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ABSTRACT

In this paper, we demostrated the building process of four classi-
fier models as a part of an on-off character recognition system for
Javanese characters. As Javanese character is no longer used in
everyday writing and books, the dataset were collected by scanning
the historical manuscripts and a reading lesson book. The rough
dataset comprises 15.414 annotated characters and 633 classes. How-
ever, only 162 classes have sufficient data samples to be the training
and testing one. Using this dataset, we measured the performance
of four classifiers, namely k-NN, LDA, SVM, and Gaussian NB on
the accuracy, micro-averaged precision, micro-averaged sensitivity
and weighted-averaged precision and sensitivity metrices. The ex-
periment shows that k-NN outperforms any other classifiers almost
in most metrices, while SVM suffers the poorest performance. The
research byproduct worth mentioning here is that it has identified
633 classes of distinct Javanese characters which comprise both
common characters and compound characters found in modern
Javanese writing as well as the archaic characters found in the
literary works only.

S CONCEPTS

» Applied computing — Optical character recognition; Docu-
ment capture.
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INTRODUCTION

ptical Character Recognition (OCR) has been applied in various
fields such as in writer identification for forensic research [7], in-
dexing and searching the archival documents and manuscripts [16],
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or in recognizing the vehicle lisence plate [2]. Massively, OCR has
been applied in digitization projects of recent and early printed
books for the sake of building e-library [19, 20]. The projects of
preserving the content of historical manuscripts, books, or newspa-
pers implement character recognition on various writing systems
such as Latin alphabets [17], Tangut [13], Thai, Bangla and Latin
[22], Arabic alphabets [10], and Javanese characters [6, 8, 15] as
well.

As an active area of research, character recognition inclines to
be a part of OCR building blocks. OCR is a field of study which
deals with converting digital images of text into editable documents
that can be processed, edited, searched, saved, or copied using a
computer application [3]. To achieve this broad and complex task,
the pipeline of OCR system is conventionally decomposed into the
following sequences of processing: image acquisition, preprocess-
ing, segmentation, feature extraction, character recognition and
post-processing [5, 9]. The digital images of text are acquired by
either scanning or photographing, while the preprocessing phase
covers the noise reduction, binarization, and layout analysis [20].
The so-called character recognition very often falls into a task of
classification which assigns an inputted character into a predefined
class of characters. The post-processing phase deals with the cor-
rection of the recognition errors in order to increase the accuracy

ra

@e main goal of the OCR research is to gain the high rate of
recognition accuracy which remains a challenging problem. In OCR
researches, this problem iaddressed differently since each step of
OCR pipeline contributes to the success of the recognition process.
Additionaly, the text genre such as historical manuscripts or modern
well printed texts present different contrainsts. The historical texts
tend to have a greatly degraded image quality [16]. Therefore, some
researches addressed the preprocessing problems such as noise
removal and geometric correction [4], problem of text, line, and
character segmentation [14, 17], finding a robust feature extraction
method for historical handwritten texts as found in [22], the prob-
lem of recognition by word matching [19] or classification models
[8]. or correcting the recognition error in the post-processing step

as 1,3].

ﬁis study, we investigated the performance of several classifier
algorithms to recognize Javanese characters. The use case of our
OCR system is that it receives an input in the form of a text image
online. In the experiment context, the text images were acquired
by scanning text taken from Serat Mangkunegaran IV, which is
a Javanese book written at the end of 19" century. The system
proceeds its task by gray scaling and binarizing the text image,
segmenting line and characters, and extracting each of the inputted
character features. The stream of character features become the
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input to the classifiers which should be able to predict to which class
each of these characters belongs. The recognition outputs will be
displayed online. The problem we faced is that we have very limited
annotated character instances in each class of characters as training
data. Therefore, we ared the performance of the following
classification models: K-Nearest Neighbor (k-NN), Gaussi aive
Bayes (GNB), Linier Discriminant Analisys (LDA), and Support
Vector machine (SVM).

The remaining part of this paper is organized as follows: Section
1T highlights the previous works related to this study, while Section
Il presents the brief overview on the Javanese characters. Section IV
deals with the concepts of classification models applied in this study.
Section V describes the pipeline of the proposed methods and its
architecture. The strategy for building the data set, the experiment
scenario and the evaluation on each classifier performance will be
presented on Section VL. The last section deals with the conclusion
of this study.

2 RELATED WORK

Based on the way a text is written, OCR researches focus on either
printed or handwritten character recognition. This option is based
on the more complex application which applies the OCR results.
For example, digitizing projects for the sake of building e-library
tend to focus more on the printed character recognition [20], while
the projects on writer identification in historical texts incline to
delve deeper on the handwritten one [7, 22].

Based on the way the character input is received, the OCR system
could be categorized into an online character recognition (OLCR)
or offline character recognition (OFCR). The s|
between these systems is that OLCR processes temporal data using
a list of points representing the track of writing [10]. while OFCR
processes an image as input which has been digitized, stored, and
processed by the OCR system. This dichotomy gives no place to
an OCR system accessible through Internet and receives text im-
ages as input online and delivers its output online but performs its
recognition offline. Such system differs from the one that combines
OLCR and OFCR as found in [10, 18]. From this point forward, we
would like to address such system as an on-off character recognition
system.

Related to OLCR and OFCR, Hamdani et. al. [10] combined the
offline and online systems at Eeature level. They applied beta-
elliptic approach in capturing spatio-temporal information in
the feature extraction step for offline handwritten recognition pro-
cess. The classifier was built using HMM-toolkit provided by Math-
lab [10]. Surinta et. al. [22 It an offline handwritten character
recognition which applied k-Nearest Neighbours (k-NN) and Sup-
port Vector Machine (SVM) as classifiers and highlighted the use
of local gradient feature descriptor on the feature extraction phase.
Focusing more on the automated layout analysis, Reul, et al. [10]
built an offline OCR system using OCRopus library for recognizing

icant difference

early printed books from 15th century.

In recognizing characters, the most common approach used is
classification with its various learning models. However, classifi-
cation is not the only option for recognizing character as shown
in [16, 19]. Instead of classificatijff] they utilized word spotting
and word matching by means of Dynamic Time Warping (DTW)

Krisnawati and Mahastama

which aligns and compares sets of features extracted from two
images of words [19]. Having sparse data training, Liu [13] im-
plemented Principle Component Analysis (PCA) based classifier
to recognize Tanggut characters. Meanwhile, Namsyl onya
[17] combined deep learning ( CNN-LSTM models) with synthetic
training data generation and data augmentation technique to build
a segmentatimree OCR system. They claimed that their system
architecture can be used to recognize printed, handwritten, and
scene texts [17] as well.

Using classifiers for recognizing characters, most researches on
OCR for Javanese characters tend to train their prototypes with
the incomplete Javanese characters as dataset. Included in Abugida
writing style, Javanese script has 20 basic consonants carrying
inherent vowel "a’ called Nglegena. Other vowels and consonant
cluster builders are written as diacritics which results in a com-
pound character. Unfortunately, there has been no definite study
stating the exact number of Javanese characters including the com-
pound ones. A study in [24] assumed that the total number of
Javanese characters is ca. 103 by excluding the compound charac-
ters. However, Unicode provides 91 code points including numbers
and punctuation marks for Javanese characters.

In recognizing Javanese characters, Budhi and Adipranata (8]
applied several ANN classifiers trained with 31 distinct characters
along with 20 samples for each character class, while Dewa et.
al. [6] applied CNN and Multilayer perceptron (MLP) to be tested
with handwritten Nglegena. Widiarti and Wastu [24] developed
an HMM-based classifier model for recognizing Nglegena too. As
data set, they took 1000 characters consisting of 50 samples for
each Nglegena character. Akin to Dewa et al, Karundeng et al.
[11] made use handwritten Nglegena as much as 3379 samples to
be trained and tested to their SVM-based classifier. In contrast to
these Javanese OCR systems, this study made use of 162 classes of
Javanese characters with 10 samples for each class. These classes
comprise Nglegena, diacritics, numbers, punctuation marks, and
some compound characters. In total, our dataset consists of 1620
characters.

3 JAVANESE CHARACTERS IN A NUTSHELL

Javanese is considered to be one of world’s classical languages
with literary tradition over a thousand years. Javan
written in Javanese script which is an Abugida type - a segmental
writing system in which consonant-vowel sequences are written
as a syllable unit [12]. In total, there are 20 basic consonant-vowel
sequences as displayed in Figure 1. In Figure 1, the Nglegena, well
knowkn also as carakan, are placed on the rows with the heading
aksara, their consonant cluster builders are put on rows with the
heading Pasangan. It displays their trausliterq.:u in Latin alphabet
found under the heading Nama. The sign ©shows the position of
Carakan and whether Pasangan should be written under Carakan
functioning as diacritics or on the right side of Carakan.

Javanese texts are written from left to right and recognize no
word boundary (Scriptio Continua). The presence of pasangan might
indicate the first syllable of another word, yet it is not always
the case. The main function of Pasangan is to start a succeeding
syllable by making a Carakan preceeding it to be a consonant, i.e
it nulifies the vowel of its preceeding syllable and thus make it a

has been
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Figure 1: The basic character sequences of Javanese (Ngle-
gena) along with their consonant cluster builders (Pasan-

gan)

-t
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J

B

-0 & ..j

£ m  pu k m pa k ke ke
(¥ le ka jang
sampun kaklempakkaken (kaklempakaken) langkep

Figure 2: An example of writing 3 words at the end of a se-
tence in Javanese characters

closed syllable. Figure 2 highlights Pasangan ‘'ka’ and ‘ja’ in red
boxes, which introduce the first syllables of the following words,
while pasangan ‘ka’ in ‘kka’ starts its successive syllable only. The
consonant cluster builder within a syllable is written by a group
of diacritics called Sandangan which is written either on the left,
right, above or continuously attached under the Carakan (Nglegena).
Figure 3 gives examples on how to write some consonant cluster
builders within a syllable. Other vocals such as o, i, u, €, € are treated
as diacritics, butthey will be written as special compound characters
when they are used to indicate vowel-initial syllables or to write
loanwords.

Interistingly, Javanese writing system has morphographemic
rules to mark the boundary of a free morpheme when it is followed
by a bound morpheme (suffixes) in the form of a vowel-initial
syllable. The rule requires to write the suffix using the coda (last
consonant) of its preceeding syllable as its onset. This results in the
presence of twin consonants. To make it clear, the second word in
Figure 2 depicts a morphographemic rule which is used to mark
the boundary of a suffix to its root word. Literary transliterated,
the complex word kaklempakaken with the base word klempak -
which is underlined - has to be written kaklempakkaken in which
the double graphemes ‘kk’ indicate the presence of a suffix aken.

gmszmg. December 2-4, 2019, Munich, Germany
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Figure 3: Some examples on characters functioning as con-
sonant cluster builder within syllables and thus form insep-
arable compound characters

With such writing system, it remains a question left: how many
distinctive characters the Javanese script has. To answer this ques-
tion, we relied on the output of the segmentation process reported
in [15]. The rationale is that there has been no study explicitly an-
swering this question. The 91 blocks provided by unicode or a set of
103 characters mentioning in [24] list only character categories
which are combinable to form compound characters. However
many compound characters inseparable as shown in Figure
3. The significance of having the number of distinctive characters
is to obtain the number of classes to classify. Using 72 scaned pages
which resulted in 19.112 segments of characters, Mahastama and
Krisnawati [15] identified that there are 633 distinctive characters
which include numbers and punctuations as well.

4 CLASSIFICATION MODELS

This section presents some classification models that have been
implemented in this study. It starts wil@)rief description on k-
Nearest Neighbors (k-NN), followed by Naive Bayes classifier and
Linear Discriminant Analysis (LDA). The Support Vector Machine
ends the discussion on the experimented classifier concepts.

4.1 K-Nearest Neigbors

Well known as a simple algorithm in Machine Learning (ML), k-
NN is categorized as a nonparametic and instance-based learning
method. Itis nonparametic in the sense that it does not assume data
distribution [5], the data points themselves become the parameters.
As an instance-based method, k-NN's learning process is simply
storing all instances of the training data. When a nev ance or
test data point is encountered, it will be matched to all mstances in
the training data.

In k-NN, the training phase is done by adding each sample in-
stance to the list of data samples. Given an instance Xgs the k-NN
classification algorithm will compute the distance of x; to all data
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samples and sort the distances in ascending order. Then, it discrim-
inates k number of training instances, x;, which are nearesst to xq.
distance metric applied is the Minkowski distance, which is
a generalization of both Euclidean and Manhattan distances. The
Equation 1 shows how to compute the Minkowski distance which
is commonly calculated with p being 1 or 2. If p equals to 1, then it
corresponds to the use of Manhattan distance, while p equals to 2
refers to the use of Euclidean one.

d
dyie = 4 D IPi = Qi (1)
i=1

where P denotes to parameters, and Q to queries.

The class prediction of x; is done by voting and the class of an
instance with the maximum votes in k neigbors is taken as the
prediction. The computation of a class prediction is pre@ed in
Equation 2. It is clear that the function f'(xq) is assigned the value
of f(x;) where x; is the tr. g instance nearest to xg with the
maximum voting, v, where d(a, b) = 1 if @ = b and 0 otherwise.

k

floxg)  argmax ) 8(o, f(xi) @

veV 14

With such algorithm, one of k-NN drawbacks is that it requires

high memory for storing andload all training data in order ot make a

prediction. The consequence is that testing k-NN becomes slow and

computationally expensive. This means that it is inappropriate for

real-time application [5] but many researches reported that it has

fairly high classification performance. Therefore, k-NN functions
as good benchmarks for evaluating other classification models.

28
4.2 Naive Bayes Classifier

Naive Bayes classifier is included in probabilistic models as it com-
putes both prior and posterior probabilities of the classes when itis
u an input data whose class needs to predict. It is also identified
as a generative classifier which learns a model of the joint probabil-
ity, plx, y) of the inputs x and the label y [21]. In making prediction,
the Bayesian rules are used to calculate p(y|x) in order to pick the
most likely label y. To calculate a class’s prior probability, the distri-
bution of features and parameters need to be estimated. Depending
on how these parameters are estima he Naive Bayes classifiers
have several configurations such as Gaussian Naive Bayes (GNB),
Bemoulli Naive Bayes, or Multinomial Naive Bayes. Since this study
uses Gaussian distribution, the discussion will be focused to GNB.

As in other Bayes classifiers, the computation of posteriori prob-
ability in GNB uses Bayes formula as shown in Equation 3. It can be
seen that inf@FAer to compute the posteriori probabilities, P(c; |x),
it requires a prior probability P(c;) and the class-conditional proba-
bility distribution p(x|c; ). where i=1, ..., N predefined
class prior probability p(c) is computed by dividing the number
of instances of class ¢ with the total number of instances in the
dataset.

ses. The
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Then, the question is on how to compute the class-con 1

probability. It is done by the help of Gaussian distribution as
in equation 4.

P 2
P(xilc) = (2;—:;;,3‘_1)% * exp (_M] w

Ox;.c
where p refers to the mean, and o signifies the training sample
variance. The Equation 4 requires to compute the mean and variance
first before computing the class-conditional probability.

4.3 Linear Discriminant Analysis

In spite of its name, Linear Discriminant Analysis (LDA) belongs to
generative and parametric classifiers [5] instead of discriminative
ones. Therefore, it considers the problem of predicting a class label
y (prior probability) on the basis of a vector of features x;, as in
the Naive Bayes classifier. Taenerative approach assumes that
PlY=1) = PiY=0) = % and the conditional probability of X
given Y is also computed by Gaussian distribution as in GNB [21].
Another assumption is that each feature or dimension has the same
variance a. The prediction of input data x is computed by applying

Bayes’ rule written as in Equatinﬁ
hBayes (x) = argmax P(Y = y)(P(X = x|Y =y)) (5)

ye{0.1}
As Shwarzt and Ben-David wrote in [21], the log-likelihood is

needed in order to predict hpayes(x) = 1. The Equation 6 shows
how to comp his likelihood ratio.

lr = SGc= po)l (e i) = 5 —mu) e = ) (9

Unlike Gaussian NB, the main goal of LDA-based classi-
fier model 1s to project the original dataset in d-dimensional onto
a lower dimensional subspace, k-dimensional, where k < d. To
achieve this goal, the computation of LDA is generally performed
into the following steps:

(1) The first step is to computege distance between the means
of different classes from the dataset, which is called the
between-class matrix @

(2) The second step is to compute the within-class matrix which
is a calculation of the distance between the mean and the
samples of each class [23]. Both between-class and within-
class matrices are addressed as a scatter matrix, W.

(3) The next step is to calculate the eigenvectors (V) along with
their eigenvalues (4) atrix W.

(4) Theni ceeds with sorting the eigenvectors in descending
order; the first k eigenvectors is used as a lower dimensional
space (Vi) [23].

(5) The last step is to project all samples (X) onto the new sub-
space.

It is reported that LDA is a good model for dimensionality re-

duction and for the existence of some unlabeled dataset. However,
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Tharwata et. al. [2freported that LDA suffers from small sample
problem. It easily fails to find the lower dimensional space if the
dimensions are much higher than the number of samples in the
data matrix.

4.4 Support Vector Machine-based Classifier

As a type of hyperplane classifier, Support Vector Machine (SVM)
has been widely implemented for pattern recognition, included
OCR, since the mid of 1990s has contributed to countless state-
of-the-art performances [5]. main goal of SVM algorithm is to
compute the maximal margin, or put it in a simple way, to draw a
gin of some width to the nearest data points. The margin, which
15 a gap between the two closest class points, is closedly related
to a hyperpl which separates data points having different class.
The so-called support vectors are the data points which are closest
to the margin of a hyperplane.
For binary classification, the decision function is computed by
Equation 7. m
fl)=wlx+b (7
re w is a weight vector, and b is a bias (also called as threshold).
%mnce between a point x and the hyperplane im:med as
wlx+b =0.The margin obtains its largest distance to the positive
class if w'x + b = +1 and to the negative ones by wix+b=-1.
The ch for the maximum marginal hyperplane in SVM is done
in 2 steps:
(1) Generate erplanes which segregates the classes in the
best way m an iterative way. The goal is to minimize the
error.

?Select the hyperplane with the maximum margin

qtice, the SVM algorithm is implemented with a kernel
which takes a low-dimensional input space and expands it into
a higher dimensional space. This is do using a kernel trick.
There are several kernels in SVM, such as linear kernel, Radial Basis
Function (RBF), or polynomial kernel. The linear kernel is good for
binary classification while RBF-kem@projected to deal with the
muti-class classification. The linear kernel function is defined in
Equation 8, while the ﬁ-kemel is computed with the Equation 9.
Xi

s X)) = glXi).(%)) (8
where @(X;) is the feature vector in the expanded feature space and
may have inﬁnite%ensionality [5].

%, %) = exp(~y % - %) (9)
where y is a parameter ranging 0-1. The higher value of y will

fit the data training, however it may cause an overfitting due to the
increase of the number of support vectors [22].

5 THE PROPOSED METHOD

The highlight of this research is to build some classifier models and
to experiment them on the data to get which model is the most
suitable to our data. However, the recognition process could not
stand alone but it should be done along other processes in OCR
pipeline. refore, the flow of the processes in this research is
described m Figure 4.

From this Figure, it can be seen that the system receives an input
in the form of a scanned or photographed page of a book, text, or
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Figure 4: The architecture of the proposed system

manuscript, or simply a text captured by the smartphone. This text
image is then preprocessed. The segmentation process is performed
on the level of lines and charaters. After having individual char-
acter per page, the process proceeds with extracting the features
of each character. This process was applied to both training and
testing process. The feature vectors of characters are then saved in
a database as training data, while the feature vectors from the tested
text image is used for doing a match in a classification way. After
being trained, the classifiers would be validated and evaluated.

5.1 Preprocessing Phase

Assuming that the input image has no geometric distortion and in
relatively good condition, the preprocessing covers two tasks, 1. e.
the image gray-scaling and the background removal. The conver-
sion of the input image into a grayscale one was implemented by
using the function provided by opencv library in Python. In cv2,
the function to load images in grayscale mode is callable through
cv2 IMREAD_GRAYSCALE.

The background removal is a process which isolates the pix-
els forming the foreground, which is mainly text, from the pixels
forming the rest of the image elements or the background. The
foreground pixels are commonly marked with the integer 1, while
the baciflound pixels will be marked as 0. To remove the back-
ground, we simply applied the thresholding function provided by
cv2 library in Python which is callable through cv2.threshold()
syntax. We used the threshold t = 160 as it was suggested in [15].
However, we did an experimentation on 3 different threshold values,
where t = {140, 150, 160} to three different manuscripts printed on
the end of 19”‘, early 20tk centuries, and in 1970s. The nature of
background color and print condition are totally different in these
books. We decided to use t = 160 as it proves to give the best result
to these three manuscripts, while ¢ = 140 or t = 150 presents very
poor and poor results to one of the manuscripts mentioned before.

5.2 Segmentation Process

In building our OCR system, we also applied the method of seg-
mentation process suggested in [15] which concentrates more on
solving the problem of line segmentation. The line segmentation for
Javanese characters becomes a challenging task as it has upper and
below elements of characters that are separated by the white spaces
as shown in Figure 2. Applying the available segmentation methods
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Figure 5: Three vertical lines on the left represent three
passes on the line segmentation. Each line resulted from
each pass is indexed and their difference on cutting the lines
is marked by the index number.

will result in 2 or 3 separate lines which should be segmented into
1line only. Therefore, the proposed method decomposes the line
segmentatio@rocess into three stages or passes and one pass for
the charater segmentation. Such segmentation strategy is aimed to
adjust the nature of inputted text images having different height of
line spaces. Figure 5 displays the line segmentation in three passes.

Briefly, the first pass of this three-stage line segmentation method
is directed to find the line candidates by applying the Projection Pro-
file Cutting (PPC) purely. In Figure 5, the PPC outputs are described
with red lines and index numbers in red printed on the most left
of the text. Having the line candidates, the task of the second pass
is to remove falsely identified lines. This was done by removing
any line candidades having the height value less than 5 pixels. The
height threshold of 5 pixels came as a result of observation and
experimentation applied on the segmentation of three manuscripts
mentioned earlier. The ouput of the second pass is marked by the
blue lines and index (see the middle vertical lines on the left on
Figure 5 ).

The third pass is aimed to refine, split, or merge the falsely-
identified line candidates by using the statistical technique to iden-
tify outliers of the vertical histogram of the text image. The informa-
tion obtained from the statistical analysis was then used to regulate
the thresholds and to decide whether to merge, split, or leave the
lines as they were. The output of the third pass is displayed by the
cyan horisontal lines, green vertical line (the third vertical line on
the left of the text), and the cyan index numbers. Figure 5 shows
that after a while, the third pass segmented the text into 6 lines
shown by cyan index number 5, the second pass got 10 lines (index
9), and the pure PPC segmented the text into 11 lines (index 10).

After attaining lines of characters, the vertical segmentation was
applied to obtain individual characters by analyzing the horizontal
histogram of each line. This was done by applying Projection Profile
Cutting technique. Figure 5 shows that mostly the characters are
correctly segmented. The exception falls on those whose white
space delimiter overlapped as shown by line index 5 and a set of
characters which are indexed to number 5 also.
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Figure 6: Anillustration on how 9-area zoning works for ex-
tracting features of each character.

Table 1: An example of our feature extraction outputs in csv
format.

f11  fiz f13 f21 f22 {33 f31 32 {33 AS class
53 .25 .52 .57 46 37 47 35 37 31 na
47 58 49 13 44 41 027 39 .26 ra
47 07 48 51 .02 48 4 33 38 .26 pa
54 09 .23 45 17 17 sl 38 33 .15 sa

5.3 Feature extraction Process

The feature of each character for both training and test data were
extracted by applying a technique categorized as local feature ex-
traction and a global one. The 9-areaz was chosen to represent
the local feature extraction methods. is technique, the image

ivided into 9 equal window sizes. For each window, the ratio
of the foreground pixels to the whole pixels of each window was
calculated and then saved into a 3X3 matrix. The process of 9-area
zoning is illustrated on Figure 6. From this technique, we got 9
features for each character.

As for the global feature E)m:tiou method, we applied the aspect
ratio technique (AS) which 1s obtained by dividing the height of
a character by its width. This technique results in a single feature
value for each character. Combined with the 9 features attained
from 9-area zoning, there are in total 10 features for each character
to train and to match in the classification process. The extracted
features were then saved into a csv file format which made the
classification process easier. Table 1 exemplifies the csv file format
of our feature extraction outputs wherein the first nine features
are named according to the raw and the column in the matrix, AS
stands for aspect ratio and the classes stand for the character classes.

5.4 The classification Process

A classification is a process of assigning a class for a given data. In
practice, the class is a label given to a group of data points sharing
the same characteristics which are then computed into the data
point’s feature vectors. In general, the task of a classifier model is
described by the Equatio@ where y represents the output or the
class of a given object x. Given a training set of labeled examples
(2¢1. 1) ...(xn. yn ) and the object feature vector x, the prediction
function f should be able to estimate to which class the object
feature vector x belogs.
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y=flx) (10)

In its implementation, the prediction function f takes form of
a classifier. Each model of classifier attempts to predict the given
object class using different approaches and techniques. We believe
that there is no classifier inherently better than any other. For this
reason, we built 4 different classifier models to experimen th
our data. These classifiers are k-Nearest Neighbor, Gaussian Naive
Bayes, Linear Discrimnant Analysis, and Support Vector Machine.
The concept and algorithm of these classifiers have been explained
in Section 4. We implemented the algorithms of the se four classifiers
using Scikit-Learn library in Python.

6 EXPERIMENT AND DISCUSSION

In order to do experiment and evaluate the prformance of these
different classifier, we needed training as well as test data. Therefore,
this section will present the strategy on how to get the data set,
then it proceeds with the presentation of the experimental results
and its evaluation.

6.1 Javanese Character Datasets

Since Latin alphabet was introduced by the colonial authority in
19th century, the use of Javanese script in everyday life kept de-
creasing. Nowadays, it is no longer used but it can be found on the
school lesson books and on the street signs in Yogyakarta and few
cities in central Java. For this reason, our dataset was acquired by
scanning 3 different books printed in different eras and which rep-
resent 3 different Javanese fonts. The first is the classical book Serat
Mangkunegaran IV which was printed at the end of 19th century,
then the first 3 pages of book Matthew from the New Testament
printed on early 20°h century and Moelang Matja which is a reading
lesson book in Javanese script for elementary school and which
was printed in 1970s. We selected randomly 72 pages out of these
three books with one criteria only that these pages were free from
scanning noises. However, they still contain light noises such as
small blots or salt and pepper noise. Each page underwent the pre-
processing and segmentation whose methods have been elucidated
in the previous subsections. In average, one page comprises 250
character segments, the short page may consist ca. 180 segments
and the longest one has ca. 320 segments. In total, we obtained
19.112 segments of characters excluding the undersegmentation or
oversegmentation cases.

The data annotation was performed through two different meth-
ods: a crowdsourcing, annotation and evaluation workshops. Since
not many Javanese could read and write Javanese script any more,
the crowdsourcing was announced on the social media account of
Wikimedia Indonesia (WMID). Thus, the annotator candidates are
those who have interest on preserving Javanese script and language.
The annotator selection process was conducted by administering 5
Javanese phrases with five different levels of difficulty. The task is
to transliterate them in Latin alphabet and only those whose score
is greater than or equal to 80 were accepted as annotators. From
this process, we got 94 annotators.

Besides, we conducted annotation and evaluation workshop for
the Javanese culture partisans living nearby Yogyakarta. The goal
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Figure 7: One of pages in annotation application Cakra de-
veloped for the prupose of dataset annotation and vaerifica-
tion

was to to control the quality of annotation resulted from the crowd-
sourcing process. The evaluators were either volunteers or person-
nel of Javanese Wikipedia Community and could be considered as
Javanese experts since most of them have degrees on Javanese liter-
ature or pedagogy. Through these techniques, we obtained 15.414
annotated characters and 633 classes whose correctness has been
verified. The annotation and verification processes were enabled
through a web-based annotation application Cakra that we devel-
oped for this specific purpose. One page of Cakra application is
displayed in Figure 7.

6.2 Exprimental Results

In experimenting the four classifiers mentioned previously, we
used 162 classes out of 633 available one. The reason is that more
than half of these classes have less than or equals to 3 instances of
annotated data. We considered that this is too small and decided to
have minimally 10 instances of character samples in each class. The
class in rank 162 is the cut-off for having minimally 10 annotated
samples. These classes represent the frequently used characters
which mostly are dominated by punctuations, Carakan and the
most common compound characters. Naturally, these 162 classes
excludes the archaic characters found only on the literary works
such as Serat Mangkunegaran, and which in modem Javanese lesson
books are no longer found.

For the experiments, we applied two phases of evaluation to our
classifier models. The first is the model validation which evaluates
our classifier models during the learning process. Based on the
number of data, we opted 5-fold cross validation with a goal to
get the most reliable model and which is able to accurately predict
the classes in real use case. The second is the testing phase which
assesses the real performance of the four models by the use of
confusion matrix.

In validating our classifier models, we made use the class
KFold provided by sklearn library in Python. We set k = 5 and
splitted the dataset into a ratio of 80 : 20, which did 5-fold cross
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The Accuracy scores of k-NN in 5-Fold
Cross validation

Figure 8: The accuracy scores of k-NN model in 5 seeds with
k=1,357

validation by training each model 5 times on 80% of dataset and
testing the rest, namely the 20%. The test data in each fold was
guaranteed to be different. At first, we did some trial and error in
determining the training-test data ratio and came to the best result
on 80/20. In this case, we validated the models by computing their
accuracy scores on each fold.

For the k-NN model, we tuned the leaf size parameter of the
KDtree to 162 which corresponds to the number of classes. We
decided to give the higher weight for closer neighbours which was
realized by tuning the parameter weight to the ‘distance’ value. The
distance metric was set to 2 which refers to the Euclidean distance
instead of using Manhattan distance metric. perimented k-
NN with k = {1,3,5,7}. The accuracy scores of k-NN model is
presented in Figure 8. Seed, in this chart, signifies the 20% data split
to be the test data.

This experiment results showed that the k = 1 gained the highest
average of the accuracy score by 0.69. However, the score difference
is insignificant as the average of accuracy score remains on 0.6. It
can be seen also that the k-parameter and the accuracy score are
inversely proportional because the increase on k increases the pos-
sibillity of having bias and thus decreases the prediction accuracy.
The chart in Figure 8 shows also that the accuracy scores of seed 5
are relatively higher than the other.

The accuracy scores of 4 experimented classifier models could
be found in Figure 9. Tested on the limited number of data sample,
k-NN proves to predict a bit more accurately than the other models.
The most noticeable is the accuracy scores of SVM model. With the
accuracy average of 0.18, SVM performance is quite far behind the
other models. Our experiment found the contrast result to the SVM
performance reported in some researches such as [6, 22], which
stated that SVM showed great performance. In case that we applied
a false kernel, we modified the kernel from using linear kernel
into RBF kernel. However, the accuracy average of SVM using RBF
kernel is much lower which achieves 0.02. To answer our curiosity
to SVM’s performance, we tested it with the Iris dataset provided
on Github. The accuracy score of our SVM classifier tested on Iris
dataset achieved 0.9 which is more than satisfying 8 assumed that
the underlying cause of poor performance of SVM 1s the insufficient
number of training data. In this case, the number of features for
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The Accuracy scores

Figure 9: The accuracy scores of four experimented classifier
models

each charactﬁmple is greater@n the number of training data
in each class. The ratio of the number of features to the number of
training data in each class is proportional to 80% : 100%.

In implementing Linear Discriminant Analysis (LDA) model,
we applied Singular Value Decomposition (SVD) for the solver
parameter. The advantage of using SVD is that it does not compute
the covariance matrix so that it saves the computation time. The
prediction accuracy of LDA is competitive to k-NN in any seed (cf.
Fig. 9) as the difference is less than 0.05. The Gaussian Naive Bayes
(GNB) is on the third rank with the accuracy average on 0.59.

In testing phase, we evaluated the performance of the experi-
mented models with the precision and sensitivity metrices. Unlike
accuracy, the precision metric evaluates the prediction results on
the basis of those predicted positive and hence precision is viewed
as a finer gcs than accuracy in clasiffication case. In addition to
precision, the proportion of actual positive cases that got predicted
as positive (or true positive) was measured also using sensitivity
metric. This metric is also well know as recall in the Information
Retrieval concept. We applied micro average precision and sensitiv-
ity and compared them with the weighted ones. The Micro-Average
Precision and Sensitivity are computed using the Equation 11 and
Equation 12.

Zi TP
™ (TP; + FP;)

i TP
P (TP; + FN;)
where TP refers to True Positive prediction, FN stands for False
Negative, and FP is for False Positive prediction.

The test data used in this phase were the same one used in
the valid. phase, which is approximately 20% of the dataset.
Based on the confusion matrix, the precision and sensitivity of
each tested data were able to compute. As presenting the whole
matrix of evaluation results is impossible here, Table 2 displays a
fraction of precision and sensitvity scores of character class from the
evaluation outputs of LDA classifier. The character classes displayed
in Table 2 were randomly chosen to represent different scores of
precision and sensitivity.

(11)

Precmicro =

(12)

SENSimicro =
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Table 2: A fraction of precision and sensitivity scores on
some character classes from evaluating the LDA classifier.
The classes of characters are represented with the latin al-
phabets.

Classes Precision Sensitivity Classes Precision Sensitivity

bi 1.00 0.50 dha 0.00 0.00
jar 1.00 100 mar 100 0.67
lé 0.00 0.00 ra 0.80 1.00
kir 0.67 0.50 kka 100 1.00
ma 0.00 0.00 mba 100 0.67
mé 033 0.50 ntu 0.67 1.00
pra 0.50 100 si 0.67 0.67
tri 1.00 100 wi 0.25 1.00

Table 3: The scores of micro-average precision, micro-
average Sensitivity, and weighted-average precision and sen-
sitivity of classifier models

Micro-average Weighted-averaged

Precision Sensitivity Precision Sensitivity

KNN 0.69 0.69 0.74 0.69
LDA 0.66 0.66 0.71 0.66
SVM 0.18 0.18 0.18 0.18
GNB 0.62 0.62 0.67 0.62

The average Precision and Sensitivity were also weighted using
the support values which resulted in the weighted average Precision
and Sensitivity. Table 3 presents the measures on micro-average
precision and sensitivity along with their weighted ones. This eval-
uation showed that the micro-average precision (MAP) scores of
each model equal to their scores of micro-average sensitivity (MAS).
Interestingly, the weighting technique has no influence at all on
the weighted-average sensitivity (WAS) scores. However, it proves
to be able to increase each model’s precision score on the weighted-
average precision (WAF). The exception falls to the SVM model
whose MAP, MAS, WAS and WAP scores remain constant on 0.18.
Experimented on our data, the SVM performance remains a mys-
tery as we did not find a way to increase either its accuracy, MAP,
or WAP. However, we assumed that the number of our annotated
dataset is too small for training the SVM model.

As we scrutinized the confusion matrix, we found cut that there
are 6 characters in total which are unrecognizable by all classifier
models and in every fold of 5-fold cross validation technique. Their
precision rates are completely zero. Transliterated in Latin alpha-
bets, this characters comprises dha, ku, I, la, ma, and the number
1in Javanese. The failure to recognize number 1 in Javanese char-
acter is reasonable since its form and stroke are almost similar to
the character ga, while there is no reasonable explanation why the
other characters are always unrecognizable. There are also some
characters whose precision and sensitivity scores are very low and
their scores are no greater than 0.20 or 0 in most experiment folds.
These characters are 2, [, mu and wé. We assumed that this low
recognition rate for the number 2 in Javanese is that it has stroke
which is almost similar to character [é.
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Figure 10: The capture of the on-off OCR system for Ja-
vanese characters

Though the accuracy, precision, and sensitivity scores of the
experimented classifier models are still far from satisfying, the
OCR system for Javanese character has been deployed and up-
loaded to the Trawaca website. It is accessible on the following link
https://trawaca.id/ocrjawa. Processing the data online, it needs ca.
2-5 minutes to process the whole page of a Javanese text image
containing ca. 250-300 characters. A sample page is provided also in
case the reader has no scanned Javanese text. The byproducts of the
processing stages such as background removal, segmentation and
detected character segments could be seen by clicking the provided
links. The capture of the on-off OCR system could be seen in Figure
10.

7 CONCLUSION

In this paper, we have presented the building process of four clas-
sifier models in a pipeline of an on-off printed OCR system for
recognizing Javanese characters. These classifier models have been
validated using 5-fold cross validation and assessed using the ac-
curacy, precision and sensitivity metrices. Trained with characters
taken from 3 books from different eras, the k-NN-based classifier
outperforms any other classifier models. Its weighted-averaged
precision score reaches 0.71 and its weighted-averaged sensitivity
reaches 0.69.

Interestingly, the performance of SVM is very disappointing as its
accuracy, precision, and sensitivity scores are averagely less than 0.2.
In general, we assumed that the insufficient number of training data
may cause the poor performance of SVM and prevents the other
classifier models to attain the maximal performance on making
a class prediction. This is proved by validating and testing our
four classifiers to Iris dataset which resulted in weighted-averaged
precision higher than 0.9. However, this research has contributed on
the finding the total number of distinct Javanese characters which
achieves 633 classes. Further, if it is compared to the researches on
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the same field and objects (cf. the last 2 paragraphs of of section 2),
this project has moved a step forward by using 162 character classes
and deploying the system for real use instead of building a prototype
trained with the basic Javanese characters only (Nglegena).

For future work, we need to improve the method of dataset
annotation so that most classes have a well balanced number of
character samples. The disadvantage of the previous method is that
it took all characters from 72 pages to annotate and thus created
a gap on the character frequency or the number of samples. The
most commonly used characters have more annotated data, while
more than half of the classes have less than or equals to 3 characters
samples only. We projected that on the future annotation scheme,
we would like to make a selection on the basis of lines containing
compound and rare characters. For the classifier models, we plan
to tune up more parameters and use some additional features to
improve their performance, especially the Support Vector Machine.
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