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A Study on real-time 3D Position Estimation based on 9-Axis

IMU and Neural Network Using Modified IONet

by Hong-1l, Seo

Department of Electrical & Electronics Engineering
Graduate School of Korea Maritime & Ocean University

Busan, Republic of Korea

Abstract

There are several studies to use sensor data measured in mobile
devices as the efficient deep learning framework that can be applied to
embedded systems has been developed. Especially, study on location
estimation 1is being focused using acceleration, gyroscope, and
geomagnetic embedded in a smartphone. In this paper, we propose
three Modified Inertial Neural Networks (Modified IONet) based on
IMU and neural network. The proposed network, 9-Axis IONet,

corrected the inertial system drift by adding gravity acceleration and
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geomagnetic, which are data including attitude information, to the
6-Axis IONet that estimates trajectory only with free acceleration and
gyro. In addition, this paper presents a fast 6-Axis Ionet and fast
9-Axis lonet, which are replaced by GRUs that can reduce the amount
of operation by about 30% lower than LSTM, and analyzes the effect
of parameter numbers on the trajectory estimation performance, thereby
suggesting a method to apply IONet to embedded and mobile
environments. The proposed network has improved the trajectory
estimation performance by 9.08% compared to the 6-Axis IONEt by
learning and evaluating OxIOD, which is a data set constructed using

low-cost IMU.
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A 1 % Introduction

ul=-2]  Global Positioning System(GPS), 9] Quasi-Zenith Satellite
System(QZSS), EU®| Galileo Positioning System(Galileo) & A7 Z}=1<]
Global Navigation Satellite System(GNSS)+= <1394 719k x]7d9] AFE-A}
oA Y AR} HSEFRE A 28y HYE, Aete=®, A
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0= MU A S4 5= dolHE AFE$ Odometry 24 Al 23 o = K-
ol Al f1Aet Al FAH o] Jhesttt 109 AFEH = IMUE Abr
7HERet SIS Rl JMEEet ApolR FA o] Jhed 65 IMUS
F7HH o m A27] FHo] 7 95 IMU F F7F AL, 109 449
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Al 2 A Related Work

2.1 Pose Measurement based on Gravity Acceleration

g=A+A+A, (2.1)

FANEE g A QDI Lol 4., 4,, 4.9 BANHR o] Fol A
MU®] ZHAlo] wet th2s] debdrh 29 18 x% 3179 RollZh g%
F 1A S A IMUZE e F2 HEd Aol xFo] sHstEE 4,

o} 4.9 AANE o3l 92 A (22)9F o] AT £ 9y ey
% 3779 Pitchzt o= 4 (23)F Bol 4,9 4.F T3 uehd & 9
ot
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Fig. 2.1 The components of gravity accelerometer vectors
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9=tan_1A=” (2.2)
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%) Ztan71A=y (2.3)
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2.2 Azimuth Measurement based on Geomagnetic

Heading
direction

Magnetic
North

-

West

True
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o —t

direction

oY 2.2 A4 e THLs

Fig. 2.2 The components of magnetic vectors
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2 24 ATANE F=, 4 258 34718 HE dehle 2o

.

F=  Hd® + Rd* + Nd* (2.4)

H=/ Hd* + Rd’ (2.5)

21 (2.4), 2.5°A Hd, Rd, Nd+ Zt7; %l 3)vek(Heading Direction), -t

[}

7] Sel @A AAol whE Fu HEA ko] WEAM A (2.6 2

= Wek(Right Direction), A4 ®&F(Nadir Direction)©] th. AAl| 2} Al 4ks)

oy

Xn cosf Osind\(1 0 0 my
Yy |=| 0 1 0 ||0cos® —sin@| m, (2.6)
Zy —sinf0cosf/\0sin@ cosd m

z

09 ¢ EZH(Roll), I A ZH(Pitch)ol L m,, m,, m.= SHE AT 27
wolw Xy, Yy, Zpv AAIZE BAAE A7|EE oty o] & o] &35to] W

Azt wE A @279k oF 2ol AME 5 3l

m,cosd —mzsind
L )+ L (2.7)

-1
= tan - - -
v (mxcost9+mys1n®sm® +m_cos @ sinf
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Wb AA d Sl A4 4o, uAE XD wf W]z
i o] Al X%}y wWlE = 19 233 #Zo] Yo FEE ndEAT. 1
i A 27 AlAe] WRA o ZE [71A A A1 Soft-Iron Effect”}
1% 249F o] TAste] Aapr] WYy A TAlo]l deR o]eH
QEAHOE= AT F2E U A Ao WE 2 %<1 Hard-Iron Effect”} 2
Aeto] 227 Wy Yake] FAlol I 259 o] Slojo] BHAFEE
WA SET29]. et A E e AAdA SAHE AAr] HAE R Gt

917t FA67] ol

Magnetic vectors
Y-axis [uT]]

Ideal
magnetic

Magnetic vectors vectors

X-axis [uT] * 0

v

A 4
12 2.3 oMl A e 54

Fig. 2.3 Ideal Magnetic Vectors
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Magnetic vectors
Y-axis [uT]]

Soft-Iron

Effect

Magnetic vectors

X-axis [uT] * g

ag 2.4 AN WAH oAt
Fig. 2.4 Soft—Iron Effect

Magnetic vectors
Y-axis [uT]]

Hard-Iron
Magnetic vectors Effect
X-axis [uT] "~ 5 /

aF 2.5 AAe A b
Fig. 2.5 Hard—Iron Effect
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2.3 Convolutional Neural Network

CNN(Convolutional Neural Network):= Hlo|E ] 54 H¥WHE F&E3t+
HESAR AA &7 2 A& 2& on A7l gydolHel EHoA
G dee Bt HT AEA Y ZoklA = IMU, Lidar 5 Al
A EYHE AAYE HelHE BASY] S wHoE Wik dHE AL
LR A
ot} dHtA <l 1D CNN< Convolutional Layer®} Pooling Layer® ©] ¢
Aodew, AAYE HolHY SAFES HAHOE st olF
Neural Network ZAlDe] =32l BRE AHgst= o5 dudsd €%

stol Abg Bk,

b
HF
o
2
o
>
ofo
r
£
[
o
N
(@)Y
lo
o
2
td
)
-
N
il

X11 X12 X13
21 X322 X23 7 b | I L
-
x X x
31 32 33 . - | - -

[VITTT-

"'T“‘—\‘
Xm-1)1| X(n-12 | X(n-1)3 =

~|
Xn1 Xnz Xn3 T
L7
T
Convolutional Convolutional ~ Pooling Layer Fully Connected  Output
Layer Layer Layer

1% 2.6 1D Convolutional Neural Network®] =
Fig. 2.6 The Structure of 1D Convolutional Neural Network
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Convolutional Layer+= Filter’} ©]-&3lHA & dlo]gele] ALLE F3)
Feature Map<S A/ tt). ojuf d=Hst= AAIE Hol|HE Window Size
g} sh=dl, HA o] 2HA Window SizeE F7d3te] dHHolH=ZE A3l
1D Convolution Layeri= 2D Convolution Layer®}i= ] Filters W ko
ZHk o] FAA FAu ALE o2 M Feature Map2] Aol wel A|7E
2 5 S dbdstt). Feature %0 A8% & Filterd] 27| S5 A
gk Feature F%°] o H i, 2S5 HolH FZol FHofstal dAib=ko] @
of BA4& st FAdefof g

Pooling Layeri= Convolutional Layer ©]$% #J/ %= Feature Map<]
Overfitting=  *WAstal  AMAFES THAA7]7] 9k HAHolth
Convolutional Layer®] Z 3% Feature Map< & d|o]El9} H] S
A717F A= o]& 2t E A& A9 Overfittinge] T8 E 7hs
dol ¥il EE Featured] tial] A4S Hdste] AARAITRe] Aojxit). o]
5 S Z23t7] 93l Feature Map ¢4= 9 &S 3} Pooling Layers A8}
+d Max Pooling?} Average Poolings o] AR&3ITE Max Pooling<
CNNo| A 714 ®o] A}83li= Pooling Layer® L3k ®H o EA3t=

Sdsc Wi Hdgs AdEste] 73 varianceE ¥ A,
Average Poolinge H itk AEste]l FFol B2 dHolHoA <FA A

Feature MapS =9 + it
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2.4 Recurrent Neural Network

RNN(Recurrent Neural Network)< Al A tlolH ¢} &2 Tak4 HH A

2l7h Zad Holy Shgel ARgsts darglsolth. 1% 272 RNNS
£

T AgE FAAT olYd RNNS FRe BE Aol 4¥E FA

N
2

Aoy 7] Al tig dagFHo] dopx= 7] EA & Al(Long
Term Dependency Problem)E A A 71t} o] & 34357 93] RNN Cell9]
TZ2E /Mg LSTMI} RNNe| G2 5 74 gk Bi-RNNS A&t}

RNN | o | RN | T RNN
Cell Cell Cell

19 2.7 Recurrent Neural Network -3

Fig. 2.7 The structure of Recurrent Neural Network
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2.5 Long Short-Term Memory

LSTM(Long Short-Term Memory)> -2 Al 9] tlo]HE gt 4=
& AT x7] dgdelge gk wkge] EHA ¢k RNNO ZAHS 3
Astz] 9s JigE daeFelti30]. LSTMO 7248 A
RNN# fAbst o9, %7, &9 Alo|lEE F7io=x 7] &4

A s Aastgr. 28 282 LSTMO Cell +%& el Aol

A

hy
A
;=X &> > ¢,
tanh
It o
f, X
| o | Lo | [tanh]| [ o |
ht_le\ / )ht

Xt
1% 2.8 Long Short—Term Memory Cell 2
Fig. 2.8 The structure of Long Short—Term Memory Cell
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a9 2894 ¢ Cello] AE), by A Celld] =9, i+ A=A

E, £, 97 AE, o £8 AEE ot} LSTME old A 4

2Z2H e A AeE 7441E7] wjFo] RNNoA 2AEE=  Gradient

Vanishing @7&-& 7HAdste] 31 Alf= HolH X shsgo] 7hesitt. 18u

£ M8k A8 e Sx9 5% A Hol= GRUS Bl AHE
Eiasg
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2.6 Gated Recurrent Unit

% 2.10% Gated Recurrent Unit(GRU)S| +x2& YERAT. GRUE ¢
g, 37, &9 AolEE 7FA = LSTMO ©2 dAMgS A

RNNS Wy wdla ¢ 9 37 AoEE e fHolE AloJE=R
SEEAT31. o= LSIMS ©<dt oy dAiws Az
LSTM#¥} A-so] fFAbat7] wjitol] theksh Lokl A 285 k. GRUE
dlolgl7F ztar 5o HIvelA] ke AYoA] LSTMET %2 Aes
wolAwk dtetuly F7F A webA Ajkske Rde] Avke nEd b
olHE VM ER H2 AsS ZIHstr] offth 22y LSTME T A4k
o] °F 30% zto Bz ALk AV = dHit= A"l A8 A I

o]},

hy
A
he_qy =D f % P > h,
‘]..

\— T/

Xt
a9 2.9 Gated Recurrent Unit Cell T2
Fig. 2.9 The structure of Gated Recurrent Unit Cell
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2.7 Bidirectional Recurrent Neural Network

Bi-RNN(Bidirectional Recurrent Neural Network)< <=2}% do]E ujjo] A
ol AFER ofug} o] Al Hlo]E7FA] alE st RNNO 3%
3 mdolth32]. ¥ 2.10% Bi-RNN9 + %= veditt

y(t-1) y(®) y(t+1)

N

€ | ————— nu(t-1) [€ pw(t) € -

=2 (-1 Trw(£) = () e | >

T T T

x(t—1) x(t) x(t+1)

1% 2.10 Bidirectional Recurrent Neural Network T+

Fig. 2.10 The structure Bidirectional Recurrent Neural Network

y(t) = Tlrp, "), m, ") (2.8)

2 gatsle] HFEHow ALE3tE o] Shrdle HlolH Y *S
EHFo2ZH4 7]E RNNO HEA A E HolHE &40z A&t
EIEe)
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3. Proposed Methods

B =L 9-Axis IMUAA SAHE AF7tEE, A2, T87tE5E, A
A28 dger &£k, AANEEFE FASE 374 Modified
IONet(Modified Inertial Odometry Network)e A ¢FgtTh. Modified 1ONet->
MUY A 2 HE 7EToA] FHIMEEE A Aol Global F3EA U
JEWMEHFL Uehle AftEE, AARSRFE FYsHE Aol 2, A
He A8kl MU AAZtel Wid ARE xFeta = FHIMS

L ATFANEE Aol weztel U ARE Tdea 3k A7)

-

Fi ol
o

H
K
Y
B
23
o
off
o

= d¥o® &1, CNN¥ Bi-LSTMS o] &3to] & =
st 9-Axis IONete]th. o]+ 7]& AfrtEEet Ao]2wks gEo=
gk 6-Axis IONetoll B]3] ApA|Zfat wWejzte] gk ARE Frl4 o= 949
TFoEN BIAS FAAT T ARbek= WEY A W IMUY =4}
2 dolHE Agldt7] 913 Layer?] LSTMS $-73F A%5S Ho|Aqk

Y dawow Qs we FAAN] Aavnw o AMdetr] 99

-

i

Bi-LSTM LayerE Bi-GRU Layer= UJA|5l+= fast 6-Axis IONet?} fast
9-Axis IONet 2 &S %33} ).
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3.1 9-Axis IONet

9 3.1 9-Axis IONet9] %= YERIATE 9-Axis IONeto] <2 dlo]

HE Af7HE5% a, Aol2 w, T87FEE g AA7] molH, WEYI=
S Wl ZO =2 Global I ANA L] o]Fwsleolr Afo]=

= A%t #goE FHSEREE 8 AdE AAAS ot WA
Yaw ¢p& AL & vk o]# gk Zb dlo]H = 6-Axis IONet[27]7 Zo]
] 10 stride”}t} 200 Frame® S 3slv}e] = uolg =2 st =4 o
A AAHBF Apst AARSE Ag= HolH 1HAE W 95HA H o] E o}
105H A vlo]¥ Ato]e] A& AMbeEth EF Ul 74A dHolE (F A&
Fastslr] e Eeste] = E

A ot&}i= Y|E<$ A= Convolutional Layer, Bi-LSTM Layer2 -/ & o] 2}
o o= o]&3te] Ap9t A¢gE FA3T}E Convolutional Layert UHYF3F
Y E o]&sto] dHolE Y JAFE AFEr IMU AAl B 9]=] Wsto] of
Sl Feature Map= A4 3l™ MaxPooling LayerE S3l ©|& 7F<lshAl st}
ojuf, ¥4=Ho] 2xd AAIE Ho]He]mE 1D Convolutional Layer, 1D
MaxPooling LayerE A}-83t}h. Bi-LSTM Layert= =AF4 <l dle]Efol ujsh

S4& FEoty =98 LSTMA 98 F LSTM< ¥E= 28ste] P
A
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a9 3.1 9—Axis IONet 7-%
Fig. 3.1 The structure of 9—Axis IONet
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3.2 fast 6-Axis IONet

AFE o Aloke] = dHv= Al2Hlo] [ONet= #-8317] 913l
A= LSTMoll 18] Aibel Abgs&= stebnlel 57 <F 30% 22 GRUE
AFEEE JEY A Hgo] AEHolth. 27 3.2+ 6-Axis IONet2] Bi-LSTM
LayerE Bi-GRU Layer® WA 3t fast 6-Axis IONet®]t}. fast 6-Axis IONet
& ey F7F AP o2 6-Axis IONetol] B3] ©e A5S HolX]

T AT A FHG Bl ol YWt E AxE, Buld Alod B
3}

aX
ll.y | | = =
= Ape APy Az Ay DGx Dy Ady

a, o

e T .
Wy ;
wy — > > D Convolutional D Bidirectional GRU

D Max Pooling D Dropout

w,

L | | S S ) D Concatenate D Fully Connected

128 025 128 025 7

a9 3.2 fast 6—Axis IONet 7%
Fig. 3.2 The structure of fast 6—Axis IONet
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3.3 fast 9-Axis IONet

IONetell AF-8-% =

T Layer & LSTM Layeri= Cell U 14ko] 3t}
v A4 dEND AAERS 2744717 fdAE old bF Aol

i)

FAolty, 19 332 9-Axis IONet®] Bi-LSTMS Bi-GRUZE U] A5}

re
s
ol
o

AaAZl dES At FH7tEEe} AA7|7F YHozn F
7}E A Bi-LSTM Layeroll 12 %= Feature Map2 Z7|7} AAW I o]
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Ix 1
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¥ 3.3 fast 9—Axis IONet %
Fig. 3.3 The structure of fast 9—Axis IONet
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3.4 6-DOF Pose Representation

6-DOF AHAlE Fd2 tFet WA o 7hgshAnh, 2 =i 6-Axis
IONetZ} o] B=E Al thslA] 6-DOF % do] 7}53k 3D translation
vector Ap®} unit quaternion Aq L8]l Al FHo] 7lEd o] ARA
S3oh27]. o] W A 3.9 2ol ol fIA|ef zApAe]

o
¢G-1= A3

"_
AlZE ZF AskES HeiA dAl f A9 AAE =E

Dy :pt71+R(qt71)Ap

(3.1)
@ =q-180Aq

p A fAelH ol £1A p, ol ¢WES] IAE onste= AqE
R(g)¢t Apel =1 ©IAIZE Atol ] 912 Wistaks ghsio] AMEH &
A ZA g5 oA &AL ¢, 9 Aqgel Hamilton product ®= %3 AAk
#t}. Hamilton Product™ T Quaternion 7F ZAl = o) v|stt}[33]. wH
YEHNIZHEH FAHE QuaternionS A4S F &= Unit Quaterniono

e F87] A3 s
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3.5 Loss Function

Aerahis MES A Ap, Aq L]t qol A B LossE #2383t
7] el ghgetH, Ao WMAE VA= ps HaATY WHAE THAE q
55 Loss Function®] ®ESIs7] 913 2] (3.2)9F Zo] A2 t& A

= %fﬂ—g— 2= 0] =

4 21+ Multi-task Learning 7] S AF-8-3FUH34].

=

Lyt = Y exp(—loga?)L; +logo? (3.2)
i =Hl

Ask= AET 0o o3 Loss £ ES 9T 4 Slo FAAHR

= T
& A& L, A4l = Ml 7FA] Loss Function©] A}-8 ¥ T},

(L4, Ly, Lyl = [Lppara g Lpgus Lo (3.3)

21(3.4)= Delta Position Mean Absolute Error L,py 4%, (3.5

Delta Quaternion Mean Error L, th.

Lppuap =12ap— Apll, (3.4)
Lpour = 2*[limag (A g Ag*)ll, (3.5)
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Lppyae®t Lpgupe= IONete] &9} pA|stakol] thgk Loss Function
© 2 Ground Truth (Ap, Aq)9?t Model?] Predicted Pose (Ap, Agq) IF 7]
shoha Wt ShEAXIY. Ape AAEY mEgkelal, Ag¢e IMU A
MustaFs R3St #hol== 3D Pose graph SLAM error®] Aujks
Loss Function® @ A}F-&3Ft}27]. olul AgcS Age Zu&EAT=E Hbdg ¢
AS onatrE Aq9 Ag¢ ¢ Hamilton Product ®3+= Ag¢9t Agol A2
omaty, 7w UENIAZEEH FHH AgE Z717F 190 Unit Quaternion

o] gejoltt.
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Al 4 % Experiment

4.1 OxIOD Dataset

Vicon Room

Handbag Trolley

9% 41 Hold FH 87 2 2Hx

Fig. 4.1 Environment collected Data and Attachment Location

Oxford Inertial Odometry Dataset[35]-> 1% 4.13} %] Vicon Motion
Capture System= AF-£3}¢] Ground TruthE A= AL, #71E IMUSF A
271 AA7F WEE iPhone 7 pluse Ul 7FA F2F9IA oA S8 % HlolH
ojt}. ¥ oli= Handheld Blo|HE o] &3t o™ o]& 100HzZ A= ThE
ZA04 2A"E 24709 dHolHE FAYW F 423 o] 17/4¢]

Training Data®} 770 9] Testing Data® & 2|3}%1 3 Ground Truth®] =4 =
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StrideE F1 oW 55003719 JHdo]lH7F EAGTh U ES A g &
7} Testing Data®] %7] 202 & AF&3te] Output HoJHE A2 & 2 A
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E 41 WA HolHAle] BF

Table 4.1 Categorizing of the Benchmark Dataset

Training Data

Testing Data

datal/seql

datal/seq2

datal/seq3

datal/seqgb

datal/seq4

datal/seq6

datal/seq7

data3/seql

data2/seql

datad/seql

data2/seq?2

datad/seq3

data2/seq3

datab/seq?2

data3/seq?2

data3/seq3

data3/seq4

data3/segb

datad/seq2

data4/seq4

data4/seqb

data5/seq?2

data5/seq3

data5/seq4
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4.2 Detail of Training

<5 o] Framework:™ Keras 2.2.59} TensorFlow 1.14.0& A}&3}%1a,
GPU+= NVIDIA RTX TITANS AM&stddch g5 Al g5E 0.00019]
Adam OptimizerE AF&3 3 Validation Datat®™ 10%= AA3I3om
Network®] &5 314=% 5003] o]t} Batch Sizei:= 322 AA St 19 4.2
2 LSTMS A}F83F 9-Axis IONet9] Loss W3}, 719 4.3, 1% 44% GRU

A}-&3F fast 6-Axis IONet®} fast 9-Axis IONete] Loss ¥ 3}o] ).

Ll

Model Loss

— Train
— Validation

-4

Loss

-6 4

0 100 200 300 400 500
Epoch
a9 4.2 9—Axis IONet9] 9 9 A= Loss
Fig. 4.2 Training and Validation Loss of 9—Axis IONet
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Model Loss

09| — Train
— Validation
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-4
W
W
Q
o
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% 4.3 fast 6—Axis IONet2] £ 2 73 Loss
Fig. 4.3 Training and Validation Loss of fast 6—Axis IONet

Model Loss
01| — Train
— Validation
_2 -
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Q
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_6 4
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e L i et VT VTSP T
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% 4.4 fast 9—Axis IONete] T¥ % A= Loss
Fig. 4.4 Training and Validation Loss of fast 9—Axis IONet
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4.3 Quantitative Evaluation

ZF Y E A 2] Quantitative H7F= % 423 o] 7719 Test ©lo]E Al
S Y98 o=2 7 I0Net =33 Ground Truth®}e] RMSE(Root-Mean-Square
Error)E o] &3le] H7hstth, =3 ¥ 43914 47F#] IONet] 324w g

2 Waste] A el

o
o

okt

¥ 42 VEYIE 9 %374 RMSE 4|l

Table 4.2 Comparison of trajectory RMSE by Network

) . fast fast

6-Axis 9-Axis ) )

6-Axis 9-Axis

IONet IONet

IONet IONet
handheld/datal/seq2 0.531 0.363 0.508 0.400
handheld/datal/seg5 0.624 0.214 0.537 0.513
handheld/datal/seq6 0.299 0.366 0.299 0.344
handheld/data3/seql 0.530 0.438 0.550 0.451
handheld/data4/seql 0.340 0.598 0.338 1.612
handheld/data4/seq3 0.307 0.581 0.419 0.514
handheld/data5/seq2 0.396 0.192 0.312 0.283
Mean 0.432 0.393 0.423 0.588
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¥ 43 U EYaY Iy F

Table 4.3 Parameter number by Network

) ) fast fast
6-Axis 9-Axis ) )
6-AXis 9-Axis
IONet IONet
IONet IONet
Parameter 1,161,735 1,793,289 964,105 1,530,121

6-Axis IONet> 77FA] Ag 5 27FA]oll A 7H 5

™, 9-Axis IONet> 47}A| ol A, fast 6-Axis IONet& 27}A|o| A 7} ub

FE AEe ngo

AN

rlo

RMSE Z 3= Htl. RMSES] Hir2 9-Axis IONete] 7] 6-Axis IONet

of ulef °F 10% 3 ds& HIoH 65 F HEJA= vt 4%

(e}

S Hrh E3E fast 9-Axis IONet ‘handheld/datad4/seql’ ol A1 1] 74324 S

2 Y2 Aee HolAut o]& Ay U 7 Rl T F HAR =2

oS HQtE o]g gk o)A = fast 9-Axis IONet©]

Aoz F71s ZATSE Inertial System Drifts X 4 ste] RMSEE 74

Al A= A
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4.4 Qualitative Evaluation

Qualitative Evaluation® Al &= 4719] do]HE o] &3lo] AX FAHAH TS
gelslr] 9138l 6-Axis IONet[27], = 7H A A717F = dlolE &=
F7Fe 9-Axis IONet, 18] 1L 7 %3} 29l fast 6-Axis IONet, fast 9-Axis
IONet7}  F74st=  ZAyet AA olsdAAs Uehlt. ddd=
‘datal/seq2’,  ‘datal/seq6’,  ‘datad/seql’,  ‘dataS/seq2’7}  A}-&% o
Quantitative Evaluation® 4] 13}#] gt UES A 548 st
% 459 17 462 ‘datal/seq2’e] Adtolw ¢=EHE HoE 7t ¥ 27

2] 9% YEYAT} 62 UEYAL H3 z= A7 o} o] 5

@ AL FAT = Ak ol setele 9 F3 Yol nAste by

a9 473 1% 48& ‘datal/seq6’E Y3 FA Aol o] A}
A= ZF U E9 29 Quantitative Evaluation 237} & 2ol & HolA] &X]
65 HEY Y A3 M St UizkA FA8AA Y 25 A=
2 2o]lE HolA gon xyHW QA YEYJI M A7 2
H Zlow ddFn o] AitoA gelsjolst= A2 27 489 (b)olth.

ol

65 UEH A9 9-Axis IONet> Inertial System Drift7} z59] &5 WFe
= LAYSHA T fast 9-Axis IONet> F WFow TAZH. o= st 3
Ao A WAyt Overfitting W] WA Aoz dutwn)

% 499 19 4102 ‘datad/seql’E Y F4 Ado|r} o] A}
NM= WAZ 65 MEHAF 58 H5S Holr fast 9-Axis [ONet->
RMSE7} 1& 233 A& g0 & Advh 4 HEHYAY z5 ox+= &
ZFolE HolA] A WE 9-Axis IONet xyHWHo|A FH A o]zd A

& go1g = Qluh. FE3FF fast 9-Axis [ONet-> FA 7 2 o] xyHH| A% o]
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Fig. 4.5 Positioning result of the network using 'datal/seq2' as 6—axis input
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Fig. 4.6 Positioning result of the network using 'datal/seq2' as 9—axis input
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Fig. 4.7 Positioning result of the network using 'datal/seq6' as 6—axis input
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Fig. 4.8 Positioning result of the network using 'datal/seq6' as 9—axis input
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Fig. 4.9 Positioning result of the network using 'data4/seql' as 6—axis input
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Fig. 4.10 Positioning result of the network using 'data4/seql' as 9—axis input
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Fig. 4.11 Positioning result of the network using 'datab/seq2' as 6—axis input
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Fig. 4.12 Positioning result of the network using 'datab/seq2' as 9—axis input
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A 5 & Conclusion
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