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Abstract

Cybersickness is a symptom of dizziness that occurs while experiencing Virtual Reality (VR) technology and it is presumed
to occur mainly by crosstalk between the sensory and cognitive systems. However, since the sensory and cognitive systems
cannot be measured objectively, it is difficult to measure cybersickness. Therefore, methodologies for measuring
cybersickness have been studied in various ways. Traditional studies have collected answers to questionnaires or analyzed
EEG data using machine learning algorithms. However, the system relying on the questionnaires lacks objectivity, and it is
difficult to obtain highly accurate measurements with the machine learning algorithms. In this work, we apply Deep Neural
Network (DNN) deep learning algorithm for objective cybersickness measurement from EEG data. We also propose a data
preprocessing for learning and network structures allowing us to achieve high performance when learning EEG data with the
deep learning algorithms. Our approach provides cybersickness measurement with an accuracy up to 98.88%. Besides, we
analyze video characteristics where cybersickness occurs by examining the video segments causing cybersickness in the
experiments. We discover that cybersickness happens even in unusually persistent changes in the darkness such as the light

in a room keeps switching on and off.
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Figure 1: Sample screen shots of VR videos used in our experiment. (a) is the Clash of Clan 360 video, (b) is the
Walking Dead 360 video, (c) is the Google Spotlight Stories: Pearl 360 video, and (d) is the Jeff The killer 360 video.

3.vlo] ] 53]

ol A& Aol ¥
e el ohs) A
199 ) A7) A7)

3£ olth
155} gjo]e] 4:7)

3} dHlolE+= Emotiv Epoc+E ©]&3te] 14 g =3t
tolHE RS deolel 50 A" H3t AHd
International 10-20 System & H}& 2 & AF3, F7, F3, FC5, T7, P7,
01, 02, P8, T8, FC6, F4, F8, AF4 & o]|Fo|x 9lt}. Epoct=
T s H3} dolHE WiHer 2048 Hz o F3le=2
AEFE 5, AdT 128 Hz o F34= o AEIS
g gtet 2] Epoc+E ©]-&5to] 27| 919 14 A ol thgt
raw ©] ©] ¥, band power ©] o] ¥, Al & £4 Hlo]E & +~F St}
Raw data = X5 Aol H 248 A5 3t AA S Lhepy o,
AU 3 A= % 14 A9 vlolelE 438k Band power
data &= ¥ 3} AA A SHE AT E 449 ok JEC=E
Y ECEECEE AL

A& 54357 A = 3t HolHE
et o kg WA A Abelof] A&7t
SEoR, ¥ &5 4Ee SHse

rok
N

Pty 4
-
&
L
=
o
3.

o|t}. ¥ 5}2] £ 3h4 = delta, theta,

alpha, beta, gamma 2 &-FH ¢}, AdFAtuit} A ko] S5
253k 7] 2 0] SHA Apol i QAT AubA O 2 delia (0.2 -
4 Hz), theta (4 ~ 8 Hz), alpha (8 ~ 12 Hz), beta (12 ~ 30 Hz), gamma
(30 Hz o]4ho g E7F3sly 223k BE2 Jow, middle, high
S0z o ARIAIE @k oA BRE FILES
Fote EE g2 548 74 2 vtk Delta 3h= A vt e
22, 3 A BA &= v}g ol t). Theta 9= £ vt s
=8, SYAY F=7] Aol g sh= 919 o]t} Alpha 3h+=
gsietae oW, A4l AL Asu 9w
iv]ﬂr It} Beta 3= 2E g auteta s £ v, &<k 1% 59
ol 4 A3 sha ol ek vhA 2o 2 gamma sHe Fe)
3} 22 A Ay sk 9 oo,
T W = delta JJrE Aol et BE JJrf%—% 4@@1‘/}. Beta
O

(o

power data + theta (4 ~ 8 Hz), alpha (8 ~ 12 Hz), low-beta (12 ~
16 Hz), high-beta (16 ~ 25 Hz), gamma (25 ~ 45 Hz) & FA =T
i 3} Emotiv 7} A ‘&5}= API[28] 2 A}-&5}o

2 Ade] ARES PA e A5 F2 dolHE S,
A% 23 dol8E 7 Aol o) 0 A 4 74A] 9] Boleh.
7 g2 Hole 4 AHEE et 0 2 AE 98,12

e UE 2= HE 32 HE 4= F2).

- 26 -



Table 1: The number of collected EEG data samples from 11 participants. (times)

Participant P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 Sum
No cybersickness 91,248 104,994 48,840 81,603 31,858 136,975 50,056 75,607 89,823 60,674 58,219 829,797
Cybersickness 2,616 0 22,237 168 24,832 0 5,075 144 2,730 0 0 57,802
Sum 93,864 104,994 97,077 81,771 56,690 136,975 55,131 75651 92,553 60,674 58,219 887,599

Table 2: The number of EEG data samples after the preprocessing. (times)

Participant P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 Sum
No cybersickness 53,350 50,961 39,633 54,635 27,295 58,472 45,221 47,675 10,215 56,242 53,899 497,398
Cybersickness 2,614 0 22,237 168 22,785 0 5,075 144 2,206 0 0 55,229
Sum 55,964 50,961 61,770 54,703 50,080 58,472 50,296 47,819 12421 56,242 53,899 552,627

Tabel 3: weight sets based on signal quality (SQ) data.

SQ 0 1 2 3 4
Wo 1.0 1.0 1.0 1.0 1.0
wp 0.2 0.4 0.6 0.8 1.0
W, 05 1.0 15 2.0 25
Wy 1.0 0.8 0.6 0.4 0.2
Wy 25 2.0 15 1.0 05
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Table 4:

DNN datasets generated by the data processing for comparison.

Weight sets Wo \ ! Wy w3 Wy
Individual normalization Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5
Individual standardization Dataset 6 Dataset 7 Dataset 8 Dataset 9 Dataset 10
Integrated normalization Dataset 11 Dataset 12 Dataset 13 Dataset 14 Dataset 15
Integrated standardization Dataset 16 Dataset 17 Dataset 18 Dataset 19 Dataset 20
Table 5: DNN learning accuracy of each DNN dataset.

Weight sets Wo ! 2 W3 Wi
Individual normalization 94.15 94.18 95.00 93.92 91.53
Individual standardization 96.68 97.72 98.88 94.35 94.11
Integrated normalization 89.91 92.05 90.22 89.21 85.78
Integrated standardization 97.19 92.35 94.58 91.37 84.26

tlol8 73| Sl E vepdch dl ol 8 &2 4732 98
T} )| A training 7} test & 98] F N E & = rh

4.H2d<=

o] ol A= Areln] Hu| o] WA o RE ZA5}7] fl8) H 3t
telBlE o3ttt 2l AMELR HelH Az BAe
Al Ftar Abolw] Au] S0 A3 Hejd X2 E Ferh
ETAAE 7IER Held g8 F
duEES AR&-3ht DNNI33] 2=
perceptron[34]2] XOR E&H7} E7153% EAE
FZo|th o] o x= DNN &g ol thgk tolg 2] 9
728 AT B4 AT

o83 Atolw ] 5%

(]

4.1 DNNZ $13t tlo]¥| 22

tEl= H3t deolee Feds AF6h] fdl A =2
(Signal Quality, SQ) Hl°lElE 3ttt 2= SQ vlol& 7t
5ol F2FA ARE 27 A8l SQ vl ol H & o] &5}
o] 7 75 H3t vlole AMEE wEth 9 SQ
tl o] 5] 7} Abol ] Hw| Z7gol A< Zoletal
7Hde Atk mebA SQ o A4S eIty fsl 4 7HA
7t A Bdlg vtk 2w w, = v 8 BA, ws Hwy =
e dAE dAFen, SQ o £ e Hed 5
A5 FAst7] Asl wi & wy, wz I wy & THEA FSAE
t2A sk = AT FA 7 E A-85HA] S w9
A 3}e} vl st7] §18) wo = > 3t vl ol H of] 75X & A 8314
deth Z 7Fe A E A o A2 T2 2tk wi = (SQ / 5)

+0.2,w, = (SQ/2) + 0.5, w3z =1- (SQ/5), wy = 2.5 - (SQ/2), SQ €{0,

3L 12 2

1, 2, 3, 4. 7}%2] MEL Table 3 o 293t} W3} 7454
tolE NE+ 7t A& Fote] e ABE 7t 5} o o] E
AEe] izl 5 A9 =3t 7H5A] tﬂl ol E AﬂEﬂ A=,
2l HIt delEe TR gt £ diojH ANEE
Aatssieh 43t 71 o ' 22 % min-max 7 1+ 8} 2} £ £ 3},
T 7HA o2 A3 71es A8eta s AE vasith
min-max g3} 7] HolEE 0 oA 1 & M= A3}
st oh- 3} o] AlakE o

data; — min
X\ = —
max — min

3t v 2ol ALtd

data; — avg

tlol8 EF

i = Standard deviation

AolA 7 F74AEe] o o) vl o] B 9] H 4, H ol Wl 2+ o}
tole 227t 2n e vu g A& F++3 3 2E3} Ve
Zt A7) 7 HiolH MESE BE F7hAke] ZA) H ol E
MEo] 2g3ht) Table 4 & o5 tlolE] HEE HojErh
Individual data = 7+ 7AIEE HF3s Ae Uiz
Integrated data = A A Q1¥92] dlolg XA AF3}3 A=
o] u] gk}, Tabled 9} Zo] 924 81452 9151 20 49 M2 Th2
tolg] NEE AAst v dte] DNN 5ol 713 A stst

tlolE HEE 2=t

42DNN L%

-28 -



Participants
P3

P4
Video 1 p5

P7 [ |
P9 [ ] L
P1 I

P3
Video 3 p5

P7 1 1
P9 u
P3
Video4  ps
P8

Os 15s 30s 45s 60s 75s

90s 105s 120s 135s 150s 165s 180s

Figure 3: The video segments are visualized when the participants experience cybersickness. The bar color represents

the user.
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