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Abstract 
Process of optical character recognition (OCR) can benefit from N-gram language model in detecting and correcting its 
output errors. N-gram language modeling can provide a probability to any N-gram exists in training corpus. However, 
it cannot measure a probability for missing words in training corpus. Smoothing techniques are used to avoid assigning 
probability of zero for any unseen word in training corpus. All smoothing techniques have strengths and weakness. 
However, a suitable smoothing technique will be chosen by researchers based on topic used. Hence, the goal of this 
research is to evaluate the performance of these techniques on Arabic dataset in order to select the most excellent for 
this language. The testing results of experiments show that Katz Backoff is the best among smoothing techniques. 
Keywords: Smoothing Techniques Evaluation, Character Recognition, Error Rate 

1. Introduction 

Optical character recognition, also called OCR, is a process of extracting information such as text, word, 
car plate number, from images [1]. Errors of OCR output text can be non-word error (NWE) or real word 
error (RWE) [2]. NWD refers to any word created from OCR process that does not be in a vocabulary, 
while RWD refers to any word created from OCR process that exists in a vocabulary, but it incompatible 
with a phrase [3, 4]. Arabic language has usually high error rate of OCR compared to English language. 
OCR error rate is high because the unique properties of Arabic language. For instances, Arabic letters are 
joined, and they has a vertical overlapping in writing between neighboring letters [5-7]. These 
characteristics cause large error rate during the process of OCR. Furthermore, the OCR error rate will raise 
when the images are old or their scanning resolution is less than 100 dpi [8, 9].  
N-gram language model has a significant reduction in OCR error rate compared to the results of other 
models and techniques [10-12]. This is because N-gram language model has the ability to detect and correct 
NWE and RWE, while others can only detect and correct NWE. N-gram language model is a mathematical 
model that depends on frequency of sentences in large corpus. It can be used to measure the probability of a 
single word or a single phrase [13]. N-gram language model is named unigram, bigram, and trigram when 
the value of N is equaled to one, two, and three respectively. N-gram language model can measure the 
probability of any word using Eq. (1) below [13]:  
 



IJRIT International Journal Of Research In Information Technology, Volume 3, Issue 11, November 2015, Pg. 22-28 
 
 

Mr. Ahmed F. Raaid, IJRIT-23 
 

 
 
 
In Eq. (1), the probability of a word Wk in position “k” is calculated based on previous part of sentence. 
The value of “N” refers to the degree of language model, while the value of “C” refers to the frequency of 
a phrase. Although of N-gram language model has a good results when used in OCR post-processing, but it 
has major weakness. The weakness is that, it cannot give a probability to some words because these words 
are missed from a training corpus [13]. This weakness is overcome by a task called smoothing process. 
This process will estimate a value to the unknown words even they are unseeing in corpus [14]. The main 
smoothing techniques are Laplace smoothing, Linear Interpolation, Backoff, and Kneyser-Ney smoothing. 
Each one from smoothing techniques has advantages and disadvantages. The appropriate technique that is 
chosen by any researcher is based on where will be used [13]. Therefore, the reason of this paper is to 
compare performance of smoothing techniques, and identify the best technique that owns a high ability to 
detect and correct OCR errors for Arabic language.  
Lastly, this study consists of five main sections. First section presents background of this research. Second 
section explains in details working, advantages, and disadvantages of each smoothing technique. Third 
section will presents how experiments will be design, metrics, and testing database. Fourth section 
describes process of developing a prototype to test comparative techniques, and results of experiments. 
Finally, the fifth section contains the summary of research and future direction for this work.  

2. Main Comparative Techniques 

Four main smoothing techniques will be discussed in this section. The goal is to identify how the 
probability of smoothing techniques is produced. 

2.1 Laplace Smoothing (LS) 

Discounting category consists of four main techniques: Laplace smoothing, Witten-Bell, absolute 
discounting, and Good-Turing [13]. The idea of this category is to estimate the probability of missing N-
gram by taking small value from probability of existing N-gram. This process will decrease accuracy of 
language model, and it is not considering a real value for probability. However, this process will avoid 
giving probability of zero to any unseeing N-gram [13, 15]. The work principle of discounting category 
techniques is simple. However, these techniques are not recently used by most researchers [11, 13]. Since 
all discounting category techniques have similar work principle, then this paper will choose Laplace 
smoothing (LS) to become one of the comparative techniques. The impact of Laplace smoothing technique 
on Eq. (1) of language model is shown in Eq. (2). The change in Eq. (1) is important to avoid giving  
probabilities of zero to any missing N-gram [13]. 

 

Note the term P^ refers to the estimating probability calculated by this technique. The value of “D” 
represents all N1 grams in a specific corpus. The value of  “β” should be greater than zero and less than 
one.  

2.2 Linear Interpolation (LI) 

This technique estimates probability of missing N-gram by depending on hierarchy of previous N-grams 
[11, 13]. In other words, linear interpolation uses several N-gram orders to estimates probability value of 
missing N-gram. Therefore, if any N-gram is missed, then a language model can depend on other order of 

(1) 

(2) 
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N-grams to estimate the probability. For illustration, Eq. (3) represents the statistical expression of trigram 
language model using this technique. Eq. (3)  shows that probability of missing N-gram is always measured 
by summing unigram,  bigram, and trigram as shown below [13]: 
 
 
 
 
 
Note, the individual values of ∝1, ∝2, and ∝3 should be greater than zero and less than one, and the sum of 
these values must be one. This paper will give values of 0.2, 0.3, and 0.5 to the unigram, bigram, and 
trigram respectively. This is because accuracy of large N-grams is greater than small N-grams. The 
weakness of this technique is that, it can give wrong results in some situation. For instance, by assuming 
the words “X” and “Y” cannot come together in same sentence, and the individual probability of “X” is 
large, then a bigram language model will assign high probability of “X” to the phrase “X Y” even the 
words "X” and “Y" cannot come together [16].   

2.3 Katz Backoff (KB) 

This technique is also based on hierarchy order of previous N-1 grams [11, 13]. The idea of this technique 
is that, if N-gram is missed, then it can measure the probability by using previous single (N-1) gram, and if 
this is also missed, then switch also to the previous of previous N-gram and so on. It measured the 
probability of lower-order gram if the probability of higher-order gram is zero [13, 17]. This technique is 
commonly used by most researchers to correct OCR errors. Eq. (4)  represents the statistical expression of 
trigram language model using this technique [17]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note the individual values of ∝1 and ∝2  should be greater than zero and less than one [12]. This research 
will give values of 0.2 and 0.3 to the unigram and bigram respectively. KB suffers from the same limitation 
of LI. For instance, by assuming the words “A”, “B” and “C” cannot come together in same sentence, and 
the probability of “A B” is large, then a trigram language model will assign high probability of “AB” to the 
phrase “A B C” even the words "A”, “B” and “C" cannot come together.  

2.4 Kneyser-Ney (KN) 

The idea of this technique is that, individual words that occurs rarely in many different phrases are better 
than individual words that occurs widely in few similar phrases [13, 18]. For instance, by assuming the 
phrase ("A B __ ") has two candidate words, “C” and “D” to fill it, and the word “C” is more frequent than 
the word “D” then, the previous techniques LS, LI, and KB will select it to complete the phrase. However, 
the word “C” can come only with the word “E”, while “D” occurs in many different phrases. Then, KN 
will select the word “D” rather than “C”. KN will add context information to the KB equation or to the LI 
equation because it builds on one of them [13].  
KN  can give wrong results in some situations [18]. For instance, by assuming the phrase ("I want Thao 
food ") has two candidate words, “Thai” and “Chinese” to replace with incorrect word “Thao”, and the 
word “Chinese” is occurred in different phrases than the word “Thai”, then KN will select the word 

(3) 

(4) 
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“Chinese” to complete the phrase even “Thai” is better from “Chinese” to complete the phrase [13]. This 
research will perform KN by combining context information to the KB equation.  

3. Evaluation Process Setting 

This section will presents how experiments will be design, metrics used, and testing database details.  

3.1 Experimental Design 

Fig. 1 shows how to conduct each experiment. It shows that number of experiments is five, and all these 
experiments will be implemented and tested. 
 

 
Fig. 1 shows that Tesseract engine will be used to extract a text from testing images. Since most researchers 
use Tesseract OCR in developing and evaluating OCR post-processing methods, then this study will follow 
them [19-21]. First experiment will not perform smoothing process. This is because the goal of this of 
experiment is to know the OCR error rate without smoothing process. LS, LI, KB, and KN techniques will 
be implemented in experiments 2, 3, 4, and 5. Trigram language model will be used in all experiments 
except one. However, each experiment will apply different smoothing technique.  
Fig. 1 also shows that tokenization operation is necessary to divide a text to words array [10]. After that, 
alignment process will be implemented. The goal of alignment process is to make parallel OCR text with 
standard text. Alignment process is important because length of OCR output will be different from length 
of standard text [22, 23]. The reason is that, OCR process may misrecognize, delete, or insert some 
characters [22]. The idea of alignment task is that, each symbol in OCR output text will be place with same 
place of equal symbol in standard text. This task is approximate because wrong alignment results can be 
occurred. Furthermore, the probability of wrong alignment results increases when number of sequences that 

Fig. 1 Experiment details 
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needs alignment is more than two, or when number of characters in each sequence is large [21, 24]. 
Example on an alignment task is shown in Fig. 2.  
Standard Levenshtein algorithm with back trace will be used to perform alignment process [25]. This 
algorithm is perfect in finding the difference between two sequences [3, 10]. Furthermore, it is chosen in 
this study because many researchers used it in different topics. Therefore, this study will follow them. 
However, this algorithm is slow when the sequences are large [10, 26, 27]. Lastly, four metrics will be 
measured: character error rate (CER), word error rate (WER), real word error rate (RWER) and non-word 
error rate (NWER).  
 

 
Most researchers use WER, CER, NWER, and RWER to calculate OCR error rate [2, 28, 29]. Therefore, 
this study will follow them. The mathematical expressions to calculate these metrics are shown in Eq. (5, 6, 
7, and 8) [10, 22, 30]. 
 
  
 
 
 
 
 
 

 
 
 
 
 
 
 
 

3.2 Testing images 

It is difficult to find standard Arabic testing dataset because each examiner uses different number of images 
in testing. Furthermore, some researchers use testing datasets that contain only single word in each image, 
others use single sentence in each image [2, 10, 30]. This study will generate testing images by using same 
steps performed by [30]. The dataset is large contains 101259 Arabic characters. Text within images is 
taken from Internet by chance. Furthermore, it consists of 8 different fonts, and six different sizes. The text 
of dataset is considered standard that can return to it to measure the metrics of this study. Testing images 
are scanned at 310 dpi with a grey scale.  

Fig. 2 Alignment process 

(5) 

(8) 

(6) 

(7) 
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4. Testing Results 

Fig. 3 shows the testing results of this research. Fig. 3 will use symbols “NS” to denote the experiments 
one. From Fig 3, it can be seen that OCR error rate is high for Arabic language in all experiments. In 
addition to that, it can be seen that values of WER, NWER, RWER, and CER of KB are the best compared 
to values of other techniques.  
 
 

 
 

5. Conclusion and Future Directions 

In this paper, practical evaluation details of main smoothing techniques are presented. All smoothing 
techniques subjected to the similar testing images. The testing Arabic dataset is large in order to make the 
validity of evaluation process is higher. The testing results show that the best among smoothing techniques 
is KB. Future directions of this study are enhancing one of the current smoothing techniques in order to 
reduce OCR error rate for Arabic language. Furthermore, it is a need to merge several existing techniques 
of OCR post-processing in order to benefits from individual advantages of each technique. 
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