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usually can produce higher identiﬁcation accuracy with
lower computational memory and shorter processing time.
Mislabeled training documents will also affect the results
of language identiﬁcation [7]. Biemann and Teresniak have
argued that supervised training has a major drawback. The
language identiﬁer will fail on languages that are not contained in its training, and it will, for the most part, have no
way to cope with that and may assign the data to some
arbitrary or unknown language [8]. However, there is a
possibility to use unsupervised learning method for solving
this issue.
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. For example, language
identiﬁcation is needed when users look for speciﬁc information that is written in Arabic scripts in which words are
similar to other languages. For this reason, many researchers
undertook studies to automatically identify the language
in which information is written on a web document [9].
The information technology industry has been motivated
to deal with problems related to language processing and
identiﬁcation throughout the world [10].
In this paper, integration between normalized bigrams
and support vector machine is proposed to create a novel
language identiﬁcation method that detects the language of
web pages. The ﬁrst phase is to ﬁnd out the interesting
features of all languages of one particular script. Then,
the normalized vectors are integrated with support vector
machine to predict the language of a text.
This paper is organized as follows. Section 2 provides
a background of LID. Section 3 discusses the experiment
methodology and follows by the result analysis and discussion in Section 4. Finally, the conclusion of this work is
summarized in Section 5.

Abstract—Natural language processing is an emerging technology in linguistic industry and an aid to human-computer
interaction in computer science. Language identiﬁcation, on
the other hand, is a form of pattern recognition that helps to
identify predeﬁned language of a web page and to predict the
unknown language of one particular text. Written texts are
constructed by common features such as character, word and
n-gram and these characteristics are unique among languages.
From the experiment result, the performance of the supervised
n-gram produces an accurate identiﬁcation value and outperforms the distance measurement on Arabic script web pages.
Keywords-Support vector machine, supervised N-grams, language identiﬁcation, Arabic script

I. I NTRODUCTION
In a multilingual application, language identiﬁcation
(LID) is the ﬁrst process for determining the language of
a particular text. For example, it is quite common that
Internet-based businesses or communities such as eBay,
Amazon, Google, Yahoo, Facebook, etc. operate sites in
diverse languages [1]. The ﬁrst step to be taken in a machine
translation is language detection. In addition, a text-tospeech system required the desired language of source text
in order to navigate the appropriate pronunciation and phrasing strategies. It becomes increasingly important in natural
language processing. Parallel phoneme recognition followed
by language mode is one of the most successful systems for
language identiﬁcation. The system depends on phonetic ngrams to classify languages [2]. Similar algorithm also being
implemented in optical character recognition [3].
LID is the process of determining the predeﬁned language
automatically from a given content (e.g., English, Malay,
Chinese, Japanese, Arabic, etc.). Language is an indispensable tool for human communication, and presently, the
language that dominates the Internet is English. A web page
is a kind of digital document displayed on a web browser.
The web page can be written using diverse languages or
different encoding such as Unicode [4].
Botha and Barnard have stated that the accuracies of
text-based language identiﬁcation are depended on several
factors, including the size of the text fragment to be identiﬁed, the amount of training data available, the classiﬁcation
features and algorithm employed, and the similarity of the
languages to be identiﬁed [5], [6]. A language identiﬁer
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II. R ELATED W ORK
The ﬁeld of human language technology covers a number
of research activities, including the coding, identiﬁcation,
interpretation, translation, and generation of language. The
aim of such research is to enable humans to communicate with machines using natural language skills. Language
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technology research involves many disciplines, such as linguistics, psychology, electrical engineering and computer
science. Cooperation among these disciplines is needed to
create multimodal and multimedia systems that use the
combination of text, speech, facial cues, and gestures, both
to improve language understanding and to produce a more
natural language processing by animated characters [11].
Language technologies play a key role in the age of
information [12]. Today, almost all device systems combine
language understanding and generation that allow people
to interact with computers using text or speech to obtain
information, to study, to do business, and to communicate
with each other effectively. The technology convergence
in the processing of text, speech, and images has led to
computer’s ability to make sense of the massive amounts
of information now available via internet connection. For
example, if a student wants to gather information about the
art of getting things done, he or she can set in motion a set of
procedures that locate, organize, and summarize all available
information related to the topic from books, periodicals,
newspapers, etc. Translation of texts or speech from one
language to another is needed to access and interpret all
available materials and present it to the student in his or
her native language. As a result, it will increase academic
interests of the student [13], [14].
The volume of social network posts available on the
internet has expanded dramatically in recent years. While
the vast amount of user-generated text from social media
is available online, effective language-processing technology is difﬁcult without knowing which language is being
processed. Bergsma et al. [15] have illustrated the language identiﬁcation performance on twitter text in lowresource languages and created language-speciﬁc twitter
collections in non-Latin scripts for the experimental purpose.
Multilingual posts can potentially affect the outcomes of
content analysis on microblog platforms. Carter et al. [16]
have proposed a character n-gram distance metric in order
to identify the ﬁve microblog characteristics of language
identiﬁcation, which include blogger, link, mention, tag
and conversation. They have releaved that there are four
main categories of errors include ﬂuent multilingual posts,
prior effects, named entity errors, and language ambiguity.
Mayer [1] has presented a simple, stable, and highly runtime
efﬁcient algorithm for language identiﬁcation, which does
not need any human-labeled training data, provided there
already exists a strong language identiﬁer based on a site
language or user language. Although the proposed method
works well on short text, the result is arguable due to
the strong dependency on site language. Centroid-based
classiﬁcation is a machine learning approach used in the
text classiﬁcation domain. Conventional machine learning
approaches to language identiﬁcation perform very well
on long documents using standard language, but relatively
poorly on short documents with non-standard orthography.

Figure 1.

Encoding, script and language identiﬁcation [11].

This is getting worse on social media sources like Twitter.
Vogel and Tresner-Kirsch [17] have proposed the modiﬁed
LIGA algorithm and shown that a modied algorithm achieves
99.8% accuracy disambiguating among six European languages. However, the analysis of the results does not include
the data sets from different languages such as Urdu, Arabic,
Persian, etc. Takçı and Güngör [18] have proposed a novel
method named as inverse class frequency to increase the
quality of the centroid values. They also used a feature set
formed of individual characters rather than words or n-gram
sequence in order to decrease the training and classiﬁcation
times. However, the stated method does not include the nonEuropean languages. Lui and Baldwin [19] have demonstrated the problem of negative transfer in training a system
using language labeled data from a variety of domains. They
have developed a method for identifying features that are
strongly predictive of language across multiple domains by
examining the difference in information gain of each feature,
but the performance does not include the analysis on minor
languages.
Many countries have diverse multilingual population and
multiple ofﬁcial languages (e.g., India, Singapore, Malaysia,
etc.). According to Internet World Stats, internet use had a
more explosive growth between 2000 and 2007 in Middle
Eastern countries (e.g., Iran, Saudi Arabia, Syria, Yemen,
etc.) than in the rest of the world [20], [10]. In addition, the
Summer Institute of Linguistics has reported that there are
69 kinds of languages (including English) spoken or used
by more than 10 million people in the world [13]. It is very
time-consuming if language identiﬁcation is done manually.
Figure 1 depicts the general framework of web page LID
[11]. It is a relationship between web page, encoding, script
and languages. With the increasing number of web pages on
the Internet, it has become a need to provide an intelligent
method to effectively classify those information.
III. N- GRAMS S UPPORT V ECTOR M ACHINE
Figure 2 illustrates the adopted processes in this work
involve extracting region of interest (ROI), n-gram rank
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Figure 2.

The process of language identiﬁcation.

D. Input Pattern Construction

ordering, vector normalization or mapping, input pattern
construction and LID using support vector machine.

In general, input to be used by machine learning method
is in the matrix form. Therefore, the input pattern is constructed based on the normalized vector. Size of the input
pattern is equivalent to size of normalized vector. Input
patterns of training and testing set are generated separately.
Values are the corresponding n-gram based rank order statistics that standardize between minus one and one.

A. ROI Extraction
In data set preparation, one thousand web pages of each
language have been collected from the news website. This
research is focusing on identifying languages of Arabic
script such as Arabic, Persian, Urdu and Pashto. These data
sets are between two and ten kilobytes, which were saved
in Unicode form by setting the ﬁle name corresponding to
the language. During the noise ﬁltering process, irrelevant
strings have been removed, which are not in the range of
Arabic script in Unicode (0600-06FF). Finally, the ROI
is ready to be processed by N-gram. Details of data set
preparation can be found in [21].

E. Language Identiﬁcation using SVM
As a popular tool for discriminative classiﬁcation, SVM
has been widely used in several areas for pattern recognition
and brought signiﬁcant improvements. LIBSVM is an integrated software or library for support vector classiﬁcation,
regression and distribution estimation (one-class SVM). It
also supports multi-class classiﬁcation and has been selected
as the machine learning method in this work [24]. As
discussed previously, the size of the feature space grows
exponentially with n,which leads to long training times and
extensive resource usage as n becomes large; therefore, the
SVM experiments has been limited to n=2 or so-called
bigrams. A language model was built with samples of size
from a training set. These samples contained a frequency
count of each n-gram combination in the character string.
Thus, the feature dimension of the SVM is equal to the
number of n-gram combinations. Samples of the testing set
are created using the same size of the character window as
used to build the model. After training the SVM language
model, the test samples can be classiﬁed according to
language. A comparison between the SVM classiﬁcation and
conventional method, distance measurement (DM), proposed
by Cavnar and Trenkle [25] has been investigated.

B. N-gram Rank Ordering
A large number of approaches to LID have been proposed
in the literature. The primary focus is on methods that do
not require extensive linguistic expertise. Such approaches,
which are statistical in nature, have been shown to perform competitively and are much easier to develop when
appropriately codiﬁed linguistic knowledge is not available.
Statistical language models can be built from counts of
words or letters, or from n-gram statistics. The sub sequence
of characters is referred to as an n-gram that is commonly
used to predict desired language of a text, moreover, due
to their uniqueness, they can be utilized as the feature
of other language applications like speech recognition for
a further increase to the reliability measures. The n-gram
based models outperform a word based model for small text
fragments and do equally well for larger fragments [22].
In another study n-gram achieved better results than string
kernels [23].

IV. R ESULTS

C. Vector Normalization / Mapping

Figure 3 shows the experimental results on 100 testing
web pages that vary on training data size. Initially, only
one web page has been selected randomly as training data
in which each language consists of ten kilobytes (KB).
Therefore, the total training data is 40 kilobytes for four
languages. Accuracy of SVM and DM is 79% and 0.50%,
respectively. Then, the SVM produced a rapid ﬂuctuation to
97% on 238KB if compared with DM. Between 505KB and
2415KB, SVM achieved between 95% and 99%, meanwhile

During the SVM training, vector normalization has been
used to ﬁnd out the standard n-gram to appear among
languages. Meanwhile, vector mapping is to select the
normalized standard n-gram for input pattern construction.
For vector normalization, it is to ﬁlter out and discard the
meaningless n-gram to a certain level of threshold. If one
language is lacked of that n-gram, then it will be discarded
from the input pattern.
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Figure 3.

Identiﬁcation results on 100 testing web pages.

machine. A result given has shown that it is signiﬁcant
in Arabic script web page language identiﬁcation; it has
surpassed the conventional method distance measurement
in terms of accuracy. In the future work, an insight on
implementing the proposed method will be explored into
South African, Indian and European languages, which have
more than 10 languages in one particular script.

DM only presented between 16% and 43%. At the training
size of 4883KB, SVM has outperformed than DM with only
one misclassiﬁcation web page and the accuracy is almost
100%.
In this work, the effect of the training data size has been
examined. From the experiment, it has been found that the
amount of training data required for asymptotic performance
depended most strongly on the size of the training data.
Integration between the bigrams and SVM has been proven
as a reliable supervised method on Arabic script web page
LID. Although DM’s accuracy is gradually increased when
training data is getting larger, but the computation cost is
not worth.
Supervised learning is the machine learning task of predicting a class from the labeled data. It performs very
well if the given training data is sufﬁcient. Supervised
language identiﬁcation has been proven that is workable
on Arabic script web pages. However, it cannot correctly
predict the arbitrary or unknown language. Therefore, in the
future work, the proposed method can be extended to semisupervised method for increasing the identiﬁcation accuracy
on real time application.
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