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ABSTRACT

Estimation of Position, Attitude, and Map
for Navigation of Unmanned Vehicles

Chung Jun Hyuk
Advisor : Prof. Ko, Nak Yong, Ph.D.
Department of Control and Instrumentation Eng.,

Graduate School of Chosun University

This study implements estimation of location and attitude of unmanned vehicles and builds
map of the environment. Extended Kalman filter is used for estimation of location and
attitude, and graph-based optimization is utilized for the map building.

The extended Kalman filter is applied using bias-calibrated angular rate. The method
estimates bias in angular rate measured by an Attitude Heading Reference System(AHRS).
Also, it fuses multiple sensor measurements for localization of an underwater vehicle. The
sensors used for the fusion are Inertial Measurement Unit(IMU), Short Baseline(SBL),
Doppler Velocity Log(DVL), and depth meter.

Two methods are implemented for map building : Invariant Extended Kalman filter(IEKF)
SLAM and Graph-based SLAM. IEKF SLAM is an on-line SLAM which results in
robuster performance than EKF SLAM. The IEKF SLAM estimates the location of a robot
as well as the location of landmarks. The Graph-based SLAM is an off-line algorithm
which is a optimization approach based on graph representation of constraints. These
methods are verified using open measurement data set and test-tank experiments.
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Table 2.2.3 Algorithm of Extended Kalman filter

Input (x(t;), P(t;), Y (tit1))
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X 3.1.2 Invariant EKF SLAM € 12|&
Table 3.1.2 SLAM algorithm using Invariant EKF

]JlVEiI'ia]lt EKF SLM(EH_ i Pk— 1: Yk! Wi, T?k)

state < X = (8. x7, (pY)7. -, (p™)7)
measurement - Y = ((p*)7.-. (p™)7)

Prediction
éx:«:u«:—l =0y + Wy
Rije—1 = Zi—1 + R(Gk-1) vk
pnfcik—l =ﬁfc—1 l=j=n
Pyjx—1 = FiePr_1Fy, + G, Qi Gy,

Correction

- - T

h [R(Hk|k—1) (ﬁém—l = 2-!cl-ic—l)]

Zp = Vk — P

A [R(Bipe-1)” (Bltpe-s — R
-1

K= P;d,r;—ng(HRPMR—lHE + Ry)

Pp= (0 — KRHAk}Pkik—l

Xy = ﬁP(K:czk-ink—l)

58 g 6+ &6
5x £ R(68)%+ B(68)6x sinfa)  _ cos(a)
1 Pt} oo X i
e| |5 || B || = | R@OH* +B@OWH* [ B@=| iy sinim
H ~ A H i | (24
épn/) \pn (68)p™ + B(66)6p™
return (X,,P,)
- ‘]4 -
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xj seen in the frame of x;

2 3.2.2 e x[ XM
Fig 3.2.2 Graph optimization

1% 3.2.22 = NS DYSE EHS A0IL 1, = |,

QIOIBtCE. 2= =5 z0IA Biet2 =5 2,00 st =FL0I0H zA:i]E o=ss &=
r,0lA Biet2 OIset =5 2,01 Oigt oSt SF0IL. 2,= 2,2 2 HE
(information matrix)OICt. e;= =5 =z, ;21 2% &==(error function)OICt. 2%t
gs A (3.2.1) 201 FFat 2,2 I=st 5t éij9| XHOIOICH.
el](a:i,x]) zij—z”(xl,xj) (3.2.1)
gl A (3.2.2) ~ (3.2.5)2 ZCh. =59 &E 20 28 SHEUZES
(probability density function, pdf)E Fol0d 2E EHESUTEgH==2 2 =0t
DA 2 20| = 2’2 PSHCH. Al (3.2.3)00 negative logE FEH & AR B2ES

=

M5t Al (3.2.4)2 2t0| negative log likelihood Flx)E& T

2 ooz Fz)Jl IE BOIKNE 2 2 P8}

pdf (@)= |2mx| " V2em 0 (3.2.2)
z Zmaximize(H|27TE|_1/268TQ€/2) (3.2.3)
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Flz)= Z egﬂijeij (3.2.4)

G jred

z = argmin F(z) (3.2.5)

LES9 FE 2 IAGGH| Adh AzE FECH. AzE oI ol Fla)ol
r+AzE HESH F&tCh. HZdH 2= HIHE AME00 2XHANK EIHGHH A
2o A

Z0F Alg FPECH Flz+Az)Jl A DE Az g2 P60 /A5HH

ZE0HM AzE Fold zE2 FXGEC. OHIIN H= &5 2 4
(probabilistic information matrix)E 20|50 b= H 9E(coefficient vector
£ 9|0|8tC}.

~

Fat+Az)= Y Fi(a+Ax) (3.2.8)
<ij><C
= 3 ¢t AvtAx"H Ax
<iLj>€EC

= c+20Ax+ Az THAx

z = argmin Fz) (3.2.7)
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8 411 2E0M AIEE =322

Fig 4.1.1 Underwater vehicle for experiment
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8 4.1.2 280AM AIEE =X

Fig 4.1.2 Test tank for experiment
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Fig 4.1.4 Comparison of roll error between EKF and EKF BCAR
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Fig 4.1.5 Comparison of pitch error between EKF and EKF BCAR
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Fig 4.1.6 Comparison of yaw error between EKF and EKF BCAR
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pitch
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roll
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Table 4.1.1 Comparison of attitude estimation error between EKF and EKF BCAR
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Fig 4.2.1 Underwater vehicle for experiment
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8 4.2.2 480AM AEE =X

Fig 4.2.2 Test tank for experiment

(a) IMU AIA (b) DVL HIA

8 4.2.3 80N ALSE dIA

Fig 4.2.3 Sensor for experiment

_26_

(“Collection @ chosun



]
Bl

Ju

O 4.2.401M (a)

ot el
HZ= AR

/\H:l

A

g8 200

|I—|
=

o
A < (=10, -15)2 &=

E

1

ELl

OlA =44 el

T

2
=

g

JIJ
o)
100

1T

(a)o =4 ey

& ZDO0IC.

=
-

ZolAM= Ol

NI

24
=

PN
o

Kt

o

SBL &l A

0l
Ul

defiz= 0o

d ZH0IH, (a)=

& Z2100t "=

OF

CZ AN OH

b

IS)
=]

o848 MA

18 4.2.5= XMl =

S XAl

ULH.
HA

i

—_

fal
ioJ

=
-

yawO| C}.
=& 21

)=

«

pitch, (c

=3
—

(b)

roll,

& 20t dA

=
-

. =ANOIE x, vy, z0lO4

ol

-
-

-

ANOUZ x, v,

A
[

4 Z0IC.

E

A

0l =& Z240t

tE S0

Z 1

[e)
[

f

o o0l k7

I. XFO
= =

20

B 1

]

Z H0ICF.

=X
o

—£&— estimation

“10F

-15

-10

-15

-25

-35

40

Y(m)

_27_

(«/Collection @ chosun



2
4k
Dk oo SR
0 05 1 15 2 25 3
=107
2
1k
o — e e et ]
0 05 1 15 2 25
%107
1
0.5
a | ! | |
) 05 1 15 2 25
-("lD41
(b)
dg 4.2.4 9IX =8 Z21 £ X X B2

Error covarianc - Position{xyz)

Fig 4.2.4 Position estimation & error covariance

(“Collection @ chosun

Rolljdeg)
d [
L ‘ V‘H‘ r
el L '
i1 J ﬂ
" '| ¢
:I;F,.. i
bl H
it | |
1] I:II'S :I 1I'5 2 25
104
(a)
- 28 -



Y. T PR TR TR T - T S S

D3 1 1.5 2 25

i
108
(b)
- Yaw(deg) _u-im-llm
b B -
ma | |.
N A | \u
qypE
-m‘ﬂ [:IIE Il |j5 :.; 2‘5 -;-
« 10"

(“)Collection @ chosun

(c)
O8 4.2.5 JAl =3 210
Fig 4.2.5 Attitude estimation
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Fig 4.2.7 Angular velocity estimation
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