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Abstract—Machine transliteration has gained prime 
importance as a supporting tool for Machine translation 
and cross language information retrieval especially when 
proper names and technical terms are involved. The 
performance of machine translation and cross-language 
information retrieval depends extremely on accurate 
transliteration of named entities.  Hence the transliteration 
model must aim to preserve the phonetic structure of words 
as closely as possible. In this paper, the transliteration 
problem is modeled as classification problem and trained 
using C4.5 decision tree classifier, in WEKA Environment.  
The training was implemented with features extracted from 
a parallel corpus. This technique was demonstrated for 
English to Tamil Transliteration and achieved exact Tamil 
transliterations for 84.82% of English names. Possible 
equivalent transliterations were also generated by the 
model. It is found that the transliteration accuracy is 
increased when the top five ranked transliterations were 
considered. 
Index Terms—Transliteration, Sequence labeling, 
alignment, decision tree, WEKA. 

I.  INTRODUCTION 

One of the major issues needed to be considered by 
translators is translating named entities such as person, 
location, organization names and technical terms. During 
machine translation, the most proper way to handle 
named entities is to transliterate them into the target 
language by closely preserving their phonetic structure. 
Also proper noun processing plays an important role in 
query translation during cross-language information 
retrieval, where the query is specified in a language 
different from that of the retrieved documents. Thus 
machine transliteration is an important and challenging 
task in machine translation, cross-language information 
retrieval, multi lingual text and speech processing.  

During the last decade, four kinds of transliteration 
models have been developed. These are grapheme-based 
model, phoneme-based model, hybrid model, and 
correspondence-based model. These models are classified 
based on the units to be transliterated such as graphemes, 
phonemes, both graphemes and phonemes, and the 
correspondence between graphemes and phonemes.  

This paper presents a transliteration model where the 
transliteration problem is modeled using classification 
technique and implemented using WEKA j48 decision 
tree classifier. The transliteration model is experimented 
on English to Tamil transliteration and its performance is 
evaluated.  

 
II.   TRANSLITERATION PROBLEM AND CLASSIFICATION 

Transliteration is a process that accepts a character 
string in source language as input and generates a 

character string in the target language as output. The 
transliteration process mainly involves the segmentation 
of the source string into transliteration units and relating 
the source language transliteration units with units in the 
target language by resolving different combinations of 
alignments and unit mappings. The learning of the 
transliteration model takes place based on the 
alignments[1][2].  

III.   CORPUS DEVELOPMENT AND FEATURE 
GENERATION 

The performance of the transliteration model hugely 
depends on the data with which it is trained. Hence it is 
important to have a large corpus with many examples that 
highlight the intricacies of the language. A bilingual 
corpus consisting of 30,000 Indian person names and 
30,000 Indian place names was created.  This corpus was 
used in training the transliteration model. The source 
language considered here is English and the target 
language is Tamil. 

The valid target language n-gram (yi) for a source 
language n-gram (xi) in the given source language input 
word is decided by considering the source language 
context features such as source language n-gram (xi), two 
left context n-grams (xi-2, xi-1) and two right context n-
grams (xi+1, xi+2 ). A centered window of five tokens have 
been considered, from which basic and n gram patterns 
are evaluated to form binary features. In addition to 
context features, the features specifying the start and end 
of words, are extracted and encoded as binary features. 
Thus a binary feature vector of size 402 is created for 
each xi.  The feature patterns corresponding to each 
source language n-gram xi are generated to form a multi 
class training set. Such training datasets developed with 
binary features are used for training.  

The corpus needs to be preprocessed before training 
the transliteration model. This involves conversion of 
English words to Romanized Tamil counterparts, 
segmentation of these Romanized Tamil words, and 
alignment[1][2]. During alignment, the corresponding 
transliteration units in English and Tamil words are 
aligned if the number of units in both English and Tamil 
words are equal. 

A.  Mapping Analysis 
An English n-gram may be mapped into one or more 

Tamil n-grams. A dictionary is extracted from the 
training corpus with all possible mapping class labels for 
each English n-gram with mapping label frequency. The 
dictionary is referred during the training and the 
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prediction of class label for a given source language n-
gram. The mapping rules for all the English n-grams are 
obtained using WEKA j48 classifier. The mapping label 
with less frequency is not considered for generating rules. 
The two left context features for an English n-gram xi are 
denoted as lw-1 and lw-2 and the two right context 
features as rw-1 and rw-2. 

 
VI.   TRANSLITERATION USING WEKA 

Since every English n-gram is mapped into more than 
one class labels, predicting a class label for each English 
n-gram in the name to be transliterated becomes a multi 
class classification problem. The Waikato Environment 
for Knowledge Analysis (WEKA) is a comprehensive 
suite of Java class libraries that provides implementations 
of numerous classification and prediction algorithms [3]. 
C4.5 Decision tree classifier of WEKA which is a 
supervised machine learning algorithm has been used 
here for training the classification model and to generate 
rules.  

Decision tree classification generates the output as a 
binary tree like structure called a decision tree, in which 
each branch node represents a choice between a number 
of alternatives, and each leaf node represents a 
classification or decision.  A decision tree model contains 
rules to predict the target variable [4]. This algorithm 
scales well, even where there are varying numbers of 
training examples and considerable numbers of attributes 
in large databases. 

 
A. Transliteration System 

The transliteration process consists of four phases: Pre-
processing phase, feature extraction, training and 
transliteration phase.  

 

 
Fig. 1. Transliteration System 

 

During the preprocessing phase, the target language 
names are Romanized and the source language names are 
segmented and aligned with the corresponding segmented 
target language names. 

The aligned corpus was identified to consist of 80 
unique English n-grams and 161 unique labels. A 
dictionary containing English n-grams with their mapping 
labels and the mapping label frequency is generated. The 
feature patterns are extracted from the aligned corpus as 
described in section 3. For each source language n-gram, 
a multi class training dataset is created and trained using 
WEKA j48 decision tree classifier. The trained decision 
tree model contains a set of rules for predicting class 
label.  When predicting the class labels for a given 
sequence of source language n-grams, the most probable 
class label for each English n-gram is predicted using the 
respective trained model. The trained models are 
incorporated into English to Tamil Transliteration system. 

During Transliteration phase, each word that is to be 
transliterated is first segmented into a sequence of 
English n-grams. The feature vector for each English n-
gram is extracted. The trained model, corresponding to 
each n-gram in English word is used for prediction. The 
sequence of predicted class labels will form a 
transliterated word for the given English word. 

 
B.   Results and Evaluation 

The transliteration system was tested with a data set of 
1000 English names. The transliteration system based on 
decision tree classifier produced exact Tamil 
transliteration for English words with an accuracy of 
84.82%. The misclassifications by the model can be 
attributed to the delicate characteristics of the Tamil 
language while transliterating vowels and the consonants 
‘r’,’l’,’n’,’d’,’t’. Several possible transliterations are 
made based on the second best class label for the vowels 
and the above mentioned consonants. Considering only 
the top 2 results, 87.19% of accuracy is obtained. If the 
top 5 results are considered, the accuracy is increased to 
93.15%. The accuracy can be increased when the number 
of possible transliterations is increased. The number of 
transliterations can be increased by considering the next 
best class labels.  

 

 
Fig. 2. Sample Screenshot 
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TABLE VI 
TRANSLITERATION  ACCURACY  

Output Accuracy 
Top1 84.82% 
Top 2 87.19% 
Top 3 88.4% 
Top 4 91.57% 
Top 5 93.15% 

 
The results of the system was compared with the 

Google Indic Transliteration 
(http://www.google.co.in/transliterate/indic) results and 
observed that the overall accuracy for Google when 
transliterating Indian person names and place names was 
68 % when considering the first choice. 

 

VII.   CONCLUSION 
 

A transliteration model based on multi class 
classification approach for English to Tamil 
transliteration was demonstrated. In this model, j48 
decision tree classifier of WEKA was used for 
classification. The feature patterns were extracted from 
the parallel corpus consisting of 30,000 person names and 
30,000 place names and used it to train the transliteration 
model. The accuracy of the model was tested with 1000 
English names that were out of corpus. The transliteration 
model produced an exact transliteration in Tamil from 
English words with an accuracy of 84.82%. The accuracy 
can be increased by considering the next best output from 
the classifier. This can also be used to generate all 
possible transliterations for a given English word. 

The transliteration model also performed better when 
compared to Google Indic transliteration. But the fact is 
that the Google system is designed for general 
transliteration whereas the model presented here is 
trained exclusively for Indian names and places. It is 
concluded that this transliteration model is applicable for 
the languages which have the same alpha-phonetic 
sequence in both source and target languages. 
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