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Abstract. Indonesia consists of various regional tribes, where each tribe has cultural diversity and some
even have their own regional letters, like Javanese tribe has Javanese characters. Javanese letters consist of
20 basic letters called Nglegena script. Subject about Javanese language is delivered to elementary student
until now aims to preserve Indonesian culture especially the Javanese. In this study, we present two feature
extraction methods are Local Binary Pattern (LBP) and Profile Projection (PP). Neural Network (NN)
chosen as classifiers for classifying 20 javanese letters Nglegena. Some digital image processing processes
are carried out, are image inversion, dilation, denoising and skeletoning. The Javanese script dataset is
taken from the Kaggle database with the name Aksara Jawa: Aksara Jawa Custom Dataset, consists of
2154 train images and 480 test images. The experiment were carried out in two models, Projection Profile
Histogram - Neural Network (PPH-NN) and Local Binary Pattern Histogram - Neural Network (LBPH-
NN). The experiment show that both feature extraction methods have very good performance, 99.98%

PPH-NN and 89.6% LBPH-NN on average.

1 Introduction

Handwriting is the result of someone writing by
hand. The handwriting produced by each person is
unique, meaning that each person produces a different
form of handwriting, even though they are written in
the same letter. There is even a field of research that
examines handwriting to find out the psychological
aspects of the writer.

Indonesia consists of various regional tribes, where
each tribe has cultural diversity and some even have
their own regional letters, one of which is the Javanese
tribe which has Javanese characters. Javanese letters
consist of 20 letters that come from the Legend of
Ajisaka [1]. Javanese script as one of the cultures in
Indonesia must be preserved so that it continues to
exist. At this time, it is rare to find the use of Javanese
script in everyday life, and many people are unable to
read and understand Javanese script. With a lack of
people who can read and understand Javanese script
writing, it will be a threat to the loss of Indonesian
culture. One of the efforts of the Indonesian
government to overcome this problem is to provide
regional language lessons in schools. With current
technological developments, it is possible to preserve
regional languages by researching and making related
applications to make it easier for people to learn local

pattern recognition and artificial intelligence which
allows computers to analyze one or several images [2].
Pattern recognition in computer vision is in the form of
image processing with a series of digital image
processing techniques and analyzed using artificial
intelligence methods. So that it can be known the group
of objects in the image. The recognition system is
capable of detecting images of Javanese script
handwriting. Then use image classification techniques
so as to produce identification of Javanese script
handwriting.

Research related to Javanese script is very
interesting to study, in addition to scientific purposes
but also to preserve Indonesian culture, especially the
Javanese. The scope of the research is also very broad,
including image processing in Javanese documents,
applications that are able to convert written Javanese
letters into hanacaraka text and vice versa, recognition
of Javanese letters and so on. Next we will focus on
feature extraction and classification methods

Several classification methods used in previous
studies are k-NN [3], [4], neural networks [4]-[7],
CNN [7]-[9], and SVM [10]. And several feature
extraction in handwritten Javanese letter are zoning
[11], ICZ-ZCZ [12]-[14], LBP [10], [15], [16], and
HOG [17], [18]. Budhi et.al using ICZ-ZCZ feature
extraction comparing three classification machines

languages. with the results of accuracy on Basic Hanacaraka
Computer vision can be one of the solutions to the letters being 3.17% using Counterpropagation Network
above problems through computer applications. (CPN), 58.12% Evolutionary Neural Network (ENN) 1

Computer vision combines digital image processing,
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used Deep Neural Network (DNN) and Convolutional
Neural Network (CNN) with an accuracy rate of
64.65% and 70.22% [9]. In another study, the
multiclass SVM method produced an accuracy of 78%
which was then improved by adding Local Binary
Pattern feature extraction so that it could increase SVM
performance to 85% [10]. As for classification using
neural networks, the deep learning Convolutional
Neural Network (CNN) approach generally shows
better results compared to Multi Layer Perceptron
(MLP) [7]. This is shown from the 5 trials conducted,
CNN has the highest accuracy of the two comparison
MLP models, reaching 89%. Putri et al tried to
combine the advantages of CNN with the advantages
of SVM to form a new Hybrid CNN-SVM method.
CNN has feature extraction capabilities and CNN as
the classifier. Hybrid CNN-SVM is able to increase
accuracy by 1-2% of the basic CNN method [19].
Krisnawati et al compared 4 classifiers namely k-NN,
LDA, SVM and Gaussian Naive Bayes. Of the four
methods, k-NN has the highest performance rating of
the other 3 methods, although k-NN is the simplest
method of the other three methods [4].

This study aims to compare the performance of the
two feature extraction methods used in the recognition
of Javanese script handwriting. Performance testing is
measured using the performance of the neural network
classification engine.

2 Methods

In this section we will discuss the technical
approach used during the research process. The flow of
the research scheme can be seen in Figure 1 below.
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Fig 1. Research Methodology.

The dataset consists of 2 groups, train data and test
data. Both go through the same stages of preprocessing
and feature extraction to produce a feature matrix.
Train data is used in the neural network training
process to produce the best neural network structural
parameters. The best structure of the neural network is
used to test the test data and produce the performance
of the system.

2.1 Javanese Script Dataset

This study uses a dataset database from Kaggle
with the name Javanese script: Javanese script custom
dataset. The dataset is in the form of a basic Javanese
script image called Nglegena (see Figure 2). The
dataset consists of 2154 train images and 480 test
images.

am

K1 G0 41 KN
ha na ca ra ka
e 5N & © acu
da ta sa wa la
U @ & Ul em
pa dha ja va nva
& an en ey a

ma ga ba tha nga

Fig 2. Javanese letters [20].
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The Javanese characters come from the Legend of
Ajisaka which has 2 employees who fight each other
until both of them die. Ajisaka immortalized the story
in the form of Javanese script or hanacaraka. Ajisaka's
writings are as follows [1]:

Hanacaraka, which means ‘ana utusan’ or 'there are
messengers'.

Datasawala which means ‘padha suwala utawa padha
regejegan’ or 'fight each other'.

Padhajayanya which means ‘padha sektine’ or 'equally
strong/ having same supranatural power'.
Magabathanga which means ‘Padha dadi bathang’ or
'together to die'.

2.2 Digital Image Preprocessing

In the preprocessing stage, several digital image
processing processes are carried out, including image
inversion, dilation, denoising using a gaussian kernel
and skeletoning.

2.3 Feature Extraction

After the image has gone through a series of
preprocessing, the next step is feature extraction.
Feature extraction is intended to get more meaningful
information from data. In this study, 2 feature
extraction techniques were used, namely the projection
profile histogram and the local binary pattern.

2.3.1 Local Binary Pattern Histogram (LBPH)

Local Binary Pattern (LBP) was introduced by
Ojala et.al in 1996 [21]. The way LBP works involves
the concept of neighbor pixels in the kernel with a
certain size. In Eq (1), each neighboring pixel
(fr(x,¥)) is compared to the central pixel (f¢(x,y)), if
the value is greater than the central pixel (f¢(x,y))
then the value is 1 and vice versa is 0. The code is
assembled into a binary number and then converted to
a decimal number as the LBP value at the center point
LBP(x,y).

DT(X.}’) — {1 lf fT(x'y) > f;‘(x'y) (1)

0 otherwise
Following the flow of the LBP concept method, each
pixel in the image is encoded by LBP. So we get the
LBP code matrix which is the same size as the initial
image. Then, a histogram of the LBP matrix is made by
calculating the variation in LBP values from 0 to 255.

Fig 2. LBP Histogram.
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Figure 2 shows the process of forming the LBP
histogram. The first step, the image must be converted
into an inverse image, then the LBP feature extraction
is performed. When using 8-neighbors, an 8-bit binary
number with a value in the range 0 to 255 will be
formed. From the LBP extraction results, a histogram
is made which shows the distribution of the LBP codes.
Values on the histogram become input data to the
neural network classification machine.

2.3.2 Profile Projection Histogram (PPH)

Projection profiles are generally used for image
segmentation. This method has been widely used by
previous researchers for line segmentation [22], [23].
The projection profile performs statistical calculations
on object pixels according to the horizontal and vertical
directions. The process begins by converting the image
into a binary image, so that the pixel value is 0 or 1. To
produce a projection profile, object pixels are summed
in the horizontal or vertical direction. The sum result
states the number of pixels of the object in the row
horizontal projection profile (HPP) or column vertical
projection profile (VPP). In the Eq. (2) and (3), an
image has m row and n column pixels, displays a
mathematical representation of HPP and VPP [24].

VPP()’) = lexsmf(x'y)
HPP(x) = leysnf(x'y)

2)
3)

Figure 3 shows an illustration of the results of
applying the HPP and VPH formulas. The example
image consists of 2 Javanese letters located in 1 line.
So that the results of the HPP graph are clustered in the
middle area according to the position of the character
line. Whereas in VPP it appears that there are 2 groups
of graphics representing each character in the input
image.

HPP

VPP

VLU

Fig 3. Profile Projection Histogram.

2.4 Neural Network

Neural networks as a machine learning method
have proven their reliability in various problems [25].
Neural networks adopt the workings of human nerves.
In this study, the neural network is used as a
classification engine to test the performance of the 2
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feature extraction methods in the previous stage. The
neural network structure used consists of 1 hidden
layer with a number of nodes between 5 and 50. The
learning  method wused is gradient descent
backpropagation and the transfer function used is

logsig.

3 Result and Discussion

The experiment were carried out in two models,
Projection Profile Histogram - Neural Network (PPH-
NN) and Local Binary Pattern Histogram - Neural
Network (LBPH-NN). Both use the same NN structure
in the hidden layer and the output layer. The number of
nodes in the hidden layer varies from 5 to 50 nodes
with an increase of 5 nodes. Meanwhile, the input layer
adjusts to the amount of data in each model. The
number of inputs to the PPH-NN model is 128 nodes
and the LBPH-NN model is 256 nodes. Figures 4 and 5
show performance testing graphs on the 2 models.
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Fig 4. Testing performance of PPH-NN model.
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Fig 5. Testing performance of LBPH-NN model.

Table 1 shown the testing results of the research on
Neural Network  Classification in  Javanese
Handwriting Recognition using Projection Profile
Histogram (PPH) and Local Binary Pattern Histogram
(LBPH) as Feature Extraction.

Table 1. Testing performance.

#hidden nodes Testing Accuracy (%)
LBPH-NN PPH-NN
5 93.96 100
10 99.58 100
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15 72.29 100
20 44.79 100
25 98.13 100
30 98.75 100
35 97.92 100
40 98.33 99.79
45 93.96 100
50 98.33 100

From the table above, almost all accuracy neural
network results with PPH feature extraction show
overfitting results. It appears that the accuracy reaches
100%. Meanwhile, the Local Binary Pattern Histogram
(LBPH) feature extraction shows more optimum
results. Based on Table 1, an average accuracy of
99.98% PPH and 89.6% LBPH is obtained.

4 Conclusion

This research has successfully implemented two
feature extraction methods, namely projection profile
and local binary pattern. Both methods are measured
for performance using a neural network classification
engine. Experiments that have been done show very
good results in both, 99.98% PPH-NN and 89.6%
LBPH-NN on average. But the PPH-NN model shows
overfitting in the majority of experiments.

In future studies, it is necessary to normalize PPH
and LBPH data before being used as input data in a
classification machine. Normalization needs to be done
with the aim that the data will have a uniform range of
values between 0 to 1. Thus the classification process
using machine learning will provide more general
results for all data.
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