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Abstract
This paper proposes a technique for recognizing online handwritten cursive data obtained by
tracing a motion trajectory while a user is in the 3D space based on a convolution neural network
(CNN) algorithm. There is a difficulty in recognizing the virtual character input by the user in the 3D
space because it includes both the character stroke and the movement stroke. In this paper, we divide
syllable into consonant and vowel units by using labeling technique in addition to the result of
localizing letter stroke and movement stroke in the previous study. The coordinate information of the
separated consonants and vowels are converted into image data, and Korean handwriting recognition
was performed using a convolutional neural network. After learning the neural network using 1,680
syllables written by five hand writers, the accuracy is calculated by using the new hand writers who
did not participate in the writing of training data. The accuracy of phoneme-based recognition is
98.9% based on convolutional neural network. The proposed method has the advantage of drastically
reducing learning data compared to syllable-based learning.
Keywords: Virtual Writing, Hand Written Character, Character Recognition, Convolutional Neural
Network, Motion Recognition

1. Introduction
In the information age, most of the data is being converted from analog to digital. Recently, the use
of computers, smart phones, and tablets has become commonplace, and the distance between analogue
and digital is becoming more and more intense. As a result, people are becoming less and less able to
make handwriting and as a result, paper-based handwriting materials become harder to find around.
However, in the educational environment, there are some cases where handwriting is performed
through a digital input device. Typically, an electronic whiteboard is an example. Most of them are
types of touch-screen electronic boards. The touch-based interface has become a common interface that
is already commonplace in our daily lives.
Touch screens account for more than 50% of the price of electronic whiteboards and are expensive
to maintain and repair. The reason is that the cost increases because the touch panel is attached to the
existing display by using tempered glass and iron frame. In this study, we searched for ways to
drastically reduce the price by interacting with the device in other ways than the touch method.
Generally, a user interacts with devices through voice, motion, or touch. In the case of speech
recognition, recurrent neural networks are used in recent studies. However, it is not suitable for use in a
classroom where there is a lot of noise. Motion is a useful technology used in various fields such as
game, smart TV, and CCTV. In addition, recently, VR / AR technology has been attracting attention,
and our lives will become more convenient if we can make a command or handwriting to a computer
through motion analysis in a virtual environment. Therefore, in this paper, it is aimed to recognize the
virtual handwriting by receiving the handwritten data in the three-dimensional space with the
movement of the hand and analyzing it.
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In this paper, we propose a recognition method for virtual handwritten Hangul input by user 's hand
movements in 3D space where electronic whiteboard exists. For this purpose, consonant and vowel are
distinguished by using the result of character stroke and moving stroke used in previous research [1],
and convolutional neural network (CNN) is trained by using the results to enable accurate recognition.
Compared to the syllable-based learning method, it is possible to reduce the amount of training data
required when the training is performed based on the unit of the consonants and vowels. Finally, the
recognized consonants and vowels are combined to provide the syllable information to the user.

2. Related works
Recognition on handwritten characters can be divided into off-line methods [2-4] that receive
written handwriting characters as input and on-line methods [5-9] that use real-time and positional
information obtained through motion. In the case of the off-line methods, there are advantages against
the on-line methods that the recognition rate can be improved through the normalization process of
various problems occurring in handwriting. However, there is a disadvantage that the results can not be
verified in real time. The online method is a method of recognizing using data input in real time.
Unlike the offline method, additional temporal information can be obtained.
In the past, for character recognition various features such as SVM and HMM were extracted and
used for classification. It was very difficult process to define and extract effective and suitable features.
In recent years, however, deep learning techniques have been developed and applied to handwriting
recognition due to its superior performance. In particular, Korean handwritten characters have a
complicated pattern and the number of classes is very large. Therefore, it is difficult to recognize than
Arabic numerals and Latin alphabets, and the recognition accuracies are relatively low. However, it can
be seen that the performance is improved by applying deep learning technology [10, 11]. In the case of
Korean handwriting recognition, it is generally necessary to prioritize the character segmentation. For
example, we can decompose a Korean syllable into some consonants and vowels, or into initial
consonant, medial, final consonants, or even strokes. The reason for the preprocessing is from the
structural characteristic of Hangul. Hangul syllables are composed of a combination of initial
consonant, medial and final consonants in the computer. The number of possible combination of
syllables with initial consonant, medial and final consonants is 11,172. Therefore, it is very difficult to
obtain class-specific data for all syllables. Separating letters makes it possible to construct effective
training and testing data sets without considering all possible syllables.

3. Localization and recognition of consonants/vowels
In case of motion-based writing in the virtual writing environment, both the character stroke and the
movement stroke appear as shown in Fig 1. This phenomenon occurs because it does not include the
process of specifying start and endpoints. Because the moving strokes can increase the difficulty of
recognition step, we should remove the movement stroke in advance.

Figure 1. Examples of virtual handwritten characters that contain some character strokes and
movement strokes

3.1. Detection on endpoints of strokes
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The reason for detecting the endpoints is to divide a syllable into stroke units, which is the
minimum unit constituting the syllable. The separated strokes are classified into movement strokes and
character strokes. The detection method uses a characteristic that the direction changes from the current
stroke to the next stroke. At that point, the value of the curvature becomes higher, which is defined as
the endpoint. If we disconnect the continuous strokes based on the endpoint candidates, a syllable will
be broken down into stroke units. In order to extract the endpoints, we apply the method as in the
previous research [1].

3.2. Classification of stroke patterns
The characteristics of the character stroke and the movement stroke are as follows: direction
patterns of '→', '↘', '↓', and '↙' occurs in case of character stroke. '↑', '↗', '↙', '←' and '↖' patterns in
movement strokes [1]. Most of the patterns occur in just one of character strokes or movement strokes,
but the '↙' pattern can occur in both type of strokes. The '↙' pattern can be classified according to
context of adjacent patterns [1]. As you can see, there are all eight possible strokes pattern in all
syllables of Hangul.
In the previous study [1], we classified stroke patterns based on chain code. After calculating 8direction chain codes, a pattern of a stroke is defined according to main direction of the chain codes.
However, it may be difficult to classify 'ㅇ' and 'ㅎ' since the direction of strokes in them changes
continuously. Therefore, there are many points recognized as endpoints and all possible stroke patterns
can occur. As a result, it was impossible to classify 'ㅇ' and 'ㅎ' with previous method.
Endpoints of 'ㅇ' and 'ㅎ' are characterized by very short distances between them. Based on this
characteristic, we analyze the many handwritten data of 'ㅇ' and 'ㅎ'. We can recognize the consonants
if the mis-detected endpoints are within a certain distance.

3.3. Localization of consonants and vowels
It is possible to classify strokes constituting the character stroke and the movement stroke through
the preceding steps. However, for syllable recognition, it is necessary to discriminate consonants and
vowels by grouping several separated strokes.
To localize consonants and vowels of a syllable, a binary image is generated by using the coordinate
information of the separated strokes from virtual handwritten characters. When the binary image is
created, some strokes can be treated as a single object in the case where the endpoints of them are
connected. Next, labels are assigned to each object (part of a Hangul character) using the labeling
technique. Then, a syllable is constructed using the positional relationship of the initial consonant,
medial, and final consonants. There are some difficulties in the case of 'ㅊ' and 'ㅎ', because they are
consist of several strokes in a consonant. So we separate these consonants with additional processing.
In the process of localizing consonants and vowels from separated strokes, various problems may
arise. The biggest problem of them is that a single consonant or vowel can be separated to two or more
subregions. In Fig. 2, the right consonant 'ㄹ' is erroneously detected as two partial regions. This is a
case where some of the character strokes are misclassified as a moving stroke in the classification step,
and so connection between two character strokes of 'ㄹ' is broken.

Figure 2. An example of a consonant with subdivided fragments
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To solve this problem, some consonants and vowels are subdivided into several parts. Then, we
define some possible combinations of them and train a convolutional neural network with the new
patterns from the combinations. For example, 'ㅁ' is a consonant that can be combined with 'ㄱ' + 'ㄴ'.
Except consonants and vowels that can be stroked at one go, we define separable combinations for the
remaining syllables. Table 1 shows some examples of possible combinations.
Table 1. Some examples of possible combinations of strokes that make up a phoneme
phoneme

Possible combinations

‘ㄷ’
‘ㄹ’
‘ㅏ’

(‘ㅡ’ + ‘ㄴ’)
(‘ㄱ’ + ‘ㅡ’ + ‘ㄴ’), (‘ ’ + ‘ㄴ‘), (’ㄱ‘,’ㄷ‘)
(‘ㅣ’+‘-’)

Through the training of the combination of the additional defined patterns, it is possible to solve the
degradation of the recognition accuracy by subdividing a phoneme.

3.4. Recognition based on convolutional neural network
In this paper, CNN with the structure as shown in Fig. 3 is used for training and recognition. As
shown in Fig. 3, there are five convolution layers and a fully connected layers, and pooling layers are
arranged in each convolution layer. This structure is very similar with LeNet-5 [12] that provides
typical CNN architecture in character recognition. The dropout process is performed on the fully
connected layer to minimize overfitting [13] of the network. The network uses ReLU [14] as the
activation function. Although it is possible to improve recognition accuracy through delicate design of
the structure, it is possible to confirm that satisfactory accuracy can be obtained even by using the
proposed structure.

Figure 3. An architecture of proposed CNN

4. Experimental results
In order to construct the training data for the experiment in this paper, 168 syllables were defined by
combining 14 consonants (except double consonants) and 12 vowels (10 vowels and 2 diphthongs). For
this syllable, five writers wrote each syllable twice and so 1,680 syllables. Some examples of syllables
used in training can be seen in Fig. 4(a).
The syllable shown in Fig. 4(a) are examples of used syllables in training. The actual data used for
training is a handwritten syllable including a character stroke and a movement stroke as shown in Fig.
1. For training set, the movement strokes are removed and training step is performed after localizing
consonants and vowels. For the test data set, we used virtual handwritten characters of Sections 1 to 4
of the national anthem. Fig. 4(b) shows parts of data set. Since writing area is limited in real space, we
input test data into the network in unit of word.
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(b)

Figure 4. An architecture of proposed CNN
The total number of consonants and vowels to be separated in the first to fourth verse of the national
anthem is 433. Table 2 shows the result of measuring accuracy by separating consonants and vowels
from the method used in the previous study [1].
Table 2. Accuracies for localization of consonants and vowels
1st verse
2nd verse
3rd verse
4th verse
Total

# of phoneme
104
110
116
103
433

accuracies
94%
97%
99%
98%
97%

In order to recognize, we train the proposed CNN using the consonants and vowels separated from
the previous step. At this time, we have defined additional combinations for some consonants and
vowels that cannot be drawn with one stroke, and they are used for training together. The CNN
recognizes phonemes and some diphthongs are discriminated by combining with several vowels in
post-processing step. For example, ‘ㅔ’ can be detected with sequence of ‘ㅓ’ and ‘ㅣ’. The
improvement in accuracy with the use of the new combination pattern was about 2.1%. Table 3 shows
recognition results based on phonemes according to the use types of the training data set. A syllable
can be composed from recognized consonants and vowels by using a composition table of Johab
Hangul code. At this time, the accuracy can be improved by using the ensemble technique in CNN.
Table 3. Recognition accuracies of proposed methods
CNN
Ensemble CNN

Without additional patters Using additional patters
96.3%
98.4%
98.9%

5. Conclusion
In this paper, we proposed a recognition method for virtual handwritten characters input by
hand motion in 3D space where camera is located. A virtual cursive character consists of a
character stroke and a movement stroke. Since the movement strokes are an element that
interferes with the character recognition, they should be removed. A character was separated
into consonants and vowels using the pattern and positional relationship of the stroke after the
removal. Using this result as an input to the convolutional neural network, a recognition model
for virtual handwritten characters was created. Since the number of Hangul syllables is too
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many, syllable-based training is too difficult. The syllable was separated into consonants and
vowels, and the amount of learning data was remarkably reduced.
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