytes
100 bytes (trigrams)
100 bytes (short-terms)
100–500 bytes (trigrams)
100-500 bytes (ﬁve-grams)
100 bytes (bigrams)
100 bytes (trigrams)
100 bytes (four-grams)
140 bytes

500 K

100 bytes

99.00

–

Our method

50 K

50 bytes (kernelized centroid)
50 bytes (support vector machine)
50 bytes (Dunning (1994))
50 bytes (Teahan and Harper (2001))
45.1 bytes (Naïve Bayes)
45.1 bytes (Multinomial)
45.1 bytes (Markov model)
45.1 bytes (Frequency rank)
45.1 bytes (Vector space)
100 bytes

95.90
99.70
97.95
98.20
98.52
97.63
73.13
59.93
61.04
98.00

Grefenstette (1995)
N-grams and short-terms
Adams and Resnik (1997)
Character n-grams
Prager (2000)
Vector space model over n-grams

serve as a default alphabet for other languages. However, the success of ICF largely depends on the special characters in the languages. ICF shows a signiﬁcant improvement over other methods
especially for languages in which language-speciﬁc characters occur frequently.
Although CFC is a more sophisticated approach than AAC, it
yields worse results, especially for recall. This is probably due to
the nature of CFC that gives too much importance to rare terms
and biases against frequent terms. Thus, by decreasing the importance of some frequent but discriminative terms, it may miss the
correct classes of some documents when some of the important
(rare) terms for a class do not occur in the test document. The
CFC method gives successful results in subject-based text classiﬁcation (e.g. Guan et al., 2009), but its success falls behind the other
methods in the domain of language identiﬁcation. It seems that
CFC is a more suitable approach when the documents to be classiﬁed are long documents.
5.3. Comparison of ICF with previous work
In this section, we compare the centroid-based classiﬁcation
method proposed in this study with previous studies that yielded
successful results in language identiﬁcation. We included in the
comparisons different types of classiﬁers (Bayesian, HMM, etc.)
in order to observe the performance of the proposed methodology
with respect to other approaches. The results are shown in Table 3.
The performances shown in the table are averages of the success
rates of the languages used in the experiment.
The work of Dunning (1994) is one of the earliest statistical language identiﬁcation studies. In this work, a Bayesian classiﬁer was
used. An accuracy rate of 92% was obtained with 50 K training data
and 20 bytes test data. Increasing the test data size to 500 bytes
improved the accuracies up to 99.9%. The high success rates in this
early work were mainly due to incorporating only two languages in
the system. The performances of the works based on the n-gram
approach are around 97–98% for 100 bytes test data (for n = 3–5).
Although the n-gram models give successful results for trigramﬁve-gram sequences, they employ a high dimensional feature set
and yield much higher time complexities than the centroid-based
models.

220 K
220 K
–

25–200 K

Xafopoulos et al. (2004) used an HMM classiﬁer for identifying
the language of web documents. They tested the method on ﬁve
European languages and obtained 99% success rates on 140 bytes
texts. A centroid-based model that uses a small feature set was
proposed by Takçı and Soğukpınar (2004). The method was applied
to four languages and a success rate of 99% was obtained.
Kruengkrai et al. (2005) proposed a language identiﬁcation approach based on a concept named as string kernels. They used a
kernelized centroid method and support vector machine which
yielded 95.90% and 99.70% success rates, respectively, for 50-byte
long data.
In another work, the authors focused on the use of the Markovian approach and compared two notable Markov models (Vojtek
and Bielikova, 2007). Experiments on the Reuters corpus that includes languages from several different families showed about
98% accuracies. Gottron and Lipka (2010) compared several different approaches for language identiﬁcation on short texts in the
form of queries. They used n-character long features in the feature
set and tested the models with different n values. They observed
that the naïve Bayes approach outperformed the others.
5.4. Comparison of ICF with short-term and n-gram methods
We compared the ICF method with the short-term and n-gram
approaches used frequently in language identiﬁcation studies. The
short-term approach is a linguistic method. The short-terms are
formed of words that occur frequently in a language such as conjunctions, prepositions and adverbs. We identiﬁed 400 short-terms
that have the highest frequencies for each language and the feature
set was formed of the combination of all the short-terms. In the
case of the n-gram approach, we used n = 3 and identiﬁed 400
character trigrams with the highest frequencies for each language.
Similarly, the set of all the trigrams formed the feature set. For the
experiments, 100 documents were selected randomly for each language from the ECI/MC1 corpus. The tests were performed on 100byte long documents.
Fig. 2 shows the success rates of the three methods for each language. The average success rates of all the languages are 96.85%,
95.44% and 95.88% for short-term, n-gram and ICF, respectively.
We see that the short-term method outperforms the other
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The results in terms of f-measure are shown in Fig. 3. It can be
seen that for most of the languages ICF outperforms all the SVM
implementations. It is followed by the linear and RBF SVMs, and
the sigmoid SVM gives the worst results. The experiments indicate
that ICF, which is a quite simple and efﬁcient approach, shows better behavior than one of the state-of-the-art kernel methods.
5.6. Comparison of ICF with mutual information and chi-square
methods

Fig. 2. Accuracies of language identiﬁcation methods for each language.

The centroid-based classiﬁcation approach proposed in this
paper is a term weighting method that can be employed in several
text classiﬁcation problems. In this respect, we compare the ICF
method with the mutual information (MI) and the chi-square
(CHI) term weighting schemes that are widely used in the text classiﬁcation domain. We use the standard formulas for these two
metrics as given by Sebastiani (2002).
We repeated the experiments using the MI and CHI metrics on
the same training and (100-byte long) test data with the same feature set. The results are shown in Table 4. The results indicate that
ICF signiﬁcantly outperforms the other two methods and is a more
suitable approach for character-based language identiﬁcation.
5.7. Analysis of results

methods. This is probably due to the sizes of the feature sets and
the test data. While 400 short-terms can cover most of the common terms used in a language, 400 character trigrams seem insufﬁcient to represent a language. Although the performance of ICF is
worse than the short-term method, the feature set consists of only
54 single characters, which is a much smaller feature set than the
other models. In addition, the number of features is independent of
the number of languages involved in the system. Thus, we can regard the proposed approach as a simple approach that yields high
success rates and owns a low time complexity.

The results of the experiments in the previous sections indicate
that the centroid-based classiﬁer that makes use of inverse class
frequencies gives in general more successful results than the other
classiﬁers for language identiﬁcation. An important property of the
method is its low (training and testing) time and space complexities. Having k languages and m features (terms), the time complexity is in the order O(km). We used a very low value for the feature
vector size (m = 54). Thus, the documents can be processed, the
centroids can be formed, and the similarities can be calculated very
efﬁciently.
We also measured the training and testing (classiﬁcation) time
complexities of the proposed method empirically and compared it
with the other methods discussed previously. The executions were
performed on a desktop PC with Intel Core 2 Quad CPU, 2 GB RAM
and 32-bit operating system. We measured the classiﬁcation time
as the total execution time for a set of 100 test documents where
each document is 100-byte long. The classiﬁcation times for the
short-term, n-gram, SVM and ICF methods were obtained as
2.44 secs, 71.88 secs, 4.28 secs and 0.85 secs, respectively. For the
training times, we used a training set of size 900 K formed of
approximately 100 K training data for each language. The training
times were obtained as 1300.09 secs, 2162.22 secs, 428.50 secs and
78.38 secs, respectively. Having a linear time complexity and operating on a small feature set, the ICF method gives the best execution times. The short-term and n-gram methods need more
training and testing time since they use larger feature vectors.
Although SVM uses the same feature set as the ICF method, it
has a higher time complexity. Thus, we can state that the ICF approach yields more successful results and has lower time complexities than the other approaches for language identiﬁcation.

5.5. Comparison of ICF with SVM

6. Conclusions

We also compared the proposed method with SVM, which is
one of the most successful approaches used in text classiﬁcation
and language identiﬁcation. We used the SVM-light implementation with three kernel types: linear, radial basis function (RBF)
and sigmoid. The experiments were conducted on the ECI/MC1 corpus for the same set of languages with 100-byte long test documents. The same feature set was used in the experiments.

Language-based text classiﬁcation is an important text classiﬁcation problem and language identiﬁcation systems are used in the
preprocessing stages of several other systems. In this paper, we
proposed a novel approach for language identiﬁcation that is based
on centroid-based classiﬁcation and that uses a low dimensional
feature space formed of individual characters. Although centroidbased classiﬁcation is a fast classiﬁcation approach, its success is

Fig. 3. Success rates (f-measure) of SVM methods and ICF method.

Table 4
Accuracies of MI, CHI and ICF methods (100-byte
long test data).
Method

Accuracy

Mutual information
Chi-square
ICF

89.20
83.20
97.50
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in general lower than those of other classiﬁers. In order to increase
its performance, we employed a method called inverse class frequency that makes an update on the centroid vectors. The results
obtained on the ECI/MC1 multilingual corpus were compared with
other methods and previous studies. The results showed that the
ICF method mostly yields better success rates than the other methods and operates in less time.
A possible future work is applying the proposed approach to
other text classiﬁcation tasks in addition to language identiﬁcation,
where high performance classiﬁcation is an important factor for
the success. We can cite spam e-mail detection, categorization of
texts in newsgroups, and identiﬁcation of similar contents in social
networks as a few examples of such problems. The centroid-based
method proposed in this work can also be applied to these areas as
an efﬁcient classiﬁcation approach.
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