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Recgnition of EOG-based Eye-written Characters

using Transformers and Siamese Network

Dong Hyun Kang

Department of Artificial Intelligence Convergence.

The Graduate School, Pukyong National University

Abstract

As Dbio-signal measurement technology develops, interest in bio-signal-based
HCI (Human-Computer Interface) is increasing. Among them, applications based
on electrooculogram (EOG) are used as a means of communication for patients
with degenerative neurological syndromes or quadriplegia. Various studies have
been conducted on recognizing eye-written characters using EOG. However,
EOG-based handwriting data is limited by the small sample size of available
data due to collection constraints.

In this study, we paid attention to the limited number of data. To solve this
problem, we proposed a recognition model that combines the idea of Reference
data and VIT (vision transformers) based Siamese networks. The Siamese
network is a learning methodology that determines the class matching of two
inputs. we apply ViT which is suitable for time-series data analysis. We
introduce Reference data to transform Siamese networks, which deal with
binary classification tasks that only determine whether input pairs match
classes, into unambiguous class prediction and multiple classification tasks.

In this study, we use 10 Arabic numeral datasets and 12 Katakana stroke
datasets. The experimental results show that the ViT-based Siamese network
achieves high performance, with recognition accuracy of up to 91.9% on the
Arabic numerals dataset and up to 84.7% on the Katakana strokes dataset. We
found that the Siamese network has robust recognition performance, reaching
about 90% accuracy, except for some classes in zero-shot learning, which is one

of the main features of Siamese networks.
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Evaluating performance using eye-written characters
with/without Eye-blink removal

Pre-processing method selection : With Eye-blink remowal / Without Eye-blink removal

Performance comparison of Siamese network
according to feature extractor

Feature extractor selection : 1D CNN+LSTM based model / ViT based model

Evaluate dependency between the number of classes and Siamese network

Comparison : Only Arabic numbers / Only Katakana gestures / Combined Dataset

Recognizing characters of unseen patterns (Zero-shot learning)

Fig 14. Experiments flow-chart
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3.2 & 7] A A (eye-blink removal)dl] W& A% F7

-

=

>

5o = 24 dolge AT BAA = zwel A Ao wE Ak
UES A Hdes wlu-EA3n ofghdlol A dlolHE AMEstH &
Zuel AA RS AT dlolEef FaskA] G2 HolHE /MER A4
g Zpzhe] Ede] idEn. ofw A vE °4£L4 EA FZ7|e
CNN+LSTM R Eg Algsly HAH mepnlg AAES Ao 7]& AF
& wEnHi15]

Table 1o]4 =Q1g 4= 1ol = #usle] 2AAH HolHE AR 74

- 103] H 888% HiL 90.6%, AAHA & HolHe AS Bt

>

883% il 943%° BF AULE SAstdth TEPA E£F = kel
of AASA @& A7t AAY AR 1206 He $5E A%} e

B A8 AfE n2olnol Ak YEYAS FLa ¥ ZHE oAt
slol = el AAE el 4% FAE oplFA, ¥4 MRS 1
s Bhed Hgoletn AW Ao

Table 1. Comparative results between with and without eye blink removal
on Arabic numbers

Accuracy of 10 times ( % )
Std.
Avg. Best. Worst.
Without eye-blink removal 88.0 90.6 84.3 2.125
With eye-blink removal 88.3 94.3 83.7 3.33
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CNN+LSTM 54 FZ71¢te] 45& vastes dA=Z FA4 "t ViTe 5
Mol gt g E AxtE JEwron Table 20 P sl A& g
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2 gt HE ok ViTe 7]1& Aty ALg3 54 5719 A%
S gt}

#HA geuEzE A-89 VIT 7|9 4F WEY]A] 452 Table 3004
S0 & drk Y Ede VtEgtg &2 volHE dsdS o H
78.0% HUl 84.7%°] w7 AFEE ATt ofgtulo} LAl dHolHE
S5AS o Hit 882% AW 919% HF AES GAstdon Table
29} vt dS W, CNN+LSTM 7]%ke] 4k HES A s & Aol&
Holx] erokrh. spAIRE, ofghH|ol =} Hlo|H el tgk St #A A VIT
718k AF WM E9]A7F CNN+LSTM 7|9 4F ES AR mE HAHsE o]
£ F e AL Figr 16858 Fad + 3l

TA Ao = Fig. 1604 S22 H71 dojfHe] Q14 HAes ST
of w=w stelghg Tx} 129 ZeaE 249W Fa

N

_l (

:I':
9t} Fig 16 4, 2
A4sHe Aol vehon, 53 29 Fdxz A$AN Ads el
ol Al 2o Fx dolHA FHAT F Yol ¥ Fene] Fut #
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Table 2. Parameters for ViT feature extractor and Hyperparameters

Parameters

Values
Hidden size of transformer output 128 256 512
Patch size of input data 5 10
Number of heads in encoder 4 8
Number of encoder blocks 8 12
Number of MLP layers and units size 128, 64 64, 32

Table 3. Recognition accuracy of ViT based Siamese network using
Katakana gestures and Arabic numbers

Accuracy of 10 times (%)

Std.

Avg. Best. Worst.
katakana gestures 78.0 84.7 73.1 3.96
arabic numbers 88.2 91.9 85.0 2.62
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Accuracy graph by epoch
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20

=== \fiT based feature extractor
= CNN+LS5TM based feature extractor

Epoch

T
60 80 100

Fig 15. Performance of ViT and CNN+LSTM based Siamese network

using Arabic numbers
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Fol FAE AF HEA T WAL 9FS Folnaz

ere obehujo} 57 dlolel s} 7}

=4 2%7)% 329 Aol

g} dolg A = guwrelo] A7 5 A

7t w2; dHolHE A AR g G
=2 ViTE AH&-&ot,
Ad Ax Hit 792% A 81% A2 A3
o} (Table 4). 724 22 Fig. 179 w2
FolH ol = ofgbr]op 2ot ZbEhThy k] Q14 A= spdE
=]

& 2l AbsE A B9 £ Y

Table 4. Recognition accuracy of ViT based Siamese network using a
dataset with Arabic numbers and Katakana gestures combined

Accuracy of 10 times (%)

Std.
Avg. Best. Worst.

katakana gestures +
) 79.2 81.0 78.0 1.07
arabic numbers
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Katakana gestures confusion matrix
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Fig 16. Confusion matrix of individual dataset
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Combined characters confusion matrix
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Fig 17. Confusion matrix of dataset with Arabic numbers and katakana
gestures combined
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35 gE5HA & FPYL A4 (Zero—shot learning)
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Arabic numbers 1~9

S

Katakana gestures 1~12
A

[
1. -

Seen classes

12.»

Arabic number 0

Evaluation

=

Unseen class

@ Training

Siamese Network

Class
Arabic 0
Arabic 1

Arabic 9
Katakana 1

Katakana 11

Katakana 12

Similarity
0.9
0.01

0.002
0.012

0.05
0.026

Fig 18. Mllustration of Zero-shot learning when the unseen class is Arabic

number 0
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Table 5. Performances of Zero—shot learning inference with unseen classes

Accuracy of 10 times (%)
Std.
Avg. Best. Worst.

numbers 0 21.4 35.2 5.6 11.186
numbers 1 97.4 100.0 94.4 2.512
numbers 2 97.0 100.0 94.4 1.889
numbers 3 97.4 100.0 96.3 1.481
numbers 4 88.9 94.4 83.3 3.704
numbers 5 97.4 98.1 96.3 0.907
numbers 6 97.8 100.0 94.4 2.16
numbers 7 88.9 100.0 68.5 10.798
numbers 8 96.3 100.0 92.6 2.619
numbers 9 95.9 98.1 92.6 2.16
katakana 1 89.3 93.3 86.7 2.261
katakana 2 90.7 96.7 85.0 4.295
katakana 3 97.7 100.0 96.7 1.333
katakana 4 92.3 95.0 90.0 1.7

katakana 5 92.0 96.7 85.0 4.137
katakana 6 93.0 98.3 73.3 9.855
katakana 7 98.0 98.3 96.7 0.667
katakana 8 98.3 100.0 95.0 1.826
katakana 9 89.0 98.3 78.3 7.118
katakana 10 96.3 100.0 93.3 2.211
katakana 11 99.0 100.0 96.7 1.333
katakana 12 28.0 50.0 1.6 18.361

_28_




Zero-shot learning confusion matrix

- 0.6

- 04

- 0.0

Fig 19. Confusion matrix of Zero-shot learning with unseen classes
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