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Abstract—The traditional way of using pen and paper
to take notes is getting over by the touch screen devices.
These devices provide more options to the users to
enhance their productivity while taking notes. The
ability to recognize and validate the words written on
the touch screens facilitates further capabilities to the
users. Hence, in this paper, we describe a segmentation-
based approach combined with an n-gram model for
the recognition and validation of the Sinhala words
written on touch screens. We compare the results of
6 commonly used machine learning models to find
the best performing classifier for recognizing individ-
ual characters of words. The classifiers are trained
to identify 19 different Sinhala characters. Based on
the results, Convolution Neural Network (CNN) based
word classifier stands ahead of other classifiers.

Index Terms—handwritten word recognition,
machine learning, n-gram word validation

I. Introduction

Many touchscreen devices can receive handwritten texts
as touch screen gestures. Converting such texts into ma-
chine understandable code is a challenging task [1], but it
is useful in various situations. For instance, in the 21st cen-
tury, most of the mobile devices with touch screens allow
users to take notes with a stylus. Converting those hand-
written notes to a machine-readable format and having
a mechanism to validate the words in that note provides
numerous advantages such as checking the spelling errors,
and grammatical errors. A substantial body of literature
discussing these approaches and their performances has
been published within the last few decades [2]. However,
research into identifying mechanisms to recognize and
validate Sinhala handwritten words from touch screen
gestures is relatively limited.

This paper presents a combined approach of image
processing, machine learning, and n-gram based model

for enabling smart devices to recognize and validate the
Sinhala words written on the touch screens in an off-line
mode. There are various machine learning algorithms that
perform differently on Sinhala handwritten characters.
In this paper, to find the best classifier, we compare the
results of a few classification algorithms: the Support
Vector Machine (SVM), k-Nearest-Neighbours (KNN),
Logistic Regression, Random Forest, Artificial Neural
Network (ANN), and Convolution Neural Network
(CNN).

This research paper is structured as follows. In
section II, we have discussed the Sinhala script. Section
III contains the literature review information. The
methodology that we used in this research is explained in
section IV. The results that we obtained are provided in
section V. Finally, section VI concludes the paper.

II. Sinhala Script
Sinhala is an Indo-Aryan language with a writing sys-

tem, generally written from left to right [3] [4]. Sinhala
script is considered a descendant of the Indian Brahmi
script [4]. Moreover, the Sinhala script evolved five times
according to the number of characters in alphabets [5].
Sidath Sangara Hodiya is the oldest and shortest Sinhala
alphabet that contains only 30 characters, consisting of 20
consonants and ten vowels [5]. For this research, 19 con-
sonants from the Sidath Sangara Hodiya are considered,

ක ග ජ ට ඩ
ණ ත ද න ප
බ ම ය ර ල
ව ස හ ළ

III. Literature Review
There are two ways to perform the character recognition

task: 1.) Online mode, 2.) Off-line mode [2]. The Online
mode is exclusively applicable for digital devices since the
recognition is performed simultaneously while the writing978-1-6654-8786-3/22/$31.00 ©2022 IEEE



progresses. Thus, Online mode is represented as a function
of time. However, in the Off-line mode, the recognition is
performed with the trained classification models after the
writing has finished. Hence, it is applicable for both digital
devices and papers [6] [7]. For touch screen gestures, the
Online mode is considered to be the most suitable method
[7]. Hence, this mode is used by many other applications
such as Google Input Tools [8]. However, the Online mode
is not applicable for recognizing the characters after it
has been written. Therefore in this paper, our focus is on
Off-line mode.

Some authors have mentioned that the holistic approach
performs better than the segmentation-based approach
[9] [6] [10] [11]. The reason for that is the success of the
segmentation-based approach depends on the algorithm
that is used to segment a given handwritten word into
pseudo-characters/ letters. Moreover, the segmentation is
a complicated task for the scripts which are written in a
cursive manner.

There are two categories of the segmentation-based
approach, 1.) Implicit segmentation, 2.) Explicit
segmentation [12] [13]. In the implicit segmentation, the
segmentation and recognition are achieved simultaneously,
and the segmentation is only a byproduct of the
recognition. The explicit segmentation segments the
image before the recognition happens; hence, the
trained classifiers can recognize the segmented pseudo-
characters/ letters. Thus, implementing a segmentation-
based approach for handwritten word recognition is a
challenging task. However, the holistic approach is only
suitable for applications that deal with a predefined
lexicon [14] [15]. Training a modal for all the possible
combinations of characters that form words is complex
for many languages. By considering these factors, the
segmentation-based approach seems to be appropriate
for the Sinhala script since it is not cursive in nature.
Particularly, in this paper, we are discussing the explicit
segmentation.

There are various methodologies written by authors
for Sinhala handwritten character recognition. Rohan
et al. [16] proposed an ANN-based off-line solution for
handwritten Sinhala character recognition. They have
split each scanned character image into nine segments
and submitted it to nine separate neural networks to
classify them. Then, they have used a lookup table
to combine the results from the nine neural networks
to recognize the full character. This experiment was
done for 36 Sinhala characters. The overall accuracy
of their experiment is 75%. Hewavitharana et al.
[17] implemented a discrete hidden Markov model
based system of handwritten character recognition for
recognizing 25 Sinhala characters. They have trained
the classifier with 750 characters that are collected from

five different writers. The accuracy of their experiment
calculated for 500 testing images is 64.3%.

Harshana et al. [18] have discussed a methodology
for recognizing Sinhala handwriting using a zone-based
feature extraction technique. They divided each letter
into three vertical zones and performed the feature
extractions on the zones separately. The extracted
feature vectors include the vertical and the horizontal
projection histograms of the zones. Those feature vectors
are then used to train three artificial neural networks.
The prediction is made based on the results of all
three neural networks. Furthermore, Dharmapala et
al. [19] have presented a similar zone-based Sinhala
character recognition approach that performs the feature
extractions on 9 zones.

Another handwritten Sinhala character recognition
research has been conducted by Vasanthapriyan et al.
[20] by using a CNN, which is a deep learning technique.
They have used 110,000 images of 434 Sinhala character
classes, and they were able to achieve 82.33% accuracy
by concluding that the accuracy is getting decreased as
the number of character classes go beyond 100.

For the word recognition, the segmentation-based
approach has been used successfully for some other
languages. For instance, Bikash et al. [9] have explained
a segmentation-based approach for recognizing the
handwritten Devanagiri words with a trained HMM
classifier for identifying the segmented pseudo-characters.
After each of the pseudo-characters are identified, a
dynamic programming algorithm for computing the
string edit distance between the formed string and the
words in a vocabulary has been used for recognizing
the word. Laslo et al. [12] have described handwritten
Arabic word recognition that uses the segmentation-based
approach. Here the segmented letters are recognized by
SVM and ASM. Moreover, it explains the use of the
n-gram model on character levels as an error detection
technique.

The current body of literature on recognizing and val-
idating the Sinhala words written on touch screens is
relatively limited. Therefore, in this study we explore an
efficient offline approach for Sinhala word recognition that
will be useful for application developments and further
studies.

IV. Methodology
This research consists of two phases. Phase I is aimed

to determine the most suitable classifier for recognising
Sinhala characters captured through touch gestures. The
goal of phase II is to recognise handwritten words by
combining the classifier that is selected in the phase I
with a n-gram model. The two phases are detailed in the



following subsections. Figure 1 depicts the steps in each
phase and the execution flow.
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Fig. 1: Block diagram

A. Phase I
1) Character data collection: First, we collected

handwritten character data to train and test the
classifiers using an Android mobile application. This
application displays the selected 19 Sinhala characters to
the user, and asks the user to write each character 10
times (one character at a time) on the touch screen. Each
character image captured by the mobile device is saved
as a gray-scaled image to a GitHub repository [21]. Data
is gathered from 30 participants. Their age range is 6 - 50
years. We collected 230 – 300 images for each character
and the total number of collected images is 5154. Figure
2 shows two sample character images captured by the
mobile device.

2) Preprocessing data: Image pre-processing consists
of four sequential steps: removing extra white spaces,
resizing, binarizing, and thinning. In the first step, the
extra white spaces of the image around the character
are cropped with a margin of 5 pixels. The white spaces
around the characters are identified by calculating the
horizontal and the vertical projections. Next, a resizing
function is applied in the second step to resize the images
into a uniform scale of (60 x 60)px.The gray-scaled images

(a) Letter 'ක' (b) Letter 'ග'

Fig. 2: Samples from the dataset

are binarized in the third step to reduce computational
complexity and to improve the accuracy. The stroke-width
of the characters varies due to the touch screen ratio of
the mobile devices and the unique writing styles of the
users. Hence, a thinning process is used in the fourth
step to equalize the stroke-width of each handwritten
character. The thinning process is implemented to remove
the border pixels of the characters and that would not
eliminate the differences among similar characters such
as ක, and ත. For the third and fourth steps we used the
filters and morphology functions in the skimage library.

3) Training and testing data split: The data set is
divided into two portions to train and test the classifiers.
The test data set consists of 20% of the total data set
and the rest is used to train the classifiers. Moreover, the
test data set is used at the end of the training process to
evaluate the accuracy of the classifiers.

4) Training ML classifiers: According to the literature
review, many machine learning models can be used for
character recognition. The well-known sorts of models
are the Support Vector Machine (SVM), Hidden Markov
Model (HMM), Neural Networks, Logistic Regression
(LR), Random Forest, fuzzy logic, and K Nearest
Neighbour (KNN) [2] [22]. Therefore, in this research
we randomly selected the following to compare the
performance results,

1) Support Vector Machine (SVM)
2) Logistic Regression (LR)
3) Random Forest (RF)
4) k-Nearest Neighbours (kNN)
5) Artificial Neural Network (ANN)
6) Convolutional Neural Network (CNN)

Those classifiers are trained and tested in a Google
Colabortary environment. The following is a general
description of each classifier used in the study.



The grid search cross-validation was used to find the
optimal hyperparameters of the classifiers. We randomly
selected a set of values for the hyperparameters and
executed the grid search algorithm. This process was done
iteratively for different values. As per the grid search
results, the SVM and the RF performed comparatively
better with their default hyperparameters defined by
sklearn. For the Logistic Regression, the algorithm
performed well when the number of iterations was set to
1000. The accuracies of the kNN algorithm were variable
based on the number of neighbors used. The best results
were shown by kNN for seven neighbors.

Before training the neural networks, the dataset
is further normalized using the ‘normalize’ function
which is a preprocessing layer in the Keras utils module
used for reducing the computation complexity of the
neural network by scaling the input data into a normal
distribution. This normalization allows the neurons in the
network to perform calculations faster.

There does not exist a single theory to determine the
number of hidden layers/neurons in a neural network. It
has to be identified experimentally on the dataset [23].
However, there are certain rules of thumb discovered
by many researchers over the years. In this research, it
was analytically found that the ANN performs better
on the training dataset when there are two hidden
layers, and the number of neurons of the hidden layers
is between the size of the input and the output layers.
Based on this, the ANN was created with two dense
hidden layers that consist of 1024 and 512 neurons.
Furthermore, the architecture of the CNN was developed
empirically according to a few trials and the analysis
of their results. The developed CNN consists of two
convolution layers that work with two 3 x 3 kernels for 60
filters. Subsequently, two max-pooling layers with a pool
size of 2 x 2 were used to filter the results from the two
convolution layers. In addition, two more dense layers,
each with 256 neurons were included. The Rectified
Linear Unit (ReLU) activation functions were used for
the convolution layer in CNN and the dense layers in
both ANN and CNN. Finally, the softmax activation
functions are used for the output layers of both the ANN
and the CNN.

Rectified Linear Unit (ReLU),

f(x) = max(x, 0) (1)

Softmax,
σ(z⃗)i =

ezi∑K
j=1 e

zj
(2)

5) Comparing the classifiers: The trained classifiers
are evaluated using the test data set. To compare each
classifier three matrices are computed: precision, recall

and accuracy as shown in the equations 3, 4 and 5.

Precision: Proportion of the predicted results which are
relevant,

Precision =
TP

TP + FP
(3)

Recall: Proportion of the relevant examples that were
correctly classified,

Recall =
TP

TP + FN
(4)

Accuracy: Amount of correct predictions by a classifier,

Accuracy = 2x
Precision ∗Recall

Precision+Recall
(5)

(TP, TN, FP, and FN refer to True Positive, True
Negative, False Positive, and False Negative)

Based on the comparison results CNN recorded the
highest precision, recall and accuracy. Table I in the results
section depicts the results data for all classifiers.
B. Phase II

1) Word data collection: Word data is collected from
the users using a second Android application. This
application is also functioning similar to the first Android
application The only difference is this application works
in landscape mode that allows the users to write the
Sinhala words. Through this application we were able
to collect 400 words based on touch gestures from 22
different users. Each user of the mobile application was
instructed to write randomly selected 20 correct Sinhala
words from a set of 65 correct Sinhala words, and 10
incorrect Sinhala words from a set of 20 incorrect Sinhala
words. Each gray-scaled word image is saved to a GitHub
repository [24]. The word recognition process from the
images is described in the next two steps.

2) Character segmentation: Each word image is
explicitly segmented into individual characters using the
in-between white spaces as shown in the Figure 3. Vertical
projection is used to detect the white spaces in the word
images.

Fig. 3: Vertical projection



3) Validating and recognizing words: This step is a
combination of two sequential sub-steps. In the initial
sub-step the segmented characters are pre-processed and
send to the trained CNN to recognize each character in
the image. In the second sub-step the identified characters
are combined into a string of characters and fed into
n-gram to see if they form a valid Sinhala word.

N-gram is a statistical modal where a given word is
compared with a set of predefined words known as the
corpus, it is often used with Natural Language Processing
tasks such as spelling correction, word prediction, string
searching [25]. Moreover, there are two types of n-grams
1.) character-based, and 2.) word-based [26]. For this
research, we have used the character-based type with a
word corpus of 100 different words. A given character
string is considered a correct Sinhala word if and only if at
least one word in the corpus has a relationship percentage
greater than 80% to that given string. Our algorithm
returns the word with the highest relationship percentage
as the detected word. The relationship percentage is
calculated using the following formula,

(A ∩B)/(A ∪B) (6)

Where A = bi-grams of the given word, and B = bi-grams
of the selected word from the corpus.

V. Results

A. Phase I Results

Table 1 shows the results of the evaluation matrix for
the tested classifiers. Since this is a multi-class problem,
the macro averages are used to calculate the precision
and the recall values of the models.

Classification model Precision Recall Accuracy
SVM 0.87 0.87 0.87
LR 0.83 0.87 0.84
RF 0.69 0.70 0.69

kNN 0.40 0.68 0.40
ANN 0.85 0.85 0.85
CNN 0.96 0.96 0.96

TABLE I: Results of the classification models

Table 2 shows the prediction accuracy calculated for
each individual letter by the 6 classifiers. It shows that
the prediction accuracy for each letter by the classifiers
are varying from letter to letter. For instance, The letters
න and ත have been misclassified by the machine learning
classifiers due their similar shapes.

Letter SVM kNN LR RF ANN CNN
ක 0.84 0.64 0.64 0.23 0.78 0.96
ග 0.98 0.93 0.87 0.81 0.93 0.95
ට 0.96 0.94 0.75 0.96 0.84 1.00
ජ 0.94 0.98 0.83 0.23 0.90 1.00
ඩ 0.94 0.98 0.72 0.21 0.92 0.94
ණ 0.98 0.98 0.77 0.17 0.98 1.00
ත 0.50 0.52 0.32 0.18 0.56 0.86
ද 0.93 0.95 0.95 0.80 0.97 1.00
න 0.43 0.54 0.36 0.28 0.43 1.00
ප 0.95 0.95 0.72 0.44 0.88 0.97
බ 0.88 0.96 0.77 0.26 0.92 0.98
ම 0.79 0.74 0.33 0.00 0.74 0.93
ය 0.98 1.00 0.96 0.96 1.00 1.00
ර 1.00 0.98 0.96 0.98 1.00 1.00
ල 0.94 0.91 0.92 0.67 0.94 0.97
ව 0.68 0.64 0.23 0.00 0.75 0.90
ස 0.88 0.90 0.84 0.22 0.92 0.98
හ 0.82 0.78 0.64 0.16 0.76 0.92
ළ 1.00 0.98 0.58 0.11 0.94 1.00

TABLE II: Letter recognition accuracy by each classifier

B. Phase II Results
In Table II, the results for the word predictions for

both the correct and incorrect Sinhala words after vali-
dating with the n-gram model are given. The Accuracy
is calculated by dividing the summation of the number
of correctly recognized Sinhala words and the number of
ignored incorrect Sinhala words by the total number of
words.

Classification model Accuracy
CNN 0.85
SVM 0.71
LR 0.68

ANN 0.64
RF 0.37

kNN 0.18

TABLE III: Results of the word recognition

VI. Conclusions
This paper introduced an off-line approach for

recognizing Sinhala words written on touch screens. To
recognize the words, we used a segmentation methodology
that uses the in-between spaces among the letters of a
word to segment them. The segmented letters are
recognized separately by trained classification models to
form the final word. Each classification model is trained to
recognize nineteen different letters using a labeled subset
of the Sinhala letters dataset. To find the best classifier,
we compared the selected classification algorithms and
found that the CNN classifier performs well in recognizing
Sinhala letters. Finally, we used an n-gram model for
validating the recognized words.

According to our results, the off-line way of touch
gesture written character recognition produced good
accuracy scores. However, some of the letters such as ම,
ව, ට and න, ත were not well classified by the algorithms



due to their similar shapes. These misclassified letters in
a word can lead to producing wrong predictions for the
users. This is the main reason that the word recognition
accuracies given in table III are below the 90% mark.

To improve the word recognition accuracy, we can
introduce a word-suggestion system using the n-gram
model. This system can suggest the related correct words
for the words that are predicted wrong due to one or
two misclassified characters. In our experiment, we found
that the maximum relationship percentages for most of
the incorrect Sinhala words to the corpus are below 20%.
Hence, the word suggestion system can suggest words
that contain more than a 20% relationship percentage.

Based on our findings we found that the advantage
of segmentation-based word recognition is the flexibility
of recognizing unseen words. The proposed methodology
in this paper can recognize any Sinhala word that
is formed with two or more letters of the nineteen
Sinhala letters that we used for training the classification
algorithms. However, the number of words in the n-
gram word corpus should be increased to enhance the
word validation capabilities. Furthermore, the practical
challenges of enabling this off-line segmentation-based
word recognition approach in modern smart devices with
touch screens need to be further discussed in another
study for different user scenarios.

The segmentation approach used in this study uses
vertical spaces between letters to segment the characters.
However, this approach is inefficient in identifying over-
lapped handwritten characters. Furthermore, we consid-
ered only nineteen Sinhala letters. The results can differ
when the number of Sinhala letters is increased for the
training. Therefore, we plan to implement a more accurate
segmentation approach for Sinhala characters and more
Sinhala letters in future work.
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