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Visual Assisted IMU Odometer Using Multi-State
Constrained Kalman Filter and Tri-focal Tensor Geometry

Student : Ming-Yuan Chen Advisor : Dr. Jwu-Sheng Hu

Institute of Electrical Control Engineering
National Chiao Tung University

Abstract

This thesis presents an odometer architecture which combines a monocular camera and
an inertial measurement unit (IMU). Due to error accumulation problem, it is very hard to get
reliable result by only using the IMU, therefore there is a need to fuse the information with
other sensors. In this dissertation, a monocular camera and an IIMU are used for sensor fusion.
By using the information of the camera, the error of IMU can be effectively constrained, so
that the IMU can provide real scale.

In this dissertation, the trifocal tensor geometry relationship between three images is
used as camera measurement information, which makes the proposed method without
estimating the 3D paosition of feature point. In other words, the proposed method does not
have to reconstruct environment. Meanwhile, the camera pose corresponding to each of the
three images are refined in filter to form a multi-state constraint Kalman filter. Consequently,
this dissertation proposes a sliding window odometry which has a balance between
computational cost and accuracy. Compared with traditional visual odometry or simultaneous
localization and mapping (SLAM) method, the proposed method not only meets the
requirement of odometer in ego-motion estimation, but also suit for real-time application.
This dissertation further proposes a random sample consensus (RANSAC) algorithm which is
based on three views geometry. The RANSAC algorithm can effectively reject feature points
which are mismatch or located on independently moving objects, thus it make the overall
algorithm capable of operating in dynamic environment. Finally, a hardware which integrates
with a monocular camera, an IMU and a GPS is implemented, and experiments are conducted

to validate the proposed method in real environment.
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2.1 %E®EL

R 4B AdF o BIR(rigid body) A B ¢ B B BB > Sr3) S ¢ § AR
AVE S o A EIE R NI ek 2 FL T R A K k& 7 g cheuler

angle f- quaternion = j* -

2.1.1 Euler angle

B ke ;N seulerangle 2R E L RE R E o U BAZ BT

IEAT RS ¥ EET S5 ST E N SUS SN O RS LT

1 0 0
R (v)=|0 cosy —siny (2.1)
0 siny cosy

oy W0 & R R

cosd 0O sind
R, (9) B (] s 0 (2.2)
—sin@ 0 cos@

o F TR kR RS

cos¢g sing O
R,(#)=|sing cos¢g O (2.3)
0 0 1

o e R(w)  R(O) R (¢) 7 ridhrl 2@ ¢ chiz g & & > e S e enjpf &
FOE G OAHEE o B AR R gh¥Y RS R g F TA R o ¥ R E LR x

By oo B 2B TR R S



R=R.(¢)R, (O)R, (v)
COS@Ccos¢ SinysSin@cos¢g—Ccosy Sing CoSy Sin @ cos¢ +Siny sin ¢ (2.4)
=| cosésing sinysingsing+Ccosy coS¢ COoSy Sin@sin ¢ —siny oS ¢
—siné siny cosd COSy cos@

@ eulerangle s < B 35 E_ 43t v € 3 singular sf-2) 0 E kR & R B2 OCRg e

¢ B FlvE- fE o

2.1.2 Quaternion

Quaternion &% — f&% * &k % 77 *dg cH> 3¢ > Ap gt eulerangle At B € 6 TRI)
cos frsin S et B o quaternion ¥ & J 3| S Bicendp R &2 4p 4e 0 @ quaternion I 2 € F
singular enF25 > T PR AR BT 0 - BORE M IT AR £ 7 0 H A A A 40T

Q=a+hi+cj+dk

2.5
== "= (25)

Ho {a,b,c,d} 5§ #k > = Z_unit quaternion 3 » 2 % Ka®+b’+c’+d* =1 & F I

*4E Pl 2 (i, oK) GdeT

ij=—ji=k
jk=—Kkj=i (2.6)
ki=—1k=]
B0 Feom e g o BQ g IR (bi+cj+dk )M e & 075 Fy i
a
- la| |b
-/ a)- @)
q C
d

FALT- L Rargue gashar i £ & 0 0 4% quaternion ¥ £ 7 5 [11] ¢

q=| 2 (2.8)



@ 7 unit quaternion B T o ¥ § X v £ X'¥ * T 7|40 quaternion rotation

operator % 1 :
X'=g®X®4" x'=R(q)x (2.9)
#¢ x=[0 x]T ; § % conjugated quaternion ; ® % quaternion product » § fr® T %

IS

q —[ ? } (2.10)
_q '

A, =& +bi+c.j # dk
@:a2 +h,i+cC,j+d.k
0, ®q, =(a +bi+c,j+dk)(a, +b,i+Cyj+dk)
A&, _blbz -GG, _dle
a1b2 +b1a2 +C1d2 -dlcz
s &G, _b1d2 +Ga, + d1b2
a1d2 +b1C2 _Clbz +d1a2

(2.11)

11# (2.10)5 Fr(2.11)58 & #7E L (2.9)58 7 @ R(Q) &

2% p? e’ 202\ 2(be~ad) 2(bd +ac)
R@=| 2(bc+ad) a’-b>+c*-d*> _2(cb—ab)
2(bd =ac) 2(cd +ab) . a*=b*—c* +d?

2(a2+b2)—1 2(bc—ad)  2(bd +ac)
=| 2(bc+ad) 2(a’+c’)-1 2(cb-ab) (2.12)
2(bd—ac)  2(cd +ab) 2(a2+d2)—1

= (2a® -1)1,+2qq" +2a| qx]

H2e
100 b> bc bd 0 —-d c
I,=|0 1 0f, qg'=|bc ¢* cd| |gx|=ld 0 -b| (213)
0 01 bd cd d? < b 0

[qx] % skew-symmetric matrix » 7 % % <5 ¢k ff o



2.2 JHW 1

w2 T AT PR EARE Y R AR 4t T R0 18 6503 (pinhole camera model)

[12] # = § 3@ §K-= ‘a7 B A% & R 15 4R35 B2/ (perspective projective)# 823 = -t

-

oo deFig2-1477 » - BT e AT AT A EEG Z=fTiF T » ¥¥

MR AB P o iT 5 H gk o

Fig. 2-1 &3 38’ 18 ] = fom . W)

B¢ C % #&R 4+ & 2h(focal point) ~ P % A gk(principal point) ~ | = #iT & ~f %

= K §E
(focal length) » %445 B2 To = g B AEM=[X Y Z] BEIRGTe Z=121
RPRAR I AR RV F L
m =[u vf:[ﬁf fXT (2.14)
Z Z

i Pe_homogeneous coordinate _& > ¥ #-(2.14);8 & 7 2 TR TR

X
u] [IX] [f 0 0 0
N m Y ~
m:s{l}:s vi=lfYy|=|0 f 0 O 5 =PM (2.15)
1] [z] 0o 010
1
M=[x v z 1] =[m" 1] (2.16)
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m=[u V]T:[f§+u0 f%+v0} (2.17)
Y
= A X
Y (Ug: Vo)
u

Fig. 2-2 % T o Bl s BB P 2 (foi i & B %

f* (2475 » 7 #(2.15) 0 H L

X
X +Zu, fo 0~u, O \

”=s{ }: Y2 a0 bkl 00 ¥ = PM (2.18)
z 0 0 1 0f,

Y -
K=0 f v,

0 0 1 (2.19)
P=K[1|0]

FARI A GG PEA By EEEAX oY G 2R ER f o f P 7 Mp

Pp B R E S KA

y
f, v, (2.20)
0
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3 Apk o doFig. 230 Fl o B RS K B g BN G

B B
n=PM=K|[I0]°M (2.21)
M = CRG CpG SM = GRCT _GRCTGpc M (2.22)
Yy E 0 1

H ¥ ORy 5 3x3abAEtL > Aop Mt B AR ARG S A AR Cp A A R R

BRI s anind o SR ¥ CpE T BB Y R R B

/J< rj’]?;(é; }:‘? ;g‘!:'é—
Too— A 3o A Rl 5 R4S e 38 3o Bic(extrinsic parameters) o 2 h 3% R BT 2

kTS

2 (2.19) 5 ik BBt P

/1 CRG : G |G\
PM_K[ 0] M K[I|0]{ . f} N .

IR

EE L 2 0 (223)5 R A SRR A 4T A T

Bk T e AR TR o



2.3 Epipolar geometry

fed A B3 R ¥ iR 4 (stereo camera) & A - BB LS B R 2E 74
e R B 3 B ¥ - f8 epipolar geometry (% @ FUFBE %> 4o Fig. 2-4 > BT FAL R

AEER T o 5 U AR kS R gl i E P [12] -

Fig. 2-4 epipolar geometry 7+ %, &l

Ble Lol 2% 5 @i e C AeCod B =8 T hB TR am, fom, Bl A B 5 =2

BERFAEEMBEEI L F T 6 hifc: =8 RFBEAREKCM 5 23 - &

M'> M85 L, 0T el im' »d 2], £RECM it > #
mmyt e g by, o @ e RAUHIM Tk qE S epipolar geometry > £ 2 I, 4
Al feeg oo Fpt | fel AR S epipolar line » @ REC.C, & | e, B ifT 5 4 4

tpete fre, o e fre, % epipole > B & hg LA Ar ], BT & + repipolar line

s ¥ v - Epipolar geometry sn#c 5 B 258 ¥ 1 d » £ C,C, ~ C,M frC,M #73} = e

epipolar plane B 4248 % ¢

C,M-(C,C,xC,M)=0 (2.24)

10



Bk e B AR R RS C, o A S C, G, B A ¥ - B R R % o

wE LM G RELIBPWCIPHTEEPC PR ER - FFEXEDIBTER

oo E AP N S ace -cE =% tinormalized > 4 My =[u, v, 1] >

m,=[u, v, 1] - Bl :

CC, =t
C,M =, (2.25)

C,M =M-C, =R, +t—t = R,

F* bR R B (2.24) 0 4T

C,M-(C,C,xC,M ) = (R, ) (txmy)=m, R (txm,)=0 (2.26)

EL vt ¥ 004 r 2 skew-symmetric matrix 6345 3%

0 =t ¢,
= o (2.27)
t, to' 0
]# (227)8 7 2 B (2.26)5¢ 3 ¢
m, R’ |_t X_' M, =M, Em, =0 (2.28)

#¢ E=R"[tx |43 « & & (essential matrix) e-d +(2.28)5% &t Bk fhk mE ©
normalized =% 3% T #rie E it % o B TR hF =% A #anormalized > + 7&.{¢» 4

BB P IS HEL K o R

m, = K™'m,
i 1 (2.29)
m,=K™m,
#(2.29) 5% % » (2.28) 5 :
m,’ Em, =m,’ K TEK'm, =m,"Fm, =0 (2.30)

#¢ F=KTEK"=KTR"|tx|K™# % A+ (Fundamental matrix) » @ Fm, 3

ky

epipolar line » F]t (2.30);% * 2 R LT 5 m, € %

11
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2.4 Trifocal tensor

Trifocal tensor £ - &t = & B B 5 B ® S UHIBE > v AT R R REE 0T
@ 5k 2 @ 3 tcepipolar geometry - e trifocal tensor ¥2 epipolar geometry # e iz =
B3t o @ 5k R fjoer epipolar geometry i FU4] % - 3R R ondF KB € % - R R o
- ERY > A = R entrifocal tensor BV 02 R o pcghz A h B R R AT R
FIPHEE A S SRR i E R T AR I P FE- 27 3 EERE D
ALAE R A2 o Trifocal tensor sh#icE A v d = AT B PRNEAZ B

PR B 43 H[12] 0 4o Fig. 2-5

Fig. 2-5 = 3 22 %R line-line-line %3 & B % [12]
Ble Lizaz@ra®e; |~ fel suimpal AP eEC ~C,frC,
PR o BRBPABGLERDT > PEPPLC -~ C,frC i i PEL L 6] 5
R=[10] - P,=[Afa,]{*P,=[B|o, ] » # ¢ A{rB 5 3x3 = | e > & a frb 4 %

%7 5 P, v P, B 0% i i column vector °

12



XimplL @t S XEPaBEPBE 2o 8l ol , 2R P aap f#

.g»

E LI L

I,'’P,X =0
1,'P,X =0 (2.31)
I,'P,X =0

M=[P'l, Pl, PI,]

| AT BT (2.32)
0_aTlemhil

=[m; m, m,]
£ M5 Ax3 | gt I (232)78 58 (231)5 7
M'X=0 (2.33)
S L b eahE X T rEa BREBE X v X, e BdaE e £
X = aX;+ BX, (2.34)
#(2.34)5% =~ (2.33)58 7 F

M =0  MTX,=0 (2.35)

F2 MT sanull space + /] 5 20 @ 12495 rank—nullity theorem > M crank + /] 5 25 #7)2
M % - & column vector & ¥ 12 d ¥ ¢t 3 i3 column vector 4 2 & k@3] > 1% i&
BB AEXR M =am,+m, - BLEM % 4 B row vector ¥ F

a=b,l, pB=-a,l, (2.36)

#-2.36)3¢ frm, =am, + fm, chld i ~ M o 3 i row vector ¥ ¥

(b,15) A"l —(a,"1,) BT,
(150, ) A"l —(1,"a, ) BT,

Il

(2.37)

13



BlLens i A EF 14T 5 !

(2.38)
=1, (b —a)l,
:|2T il
29 T =ba’-ab’  FlG
[T, L'T, LTI
I:z 1 2 T2 R2 3}3 (2.39)

:|2T [Tl T, Ts]ls
#¢ [T, T, T,] & trifocal tensorem 77 i = & (2.39)5% #7 fh e 8 = 56 85

line-line-line ¥4 & B % » @ i® 5 point-line-line ~ point=line-point {= point-point-point 7k
% > & w4 Fig. 2-6 ~ Fig. 2-7 o Fig. 2-8 #1771 o 12 F #-L 4 &5 point-line-line =¥ /& b % >

4e Fig. 2-6 #7717 > BK F - B X 7% =4 @ Fig. 2-5 cal, k> B
X, _le,l =0 (2.40)

#-(2.38) 5 £ (240)50 7 7

ileilli :Zi: 1, Tl =17 (Z X, T, j l, =0 (2.41)
(2.41)5% T 4 = &2 0 point-ling-line sh¥t s M 4 - & % 4 & point-line-point =k % -
4r Fig. 2-7 #7717 » B3k X, fo X, &4 W% &£ % Fig. 2-5 enl fel, + > P ¢
X'l =x,1,=0 (2.42)
d 3 x, fo X, 7% ¥ - B homography matrix H ik % :

X, = HX; (2.43)
#-(2.43)58 1~ (242)58 7 7

T

Xl =(Hx) 1, =x"H"l,=0 (2.44)

14



Fpe e @ L =H B x> @ HT 7 d (2.38)5% & # 5] :

17T,
HT =| LT, (2.45)
|2TT3
AIH 5
H=[T"l, T,I, T, (2.46)

B #(2.46) 7%~ (2.43) 58 ¥ {8 = 3% B ¥ point-line-point e%t BB (2 0 4o

X, = Hx, = [TlTI2 Tl T3TI2] & (Z X, T, j 1, (2.47)

£ 18 % J& point-point-point ef# % > 4r Fig. 2-8 #7177 » BER J X, v Z & - By, 5 £(2.47)

%

SOl LT AR
l, =%, xy, = sz x_l Y2 (2.48)
RIEE S SN R RN

(%ex%) =([ X% %) = X% %]= 0, (2.49)

(2.4T) 5 &~ (2.49) 8

.

X, | Xy % |= HZ x, T ] Iz} LEEL (Z X, T, j|_x3 x|=0,  (2.50)

#(2.48) 58 % » (2.50)3¢ :
(ERITAND R 3 PRIEATPRY b 3y PR M

gty B e d- g oA |, 2 E R - FE i X, A F 50N oy, &M R

[ %, XJ(Z XyT, )Lxg x | =044 (2.52)

15



i trifocal tensor = R LR A e en¥t R R R
Line-line-line :
I1T = IzT [Tl T, Ts]ls (2.53)

Point-line-line :

' (Z Xy T ] l,=0 (2.54)

Point-line-point :

Xg = (Z Xy T, j 1, (2.55)

Point-point-point :

[ %, XJ(Z X,T, ]Lxs x]=0,4 (2.56)

Fig. 2-6 = 3 3 1% point-line-line &% i B % [12]

16



Fig. 2-8 = 5 814 ® point-point-point ¥4 & i % [12]

17



R EUBE AL SRR ERE

31 FRERERE EHF S 251

ot Ry LY R RRIER Y o g R R R Tk i
(dead-reckoning) » F]pt & JF 4 RERIFRAE R FTREZ 2/ T RHETV R F

> Az (Kinematic) » g £ £ Ard RE R RPEZRIFTAAL B 5 a, fro, » 40T
a, =R"(°, )(%a+°g)+Db, +n, (3.1)
0, = 'w+bg +n, (3.2)

e oq sl

Ik

RIE fv BORAR & T eRdg & & Hquaternion 4 7 3% 0 R(°G,) 5 #
e Ca i st R Cg R £4 2w b feb, A |G doE R {ofe 1R & 70 bias
' % 2% B 5 n JFeng 2wl G ek Relad RepB Rlje 0 TR A F L T I0E

% % e Gaussian distribution - @ * KGR RIEE ke - K g Z v AE R A

i behim B R AR VB RILE S hbiasy £ xaH

sy JrTF oL

=
o=

:I:GpIT g oy b," bgT]T (3.3)

BKIE 12 B 5 ¥ <0 bias E_random walk process » ¥ d 27 2 E Gaussian distribution

SPREI N, frn, “TERE > PIRYR A F 0 RN T @ H R E AT

p o (3.4)
o _%Q(nw)sql :%Gq, ®'® (3.5)
oy, = a (3.6)
G = 3.7)



(3.8)

ol e

@=|, (3.10)
(0]

(3.4):% 2 (3.8): ¥ AL 5 1f B B B ehtrue state kinematic » o *t A A2 ¢ o fF I E R
KEOREE TR A BIRGE 50 & Mgk BREAR M E R HF K[13]

[14] » #-true state 12 = 3 5L nominal state =] 35t error state % 7+ » 4o

°p =SByt 5B (3.11)
°G,= %0, ®09 (3.12)
v, =V, +°V, (3.13)
b,=b,+b, (3.14)
b, =b, +b, (3.15)
H24
1
5q = 3.16
q % °50, (3.16)

. Ga _G&Z G
m

p, €0, ~°V, b, feb, 4 % nominal state; © p, ~ 56, ~ ©V, ~ b, feb, 43 error state «

19



3.1.1 Nominal state kinematic

d AN, ~ ng s on, fon, T IRE E BIR L F 0 F]t H-true state kinematic B~ £

=

E A SRR R > & 7 7] nominal state kinematic » 4o

°p, =V, (3.17)
Gi_l AGL_EGL ~ 3.18
q, = Q(w) q = 0 Qw (3.18)

2 2
6y, = R(Ga, )é—Gg (3.19)
b,=0,, (3.20)
59 =0, (3.21)

He o,

d=a_-b, (3.22)
& = @, — b, (3.23)

3.1.2 Error state kinematic

= K e error state kinematic 4o ¢

°p, =V, (3.24)

°50, =—| @x |°50, —b, —n, (3.25)

v, =—R(°q, )| 4x°s0, -R(°G, )b, —R(°G, )n, (3.26)
b, =n,, (3.27)

b, =y, (3.28)

20



(3.24)5% ~ (3.27)5% 4+(3.28);* ¥ d true state kinematic /2 nominal state kinematic ¥ 3| »
M (3.25);8 1w(3.26) 5% 7 & E ¢t ende o 0T A e E(3.25)50 > ﬁﬁ{é B 0 error state

kKinematic » 7 L 4 &3¢ & herror om 3 -

Sw=-b,—n, (3.29)
Bl & i B cotrue state'w ¥ £ 7 5 ¢
'o=0+5w (3.30)
#3.12)5 £ » (35) 7 @
- A A _ 2 - 1o _
“4,=(°0, ©40)=°q, @47+ G, ©54 =20, ®'® (3.31)
S - 1o b A — T 04 2 2 _
Gq,®5q:EG,®'w—Gq,®5q:§(Gq,®'w—Gq,®w®§q) (3.32)

1, IS
=2 (070 'a-0®5)
0 o' AT
-3 A |ad (339)
2 Iw —LIWXJ (1)) wa
2 )\ o
L Lecdl—ce
2 (Iw—é)) —L('w+fa)><J
#3.30)5¢  » (3.33)54 ¥ ¥
5;_1_0 00’ _5_
72| 50 | (20 +5w)x | k
1_0 —So' ] 1
"2 . g (3.34)
2|60 —|(20+50)x] > 50,
1 TG
_l _5560 §0|
K S| x| °50, —=| S |°50
| 2 |

21



Bk 6w’ °60, 4| Swx %60, 7 11T E F 0 @ 5 B

si<|1. |- 10 = ° (3.35)
3‘355'” Eeé‘él 2| sw—| dx|°56, '

%50, 5
©50, =—| @x|°50, + e (3.36)

#-(3.29) ;% % ~ (3.36);4 ¥ ¥ & B s error state kinematic » 4(3.25) 7% o 3 ¥ 45 ¥ (3.26) ;¢ -

3 yj&{ﬂ R 0 error state Kinematic » 5 £ 4 4vi# & eherror da i
Rl+4ci# B entrue state a, ¥ & 7 & -
a, =R(°q, )(a+0a) (3.38)

#3.13) 4 10(3.38) 34 & » (3.6)58 ¥ /@ :

°V, +° ¥, =R(°q, )(a+sa)-°g (3.39)
#3.19)5% 4 » (3.39)58 ¥ ¥ :
R(Gﬁ,)a+6 v, =R(°q, )(4+5a) (3.40)

4+ 0, =0, @57 » i %00, M| HIR(5q )7 g
R(°a,)=R(°G, )(1+| 50, %) (3.41)
#-(3.41)58 & » (3.40)5 7 (¥
R(°G,)a+° ¥, =R(°q, )(1+] °90, x |)(a+0a) (3.42)
A i%ﬁﬂR(Gﬁ,)é W H o 2| %00, x [sa T it i F o Bl
5y, =—R(GaI )\_éx_| ©50), +R(Ga, )sa (3.43)

#3.37)5% i~ ~ (3.43);\ ¥ ¥ 1 A& «herror state kinematic » 43¢ (3.26) °

22



32 RRIFHRE >

321 #EBELD

o
Wi

WA chie g w [15]e07 2 > H 244 &k p [16] > [15][16]: 2 4 & 2 4
% R AR R 2B S R T R T D R P 30 R s e A R

FIFAST o M R e XY T & Al L (e Fig.o 3-1) 0 Flt el ek B

PR EPPEG P DR T TR RN

X X
u v y X X
v[=4K[R t] y =K[r.r,r, t 0 =AK[r, r, tliY |=H|Y | (344)
1 2 1 1 1

hy, h, h,
H=JK[r, r, t]=[h, hy h]=|h, h, hy, (3.45)

h31 h32 h33
H % 1245 - B scale factor A #f %_% r3x3 homography matrix » = ),%_P FELET

v SR H [16] -

Fig. 3-1 e fr &2 Ji ik )k Tk

FI* iz g e R & _F_orthonormal matrix g4 > ¥ 0 EF B0 T & iERE TSN

h'KTKh, =0 (3.46)

23



hKTK™h =h, TKTK™?h, (3.47)
(3.46) 5 % *zd&«&"L «hr column vector i ¢ 3 dp -3 HIEE 0 (3.47)5% % column vector &

B5 L g o d 20(3.46)7 fr(347) ¢ 5 & KTK™ » Fpt £ Ade

Ar A A
A=IKTK®=|A, A, A, (3.48)
A Ay Ay

1 #* A E_symmetric matrix s} > #-A 1 - % 6x1 59 column vector 4 it :

a=[A, A, A Ay Ay A (3.49)
F]#t &4 T _homography matrix. H 24 % (3.46) ;% F=(3.47)5% & B ix 27 > 7 00 (B 301 T R

2\ .
A

Ve =0 3.50
(\/11_\/12)T = ( )

=[h1|hl, hh,  +hyh; by hgho+hih hoh,, +hyhy haih3j:|T (3.51)

h=[h; hy h3i] % homography matrix H 1% i column vector - 3% 5 n % & i

#-3.50);" & B 3 fpv (B
Va=0 (3.52)
‘2‘ ’—TF'KiV g-}ia-anG 23_ }:_—k‘l‘ 2V T\IE’#;\IL"FB» am‘zﬁ‘—'“"k}_ﬁ;” &

Fiefdats  ZEGA)NFI M TH AN EEBPBPN INLEKK

a ¢ U
K=10 B8 v, (3.53)
0 0 1
= (A12 A —AA, )/( AA, - A122) (3.54)
= %3_['A&23+V0(A12A13_A11A23)]/A11 (3.55)

24



a=Ji/A, (3.56)

B =P/ (Auhen — A7) (357)

c=—A,a’p/A (3.58)
U, = v, /a— A’ A (3.59)

- L REEP A I SEE > RED N Sl E L RE S e Bt T D T

R=[oK'™h oK™, (oK'h)x(oK™h,)] (3.60)
t=oK'h, (3.61)
=y Joh|=yoh) @)

BIP 5 0 R R 5 30 S iR B AU T 4T 3 B AR

Mg R R PR B AL REBET 0 MPfEe 2 P4 L E (L& 5 radial

Yrmb

distortion) £ g2t * JF & & #7 B 5] PR EMR LA T R A[17] 0 F LT L BARFT A B e

WF > SIS T TS N RfR o BRRAEE A B Sk

Ko =[ka ke, ks koo kel (3.63)
ARk R X~ T RBLER A B AR R Xy HELER A B S gehl TR[15] 5

u
x:{ } (3.64)

v
X, =Rd}=(l+ kgl + Kol 4+ kgl ) X+ dx (3.65)
d
r’=u?+v? (3.66)
2K ;uv+k_, (r2 + 2u2)
dx = (3.67)
K., (r2 +2V2 ) + 2k ,uv

K, 12 (3.65)5 #3185 — B E] T 2 PRILR o #erd 2R Bpleh R o LA
25



PRl i BF AR PFL I D N RE ] Sl E L P e

n m 2

> my —m(K ke, Rt M )| (3.68)

i=1 j=1
Heom 2 A% i BRIBLILET 5 BABM AT EGACE > MAL AT REF
2 B s Pkt 2l o (3.68)5% 5 - 2EAM A E L enR 48 0 ¥ 0 d Gauss-Newton &
Levenberg-Marquardt i# & i 42> & B it i+ #7 5 K K, {R, b [i=1--n} 4= 4 0] 2 L3

HE DRI fE LT D] B SRS o A PE T S R B SRR SR g

5 [16] -

322 WEABHRHLEHES e B AR

KiFaws wd AR RS R R A F A FATEM G i a3
M Gaii g RARRIBEREFS FOFid =z 2RE > Flpt & 5 it 4%

PRE R RERS SRR R FILEY M XML E N G FRE - &

1

PR Bt o EUBSR R I N PR S B R R i i o Sk R iE 0 7

R R R s B R R R B e fe s e B0 02 R RIE

C

Fig.3-2 #& 4 24k 4 (C} ~ L itk (I} ~ 2 Atk i (Gl % i B Ram iz P &
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F_k

BB AS 2 R R B R T i 5k o Mirzael % 4+ 2008 & 3t 3k [18]
TRIPH SR T R ES E @ P 2 R b h R AR E K
K ehiE 42 0 B 3% ¢ * extended Kalman filter 5 5 5% & /2 i B $rw > B2 B R 0
bias ~ ek & = B B 14 17 % ik Feryk & o # {5 Kellyt % 4 4% #1222 unscented Kalman
filter i* 5 42w » ¥ 3-F 4 3 5 (%% BRLK & ek ® = 2 [19] > unscented Kalman filter %
7T 0L A3 Jacobian matrix 0 oG et § R 2R 0k S 4pdk extended Kalman
filter § #fE Zerfc aclfr BAEI - FIot b L R4 Kellyt % 4 e 2 [10] % R 4
P L R EREL DT G-

PR R M- 2 SRR DRE I R AR kSt B AR T

PP R FN O E AR S B R RER R L B BB G o
AR A B R oA BRI ER TR BT E R N FM G
bias i* 7 & ek it > @ * unscented Kalman filter i& {7 iz ip] o

l}LJ VUI*‘pI?J}:PT, VB"%X]‘%\:

:[eplr o7 °v b bgT RN GgT]T (3.69)
©p, %0, frCy, R L R RPIEE AR R ARk il VR & R e B
b, frb, & ] & 4viE R Arfe ] & e bias; 'p. frl0c A B S EFABARHOCR LB RIEE o
R i R Cgi T AR ALE AT HES 2R o
B3k s22n % Gaussian distribution » £ 57 5 T ¢
n,~N(0,6,2) n,~N(0,0.%)

N ~ N (0,0,,°) Ny ~N(0,0,°) (3.70)
~N (O,Giz)

by

Pk BT PR T s AL R B

. b -1 .
Gp|=GV| 60|=S(60|) |w GV|=R(60|)Ia_Gg
b,=n, b, =n, (3.71)

a

'be=0 '6.=0 °g=0

27



B0 R(%0) 2 AHERIEE be K B E A & R 00, e 1 S(%,) 47

euler kinematic matrix[20] » # T &4
-1 -
0, 0 sing, /cosé, cosd,/coso,
S||é, =0 cosé, —-siné, (3.72)
0, 1 sin@,sing,/cosd, cosé,sind,/coso,

AT RRDE R TR PHCE] > Rldele & 3.1 Fp bk el R4 BRI E

Pleed Ra friid ko, b

a,=R"(°0,)(®a+°g)+b,+n
m ( I)( ) a a

o ='va 4] (3.73)
Lk seen Bl AT 5
z,:h(X,CpL,)+;1i:Bj+n,
“py =R (‘0 )R"(°0,)(°pi=°p)-R" (') pec (3.74)
3 =K-“p,/z,

St

LETREFOASF I B ALY F L kamiz ¥ o
ABHT R sk < [19]3% * quaternion Sede et > Bt ¢ E v eulerangle %
i BRAETERT (%0, hymms TS i% p¥) > eulerangle ¢ $ singular sk 4%

i = euler kinematic matrix & ;238 > 2 B A F EF%RPF > VU H B BB T A T

G e N AL EATREY LRk R R AT
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323 EHWRE A

T EERBRE (832 2 B AR ERIEE 2 B RRD (53225

ﬁ. ‘g e ﬁ_l'_lpkﬁg? /T ’ ﬁg _a/n ﬁ_r_}%_]ﬁ\-” Flg 3'3 }:'Li‘ﬁ- :

1.

=

If 12 7 #L4 5 (IMU Data Extraction) : o »#1 4 #-ie (8 4 7RLPF > € 407 128 I 7 2
fo d R R o Bl L R SRR ORI AL TR R R AR ] R
BB~ 3] chde i A R KPR R E 5 a) fre) -

& 2Ly B~ (Corner Extraction) @ 4] * S 1okt F B ik FEBRI 1+ hi
BEN o BR AN EBG ARTE LR D, -

#7151 (Camera Calibration) : {1 #* & BEF2uié * & 321 g B 2 & 7 HFPBR
o h R SR BN PERAINSEK L R Sk A F R RS
3 R e

4 2.7 % 2°(Corner Re-projection) & o 3t & 3.2.2 ¥ B AP MM IHA T o

B Pt L (S RS P 30 Sl SR AP v N Sl b BEE

She
|
+
g
Ke)
-
[
S
e}
o
=
K

ﬁ?%a’ LRI R o

BB e R R %R 2 M % &2 (Camera/IMU Calibration): & * & 3.2.2 ehjF &

W
—A
Pt
I
et
Py
Eﬁ

M %4 bias %#(' p, '0c.b,.b,) -

j j | |
Capture IMU Data am » @) Camera/IMU pc ! Hc
Images Extraction 'l Calibration
al g
y N
Ci A
P,
Corner i Camera K ! kc ( Corner

Extraction Calibration

C; C; Re-projection
R., P, L

G

Fig. 3-3 o1t Az B
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33 RRIERS FH

Corke & * MR L ERILXE & % loosely

g Ap A A aE[21] 0 A

coupled { tightly coupled = L3¢ 4 » Feni R ¥ rud Fig. 3-4 N A

% loosely coupled e77% -7 > FH AL LB RIAR AR FA B2 i 5 K

EEHRHD P ELORPIBGRELE A BRARSLZFT NG A RAFLERME T Y

LHEFT o B LSRR @ 2 ARk R E B > 8 Nutzi 4 {]* PTAM
i
2112 spline fitting {- extended Kalman filter = ;% % & Bl Blen? R [23] ;

monocular SLAM[22] 1% 4 &z ip|#ER 18 % i ch e B > £ #9710 ehE fL 27 4o @ en§

e

S T

Weiss & 4 [24]4= Kneip % 4 [25]F #:41* PTAM monocular SLAM fz Bl 3#&R° 4 chZ i -

[24]£2[23] 7 Fe ciads 3t > Weiss & A 5 fI * B R enF KRG R B2 B > @ &[25]

¢ oo Kneip # A Pl EFE A 47 e iR AR A T OF BRI Lol o %’gtb

BI-BRIRG- AR RGBR2

A tightly coupled 328 1@ > @EAB L F LR BiRk BR

RIZZE PPl Bde o -

fRé o d TR RIB AR RIT AR G wREM T R T a4 A 2 - & cross-coupling

effect» @ cross-coupling effect 7 17 & ;i ¥ /2 1 Pl Fedl ¥ 5 2eeni % 0 Fp LR

30

Pogr i 12 iRk B e i [18][19]{r 5 dedrus 7 I [19][31]-[34][36]- [38][41] + 14
* tightly coupled ¢28 # > & F]pt kg < o7 MR AL o 24 17 1R A2 B G tightly
coupled % 7 K3 e o
low sample rate
feature structure ™~ 3D
]:> extraction estimation [} structure @
s and feature
- =2, Vision . 3D
association oot I moton P > extraction D structure
4 predict
predict bound feature single
A drt grror position optimized camera
position bl > carer
ﬁ h 4
MU L velocity ﬂ MU
5‘? oo [ ] postion & (nertal [\
high sample rate aritude ﬁ SBHSDFS}
(a) Loosely coupled (b) Tightly coupled
Fig. 3-4 &P B & 78 Hohs 55[21]



3.4 Visual odometry & Visual SLAM

AL 7V Pl A% E (visual odometry)fe4h 5 3¢ e pF 2 iz 22 3+ BliE = (visual SLAM) ' &_B
AR g B g%t - Visual odometry £ - f&f1* B - & 8 5 BHEIAS L BRlp A fupren
$4#5[26] - visual odometry i& % i F 5 = & Nister % X cfnh < 2744 8 » v e Lo
# i2%t wheel odometry » = Jf A RBIE R RIF R PIRIARSP g0 @ visual
SLAM ¥ 441 5 % v visual odometry 4p ¥t & 7%= % » o visual SLAM = 5 > Davison
FAFRK R H - JE S ovisual SLAM[28] £ £ H 5 mono SLAM- & 7 fZ 4 mono
SLAM ¥ 0 3 gl 2 8 it 9733 & R R iR a0k 42 Civera & £ # 1117 inverse depth
fo it FF ke 5N [29] 0 @ {6 Civera & 4 £ 3& 1112 1-point RANSAC 17 ;4 ko ",ﬁ% 7 iF
* endE i 2h[30] - Visual odometry 22 visual SLAM =4 £ |4 & 35 visual odometry ¥ & »t
poARP R o S d T RpHEE S T ¢ §3 Bl S B 40 A visual SLAM B ¥ £
iE 2 e Bl A B¢ 2o d 3t visual SLAM fiE 2 b R0 - R E SiE R R

Bt o 2 v ¢ joloop closure B RIGFAE o A 0 & PRI A2 R F o A L

F_

gLt iz Rl Flgt -1 visual odometry =07 3tk B AR JE R e

3.5 Vision-aided inertial odometry

& fn 4 Davison % 4 cimono SLAM » & #-ff 42 8 IR 2 H g & o> BB L

7 £#-mono SLAM ¥ &8 4818 §° 17 #7 3K shconstant velocity = g (8 Bl R o
Fds A PR [31] 0 &tk mwzf . & - i tightly coupled ;% st RIF e & 2 45 0 e 20
SLAM = s eni®is > v Ak Baph P ¢ FH M- A7 > T gL TA
B R AE (1) fp Bk #Fpegbanz g B = % F4% > Gaussian distribution 5 (2) 4 3 fixgk

BERSPF A BARE EAPT R @ AR &R

=

A - § WL 1y

MR RE BEAT RS p AU R > MouriKis # A 48 3 Aimid

W

b R T

BBz Ay B e 2[32] 0 ¥ PR B B LTS g

RG

NS
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ok BEPIL AR I Jak Bk P RS E 0 least-square (7 3N 15 R4 ik Ehen

AR LR A R A RPN BPEEBEI AT EDSOE
#-3) o ;ﬁ — 1# multi-state constraint Kalman filter(MSCKF) » @ i& i {72 §_>

Aty oA P8 T graosliding window 3¢ visual odometry » 2_ {8 Mingyang % <
# A F - 87 583 5 Jacobian matrix % #& 2 MSCKF e # & [33]2 2 & &
EKF-SLAM ¥ MSCKF &= ;% ki 5| & ig it 8 & £ [34] -

Ak MSCKF ¥ m§ e 7 5 B Rlapesh= a3 B = § e384 » w12 visual odometry
kB R U AE BT A PR Pl RO A R Ay B
B 37 WL GRFHEO BT RS 0 BAGS ¢ I FEE A P T (epipolar
geometry £ trifocal tensor) (€ 5 &R 1 A8 Bl F o 2 1’%1 #-trifocal tensor it = Kalman
filter € B B3] e 2 0k § 7 o2ig 2 3] Ying-Kin £ 4 2 2006 £ 4% ) chie * B - 345
i visual odometry[35] » 12 trifocal tensor e B it 5 & Pl 4p #& F ¢ * epipolar geometry

it

P Hc ) [36]-[38] e04F reu e ®t o trifocal tensor it #& -— R ML B2 R o @ Az (8

w

Yz SRR AR S PR L £ 7 R RIEBRALT 00 2 L e

It

AR [39] ~ R SR ERIAE[40]> B - WP ARG L ERIKE[41]- A
A Ir Lk orie 2 MSCKF ¢ ik Bk fi st i SR RS B
(epipolar geometry ¢ trifocal tensor) it % R4 H g ip| 7 3t > ;ﬁ PN FEERE O

sliding window ;% 8 — #E8 et R HLRIARE » U T M mmp H ) F o
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3.5.1 Multi-state constraint Kalman filter

PR E R A RSP RS RRIFEERAE AR R AR AT AT H oA R L
Bk AR RIEE 4~ deehbody frame o 7 A gk Bepk ¢ > ¢ 2§ THREZRE
Bk i (ded 31)8 0 A kPG R O LR EE iR fod o B F Kk
F ek 4ol & 3.1 #7if > & % nominal state {- error state > 4 B[40

® Nominal state :
% =[fu 07 %67 ©p 6] 79
% 2 (KPP, (3.76)
e ep r° q, s b - R GATHER G (2R K B & ¥ {o i h nominal state >

- G I5|2 er&IZ Bl 5 b — 3B AT H R D] e

® Error state :

%e={ Z,” (BT %50," °p. 560" | (3.77)
O R R A AR A A (3.78)
27 Cp fres0, & - RRGATHIET] 2RI EE % fog g cherror state > @

°p,fres0, Rl G - BB GATHED Do

diEd L B A BRRIFL G R AL TR TR EKC P -6, ~© Py,

1

G A Gi

p, =0 ~q, =0

b N (3.79)
© f)|2 =0 quz =0
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°p, =0 °56, =
¢ b| = Gé‘él2 =
&3 B L #TFF > nominal state X, 1 * f 122 B &

(3.80)

£ % nominal state kinematic(4r &~ 3.1.1)f~

(3.79)5% » & * 4-th order Runge Kutta ;2 X { #7 > @ error state X, e { 74T

IMU
I 03><3 03><3 I 3 03><3
0;.3 - L‘b XJ 0.5 0.5
Fc — 03><3 (qu )'_éXJ 03><3 _R(qu
03><3 03x3 O3><3 03><3
03><3 03><3 O3><3 03><3
012><3 O12><3 012><3 012><3
i 03><3 03><3 03><3 03><3 ]
ol 3 03><3 3x3 O3><3
Gc i O3><3 -R ( i C_h ) 03><3 03><3
03><3 03x3 I 3 03><3
03><3 03><3 03><3 I 8
012><3 012><3 012><3 O12><3 B
12 Taylor series #-F, #iciz it 5 ¥ 8.
F, =exp(F.At)=1,, + FAt+

nIMU

il F2At +
2!

3x12

3x12

3x12

3x12

O O O O O

3x12

(=)

12x12 |

(3.81)

(3.82)

(3.83)

(3.84)

& 15 Fy e BRI T g e hR & element £ § £ A7 1 2 far g i[24] 0 Flet iR

3 ERTNT o FEE G

i |3 ¢12

03><3 ¢22

F = 03><3 ¢32
“710,, O

3x3 3x3

03><3 03><3

012><3 012><3

dle ¢14
03><3 03><3
I 3 ¢34
03><3 I 3
03><3 03><3
012><3 012><3

34

(3.85)



=At-1

w

¢13
b, G )= (3.86)
¢34

@]
@
Eell
SN—

>

—

B3k |o| >0 41* L'Hospital's Rule » ¥ 7 &, ~ &), ~ &;, ~ D; ~ By {r D, 1T 025 -
G4 A 1 2 1 A 3 1 A 2 4
D, :R( q,)LaxJ —EAt -|3+5waJAt _meXJ At
. 1, .
D, =1, —waJAtJraLa)xJz At

PN ydt L.
@, R(Gq)|_a><_|(—At-I3+z|_wx_|At2—§|_wa2At3J

(3.87)
() :R(Ga)LéxJ 1At3-| —lté)x_lAt4+£Lc?)xJ2At5
o ' 3! i 51
l N 2 1 A 2 3
D, =—At- 1, +5wajm _EL“’XJ At
_ 62 \| 4 1 . | . ad' N | =
4535 ——R( ql)l_aXJ —EAt 0 3+al_wx_'At —ZL(UXJ At
£ Q, & i ¥ pF I T &hsystem noise covariance matrix
ng y Use Uz Oss
0] o 0] 0)
Qc =n n v 8 3x3 a 3 3x3 3x3 (388)
i 0.5 Ozs Gbaz 1y Os5
055 055 0,5 O—bgz -y
B #-Q Bt a7 #Q, 5 ¢
Q =[ Fi(r)G.QG.F,(7) dr
_an Quz Qus Que Quis  Osgp ]
Quzi Quzz Quzs 03 Quzs  Opyy
_ Quar Quzz Quzs Quas Quzs  Oagp (3.89)
Quar O35 Quss Quas O3 Opyp
Qusi Qusz Quss O3 Quss  Ozgp
_012><3 012><3 012><3 012><3 012><3 012><l2 n
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#H P QuEL S element 344 Appendix - @ § 7 FyfrQq & » ¥ 13- & error state

covariance matrix P, #3EiR| { AT5¢ 5

Pk = Fa Pk—]kaleT +Qq (3.90)

# % 11 * epipolar geometry f- trifocal tensor ¥ 5 gt % SLen & RIHCR] o B3R % 0 B F A

Bz SRP R R EM %5 (mym,m,} 0 RIZRIEZ 5
sz R12T I_tlz XJ m,
Z, :h(xk,{ml,mz,ms}i): My Ry, |ty x |, (3.91)
K ZmluTulez
X, =g (X% )
m =K'm, =~ m,=K"m, m, = K™'m,
AT
R, =R qul (G P, 7 pll)
(3.92)

Iz i (Iez ) _Iel’ _mzulez + mZVIel )T R12T |_t12 XJ ml = (Iel’ Iez ) Ie3 )T

~ = ) T
m, = (mzu’mzwl)
H ¢ x, & truestate’ 4| * ‘nominal state {= error state 345 (3.11)5% % (3.15) 5% #7417 s &

T, % trifocal tensor e% 77 % > 4(2.38)5% 5 K & R o 30 Sl o d At § PR

A8 R LA g Fet % sigma-point 97 3% sk g R AT 0§ A% error state

covariance matrix # # sigma points » 4T :

)Z:(\k—l =07 =0
XL\H=+( (L+/1)Pk‘k_l)l =1L (3.93)
)Z'k‘k&:_( (L+/1)Pk‘“)|_L l=L+1---,2L

B LSRG K A o hinBocase T 0 L3 273 ( (L+/1)Pk‘k_1) 5 (L+2)Py 0
i
RO FEFE (L+/1)Pk“<_1 1T = 2% d Cholesky decomposition {8 ] o 3% % #-2
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sigma point Xk‘k LR BRIEEAY > VEHREPERIEZ S

i

z! = h(g(kk‘k 1 X 1) {ml,mz,m3}i) (3.94)

1%z 3 B3Rl en® Bl B 2, {ev = covariance matrix P,

5 :iw;zi' (3.95)
=0
P,. =|22L:Wg (z-2)(z! -1, )T +R (3.96)
=0
N Liﬁ CO_Li +(1—a +ﬁ’)
W =W :ﬁ (3.97)

/”t=a2(L+K)—L

H ¢ R 5 £ Pl chcovariance matrix > Bk & ¥ & B [ @ {ek 4 2_sigma points 4

*HE S RIS X AT B o Bk i fr £ P E 65 cross covariance matrix :

2L
:Z ( k-1~ 27><1)(Zil_2i) (3.98)
fi* P, fo P, ++ & Kalman gain K,

K, =P, PZZ (3.99)

4% 2% e Kalman filter 3¢+ > #-jk f& &8 error covariance # g B { #7 :

0
Xk = Xgpa + Ky (z-2) z=|0 (3.100)
m
Pk\k = Pk\k 45— KeP Ky ! (3.101)
€5

RILATES > 41% %, 2 & nominal state 7] %, > #&F & 0 FAFpA FORES 7@

g

D 5 B Yo A R o1 ' a2p B 4 G A ‘GL‘G.., G 9 G A
FEBEE RS BDL LD WL EIE S RIS D, 7, 0P, 000, 0D,

Ga' »° plz «freé‘glzﬁ’»ill > @ © ﬁlz ’ Galz *© ﬁlz *eré‘alz " Gp| A Gﬁ. - © P, 'freé‘alﬁkﬂ ’
37



. 1% ¢z error covariance 4T

I 7 O7><9 07><7 07><7
0 | 0 0
Xk — Ix7 9%x9 9x7 Ix7 Xk :Tn Xk
0 0 0 I
=7 7x9 =7 =7
L I <7 O7><9 07><7 O7><7 n
I 6x6 06><9 06><6 06><6
N Ogs lowo Ogs 0o |- N
K= 0 9 B0 PR =T.X, (3.102)
0 0 0 I ¢
6x6 6x9 6x6 6x6
I 6x6 06><9 06><6 O6><6
T
Py = T.PyT.

3.5.2 RANSAC

ERRARTARE 0 @R F L B R M R AR R R P - 3R -
R RFHHEM Gs - 5 R  RE RS G
i P e b T @ - R S R TR TR A A A R A TR AT
B H - ROEE A 2R P2 T AR o gk 3 i Rl en™ 2 # s RANSAC (RANdom
SAmple Consensus) 3 & = At i@ # a3 j& 2 = o = 4 RANSAC it 2 5 L% 3+ ¥
131 $-f(model parameter) #f 3 el > TR BE R A 2 LI A S iR

(hypotheses) » hypotheses = #ic# =

it | u ), (3.103)

e = log (1—(1— g)m)

HemiGRArg b TALBECD ;5 p A A D enFoR Y Linlier e S 5 £ 5 &

SE TR outlier vt HI[30] o 2 F A F BERT 0 A1* BRT I RSB E B
& enF AL BLE P (inlier) > B {8 02 & % inlier > » ’T} Bk - R 2B R E R T
RANSAC thi & 24 5 h— ¥FA G 2 B8 E e mFplah? » v ¢ EJH P &5 7

—-

T2 @ 2 AT %0 T RF BB ERETI EFS CE DT

=
:%E
S

B 5% - RANSAC i & iz e qja bl4e Fig. 3-5 0 d *t M n AP 7 hinlier > Fpt %

FRRESELGE I ERR
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Fig. 3-5 ™ RANSAC ;% & i# i+ % e £
~#% <~ 4 Kalman filter » # * RANSAC ;& & /2 (4240 1-Point RANSAC
EKF[30]- #& » fimik B8R AT9 > & F L PE D inlier o inlier enpes = 72 5 0 f L

PN T (my,m,,m, ) e E - e R R B en R R AT 2R

i

T

e

B L
B BRI A7 2 L AP E inlier chi e > HFRFE R L AR R E A0 Bk
BEHEM Y 4 inlier sl B d o Rih e H LG Rl Bz R B R 0 4
HEEFUEFEP BT F - 38 BT &t o0 Eulclidean §E32 % ;i %_inlier» F)pt &

% ~ o2 trifocal tensor = 5% %A% inlier > 4- T

} Inliers

{m,,m,,m, < threshold ¢ (3.104)

m, — K(Zrﬁli'l'fjlz

(. o ‘

(3.104) 5% eap & & 1 * trifocal tensor f % = 58 F2 Mt A7 s Blend pkBE 1 F 8 o f %

l“‘b

Flentpk =¥ 35 A4 4 & T o+ arEulclidean JEgr % 4 inlier - ¢ % trifocal
tensor A_fe B3R #F AL S AEET ArdE O R enRf TR o T I o482 V-2 inlier » F
ek 1#“? ENBB S R R EEMFE 2 AR ORBET 0 T AR o
B TR R B R inlier £ 0 £ £ ATASHBM T {my,m,, m,} SERPE - ko

z_inlier » & 18 G305 4 inlier e B R M B B ajp ik BE R AT o
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353 EWPALRFE

Algorithm: Visual Assisted IMU Odometer Using Multi-State Constrained Kalman Filter
and Tri-focal Tensor Geometry

1 Initialize %,,, Py, and %,

2 for k=1,--- do
{ Time update }

o = 0y74

3 Compute F, and Q, by equation (3.85) and (3.89)
4 %%% Propagate error state and error covariance %%%
5 )~(k\k—l =047
6 Peks = Fa Pk—l\k—leT +Qy
7 Use 4-th order Runge Kutta method to predict Ry 1
{ Measurement update }
8 if New image then
9 Extract feature points {m,}.
10 Match feature points in last three images to get correspondences {m,,m,,m,}.
11 Use RANSAC to find inliers
12 %%% Generate sigma-points and predict measurement %%%
13 X L\k—l =054 i( (L + A) Pk\k—l )I
14 ZiI :h(g(kk\k—l’XL\k—l)’{ml'mZ’mfi}i)
2L
15 7, =Y W,Z;
1=0

16 %%% update error state and error covariance %%%

2L
17 P, =2 W (Z/=2)(z -2) +R

1=0

2 T
18 szi = ZWCI (X L\k—l _Ozm)(zil oy )

1=0
19 K,=P,P,,"
20 )N(k\k - )N(k\k—l +K, (Zi - 2i)
21 Pk\k = Pk\k—l KPP, K
22 Use %, to correct nominal state estimate and then obtain Ry
23 %%% Replace old state by current pose and revise error covariance %%%
24 X =T X % =TX,, Pk\k =T, Pk\kTeT
25 end if
26 end for
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41 AR R

LA AR o d YILET S iBB4E R L 5| (Field Programmable Gate Array, FPGA)
Y S EATRBA WA X 53 &an~$¥ﬁk“§%ﬁmﬁ”’”1
fERPEEE Ak ARG 2 g A T A v L FPGA BB AR

R E SR EREE e GPS FL e o A kBRILG FHE R ML FE

® EWS - BIEERIEE fo GPS R B T AL L fok A2t it

Fig. 4-1 cameleon *F @&

S0 HE B ATE enpE > A3k 2 optomotive = 7 IR T - £ 4151 5 cameleon

1 FPGA camera & A #> k& & 1§ 12 £ B & {v GPS-Cameleon e " & 484 Fig. 4-1 >
RN *f#—‘/v\ % FPGA # e 483 77 30e | & FPGA # freile > v
$# * Xilinx Spartan-3E XC3S1600E & FPGA i i85 ~ mJg2 il 2 % B4 ehfr o o
XC3S1600E £ 3 376 i 1/O %r > 14752 i slices > d >+ * FPGA p 8B 4B/ i 2
WA Y g s FPtv ¥ b * 7 64MB -7 DDR SDRAM ki3 £ if > ¥ 3
AMB Flash ¥ s cirfifp 4258 > @ 57 AA@iGZ & a2+ 2 4 Cypress FX2
USB @d & » 0t 7t > AR REARF £ 44" Z u fBRTR 7 k12
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h & g Y
'ﬁ_‘/nk__L Kr{ -

2533 ki 1% h3 iR P T KA > v # % CMOS B i B
BB > CMOS & #] B e 55 5 Aptina MTOV034 » # %.4:4c Table 4-1 0 & 3 4541 #

- B ERREFEA

Table 4-1 MTOV034 .4 £

Sensor

Type

Color

Optical format
Active Imager size
Active pixels

Pixel size

Pixel clock

Frame rate

ADC resolution
Responsivity
Dynamic range
Automatic exposure and gain control
Supply voltage

Aptina MT9V034

global shutter CMOS
mono or color

1/3-inch

4.51mm(H) x 2.88mm(V)
752H x 480V

6.0 x 6.0 um

27 MHz

64 FPS (at full resolution)
10 bit column-parallel

4.8 V/lux-sec (550nm)
>55dB linear; >110dB in HDR mode
yes, yes

3.3V

SERA AT 5 ST A 5 FPGA 245 B S 7~ IMUS 4711 2 GPS 3 4
be Fig. 42 » 11T 3 Ghiin 4 % IMU 3 45 40 GPS + ¥ -

-

~

FPGA #+ &
s N\ N
XC3S1600E FX2 USB
\ J Y,
s N\ N
SDRAM FLASH
- J y
IMU =+ & TR GPS + #
ADIS16480 MT9V034 GPS-M2

Fig. 4-2 A1 A48T 2 % 4 ]

42



411 REEREE

& IMU = 4%+ > ¢ * Analog Device # # 7 ADIS16480 >

B~ %] 5 Table 4-2 ~ Fig. 4-3 = Fig. 4-4 >

EREREC

1. #3 +Bpd }iﬁﬂ;,g\;iﬁ'lﬁ%]ﬂ: 4
[i:& },ES;EIJQ

2. piE-

RS L

3. pET A SBEHRELD
4. M e K LRRIE e TR
ERBIE G P b i AT S AR30 o F
5. i Ais 5 RIF 5 SPIlgE =
6. PHHMEF B F 5 246kHz > v IE B F

# adaptive Kalman filter % s 4v i# 2 ~ Fo 03 R {ore 4 - anp B B

R TR

ricE A R 47Tmmx44mmx 14mme T E

Sfhtcig > 3hfC IRk ~ I 4 R

%r

Ja ik B(4r Fig. 4-5) » & * ié;‘/,@*ﬁz;é? BB T g AT o

i R R AL o

X R FPGA L & H L o

AT eds fg e P s

Aot md o AR g T WS IMUGT SRR RIEE
Table 4-2 ADIS 16480 #.#% %

Sensor

Type

Size

Gyroscope
Accelerometer
Magnetometer

Dynamic angle outputs
Factory-calibrated
Communication interface
Sample rate
Programmable operation and control
Supply voltage

I/O Interface

ADIS 16480

MEMS
47 mm X 44 mm X 14 mm

+450 °/sec
+109
+2.5 gauss

triaxial,
triaxial,
triaxial,
0.1° (pitch, roll) and 0.3° (yaw) static accuracy
yes

SPI-compatible

up to 2.46kHz

yes

3.3V

3.3V LVTTL
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ADIS16480AMLZ
< AD111412.2  USA

Fig. 4-3 ADIS16480 *} @

D01 D02 DIO3 MO4 RET Voo

seu‘-mn” e ” ALARMS | m:mowgm,
e H ]
T | B
| CONTROLLER | | CALIBRATION E%IJ:E:HE:;P FINGITAL { — SPI
pressne] =
[Crewr 1 | [cwoex] -
wo H ADIS16480
_ VDDRTE
Fig. 4-4 ADIS16480 # i 7% 1 ]
’ \‘- B _T-—-—_—_-‘ N
0 A \l _ NOFIR | —.|
20— A\ - FILTERING
=y =30 I1|
2 a0 | L |
5 NN
E =50 ] l-\ ~ ﬁl o
E 80 | ||(.],. I[N J'I”i". "ll'r | n‘l; "'ll S
= _70 | H ‘lelll (I {ll |IIII |'|I||' \'. I'lfl: w'l .fl '.‘u ﬂ :n”
ARWICAR M) BT
I N
oM )
—100 ] il
0 200 400 600 800 1000 1200
FREQUENCY (Hz)

Fig. 4-5 ADIS16480 ¥ #% 3% i* M3 Jg ik B g
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4.1.2 GPS

& GPS + 45 + > 18 % picdr AL H e GPS-M2 -k > H 248 22 ¢ e w4 Table 4-3 v
Fig. 4-6 #7-7 » s ficle < -] 5 38mmx 38mmx 12mm > v & 5 14T 4FEL
1. 47 GPS - GLONASS # % %ifist - qpgen i@ * GPS ¢ GLONASS ¥ i stendic
B LT R enfEh BT B oo
2. PNEB8 B FH TR AN ORET 0 0V FaACE Tk o
3. A g % FRS232 TQE]';’;T“ v 817 FPGA » &2 H & & o
4. PHHMF G 1Hz o

A IR > R R * g GPS fre it i GPS &R R o

Table 4-3 GPS M2 . 4

GPS-M2

Type GPS+GLONASS

Size 38 mm x 38 mm x 12 mm

Horizontal position accuracy 2.5m CEP (Circular Error of Probability)
Velocity accuracy 0.1 m/sec

Time accuracy +15ns

Communication interface RS232

Sample rate 1Hz

Supply voltage 5V

1/0 Interface 3.3V LVTTL

Fig. 4-6 GPS H- 7} .
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42 JEBARFILEREE o

JOEPPBAREERIRE T AR
BehFM7 - Ro @ T3

FHEER T A

I S IR W Tty

H,

$ 50 eng | =

%o ek ik b 44 Fig. 4-7 ft7 0 i

ke #1841

P ED EPRER D o0 g AT
WA - R ERELBFFE DR TS K 2 ek
BB & el LA

EEDROE A TS AR LR

7

Program ROM ]

interrupt | o
) nput utput
MicroBlaze P PicoBlaze P
Ports Ports
PLB ) interrupt

Shift

data ready ¢

sdo [MU sdi

Register

syncclk CS

Slice
Exposure Time

J

Fig. 4-7 Camera-IMU F # 4841 & $o7¢ Rl

® Slice Exposure Time :

7 ¥ 4 A VHDL code ¥ # # multiple drive(f - fl%%] a2
B)OR AL RR KN SS RER R A G H B A 2 ROt B RA A
ERIEE PRI d P BB TR Y o B T AR 0 F 2

Pl st it 7 AT B A R

» 4 Fig. 4-8 -
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— odd T even —

>

t

Fig. 4-8 48 #1-" coift S JURLT & 5 dics s
P55 4o Fig. 4-9 > 117 L BRI AELSI AR > F 4 UL S R F o

RG> T UL B RIEE PR R RS B AR 0 5 AT

Foeng kD BRI 0 RS g R BRIEE R %W%

BE—Jul’ 13

TCH1 EDGE  .°

Fig.4-9 P W EFPREFFORFELRIEE TR FH & 5%
® IMU:
*gh e i ol 18R] X B (ADIS16480)e0 @ b5 4 5 5 SPI H A Bl
—

i — t!-FE.

18 16

Ly [y =—= I

Fig. 4-10 ADIS16480 =p* & B
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LOBYPEAPE B AN - R A A SR 2 0 pimeds it o 0t LR Rl

By &S By - BHre(syncclk)™ * ko~ IR EL kAT R EFER PR ¥ - BYP
i*(dataready)™ * k74 F e Pl A F 1% o R EPEF A 4 DL ERIE
B ELE ~ syncclk » @ caredy A 4 eUELRI L ® #5eh 5832 T PicoBlaze 0 %

40 Fig.4-11> 5 ¢ B LB ERIEE B RG> I MELL R AR o
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Table 5-1 #% s AL RIXE I F &k i Rl SR 24

Initial value Estimated value

'p. [-0.0280 0.0210 0.0220] [-0.0281 00220 0.0153]  m
'0, [90.0000 0.0000 0.0000]' [90.3986 0.4725 -1.1790]  deg
b, [0.0000 0.0000 0.0000]" [-0.0103 -0.0002 0.0107] misec"2
b, [0.0000 0.0000 0.0000] [0.3189 0.0591 -0.4641]  deg/sec
°g [0.1956 -9.8045 -0.2646]' [02759 -9.7136 0.0115]  misec’2

'pofr 'O, A el R R R R EF ] 0 Cg e dn BRI AT ri
e 8 R % ¥ Rl £ ] sh4p 4+ ENU(East North UP) frame shé & k8 3] » o 2t A~
AL I e E R E AR AR ERIE R R ARE iz > X iLg £
* )i iw 4p 5 ENU frame s B 330 o 22 i 2 Rl eiid & K30 3 3 B i3 or 18 ehl 1
ERIEE P 2 AR 0 I S e E 2 A e B R EEL R o d_ AR D AR
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50 ; Pure IMU navigation
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é 40 Stereo VO(Geiger et al. 2011)
L
04
_5 20
'Dg_ 10 /
——— g
. #r(-’
10 20 30 40 50 60 70
Time (sec)
~ 15 { {
=)
@
Z
L
n 10
E ——
c gt
@© S
€
0
5 . ,r/ —_—
10 20 30 40 50 60 70
Time (sec)

Fig. 5-11 KITTI dataset casel =2 RMSE 5 % +* #&

Table 5-2 KITTI dataset casel %548 RMSE fr 4 2h:8 £ 5 %0t fit

Algorithm Overall Overall End point End point
position RMSE | orientation RMSE | position error | orientation error

Proposed
method 4.0018 m 1.1628 deg 6.4478 m 1.0586 deg
Pure 2748 m 11.1340 deg 6009 m 9.4521 deg

IMU navigation

Monocular
VO [44] 33.9685m 7.8149 deg 67.5990 m 11.3223 deg

o 153520m  40740dey 267258 m  6.3967 deg
BL% Fig. 5-10 en%: % » ¥ 2 R pure IMU navigation i b-3 Sg ¥ 4 % 0 BB
% 4v ground truth 4p £ 224 + - j&_Fig. 5-11 4~ Table 5-2 B+ 12 {7 5= proposed method %
AR RMSE fri BLig- X cradR A 3 2530 & 2 2 4w i@ 1772 & <4 pure IMU navigation
RIGRL L AP A SR A0 AT ground truth > S R GRS IR R A0 e E & R
A ERATEFNEBFTAL T E EBLERFEATFILERATART - L 0 @

PHTARELBES R FHE A A AT T ERFTIELL ¢ o4
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Proposed method
300 7 Pure IMU navigation
— m—— Monocular VO(Geiger et al. 2011)
\E/ Stereo VO(Geiger et al. 2011)
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Fig. 5-13 KITTI dataset case2 -7 RMSE % % ' f&

Table 5-3 KITTI dataset case2 7448 RMSE fr % L2 1 & %0t i

Algorithm Overall Overall End point End point
position RMSE | orientation RMSE | position error | orientation error

Proposed
method 34.2638m  23190deg  283338m  2.4629deg
v 64.8753m  4.0528deg  147.6343m  10.2659 deg

IMU navigation

M\gg’fﬂ]&f 596.3744m  96.4882degy  704.6405m  164.5494 deg
ng[jj] 2157575 m  19.0431deg  300.1239m  27.5330 deg
d *Tig iR case H_B i BT MTER T R R Flpt v o B i ok casel 2R 5 o
A L% Fig. 5-12 chi % » ¥ 124 3L pure IMU navigation » 4p #i casel s g ¥ F3F 5
AERFIGHEEERIAE GRE-NES > ZRIFTOT TR R T T hff ook
R RS G 0 ) BB SR SRR R RIT RTERE 2
@ i ¥ monocular visual odometry 4 stereo visual odometry ¢ # pure IMU navigation % -

J¥_Fig. 5-13 §r Table 5-3 p| ¥ 12 17 & proposed method & & ' 25> & = 2 > & & 5 pl3E
61



£ ol AT s e R ¢ A Fig. 5-12 ¢ > proposed method #p #iz stereo visual odometry
{ #3172 F yup @ #-proposed method £# pure IMU navigation~monocular visual odometry
gt > TR L ek REL P2 H - RIPIB#| > % A% proposed method
SREA TR0, ¥ I 2ok B 0 RMSE & - 2 = % 0.0159 m {r

0.0011deg - % Bheni=fHfod RFLE - 2 T 4 0.0131 m4-0.0011 deg -

® Case3:

PRI E 5 3577 2% 5 M3t 4404 T L E 2922 o

Ground truth
Proposed method

48.989 Pure IMU navigation

m—— Monocular VO(Geiger et al. 2011)
Stereo VO(Geiger et al. 2011)

==

48.988

48.987

48.986

48.985

Latitude

48.984 |
48.983

48.982
\ e Schloss

]
B Riipgrr

48.981

48.98 |
8.392 8.394 8.396 8.398 8.4 8.402 8.404 8.406
Longitude

Fig. 5-14 KITTI dataset case3 45 # #Li™ 5 i) & %

62



Proposed method
300 Pure IMU navigation

— Monocular VO(Geiger et al. 2011)
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Fig. 5-15 KITTI dataset case3 7 RMSE & % 't #&

Table 5-4 KITTI dataset case3 7448 RMSE fr % L2 1 & %0t i

Algorithm Overall Overall End point End point
position RMSE | orientation RMSE | position error | orientation error

Proposed
method 16.9207m  08480deg  13.4773m  0.8194deg
Pure 6742 m 4.7723 deg 14731 m 10.0392 deg

IMU navigation

M\(;gofﬂ? ' 2112474m  148340deg  3045535m  23.7477 deg

o 73.4203m  106717deg 1189049 m  17.7305 deg
& case P AA BRI R i 3577 2 ¢ 0 AR P enARGRIN H 2 ARDRE P 8
% £ F § 4 4c 0 BB Fig. 5-14 s % » 7 124 3 pure IMU navigation » — B 457 12 1 5
TRk o L2 B F L R S % {oground truth 4p £ 24 < o j&_Fig. 5-15 {r Table
5-4 p| ¥ 1218 5o proposed method & B % 553t 4 2 2 > Ak B GIRIELEC) AT 0 F
#: ¢ 19 & Fig. 5-14 ® - proposed method #p # stereo visual odometry { 437 E 9 1§ > @

#- proposed method ¥ pure IMU navigation ~ monocular visual odometry 4p+t > ¥ 12 {8 &
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. Proposed method
- 300 Pure IMU navigation
3 == \onocular VO(Geiger et al. 2011)
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Table 5-5 XGIC #% *t F S 48 RMSE fr ¥ Bh38 4 2 % b i

Algorithm Overall End point
position RMSE | position error
Proposed
Uares 545921 m  48.9932m
Pure

IMU navigation 429.8136 m 1345 m

Monocular
VO [44] 451443 m 57.4096 m

B2 Fig. 5-18.40%% % » ¥ 1238 7 pure IMU navigation % ¥ 384 % # - B R 2% fr
ground truth #p £ 2% » fe FRA R & deid RAEA BB B L @ IR R
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¥ 4 pure IMU navigation e9s i & f° 37 &30 & 2 Al g AT - BY L T

R OF AR H R T Foah o S Fig. 5-19 {= Table 5-5 f] 7 12 {¥ % proposed method

F_‘-

9 % ¢ Ft3t monocular visual odometry » 1 & e F] 5 iz i case T oo B ¢ P
BRRY T EIT od R T wd 2 proposed method E | * deiE HAE A iRl
B < & > @ monocular visual odometry B| & 41 #* @ fefE R 8 XKL D Feng BRI WP

£RBRIC R FP @ REFEE 3V ehe S Tk ¢ B E 851 proposed method

H

34

#7187 ehfL i 7 )% % fo monocular visual odometry i % B 4piT e o F E_#- proposed

fwiplen B R OB 7 U RS k3> proposed method X FiE i R

B

S

e FrigiET o

e i i s - o 50.0223m o
66



® R
AP XGIC g L et N F A - BTGB T 0 LB E 4 5 46

o> 823084 0 T S5 FF) 1156 o o

‘ S Proposed method
8 Pure IMU navigation
} = Monocular VO(Geiger et al. 2011)
6 \ ; I\ fffff r
4 ,,,,,, — —
E 2 ,,,,,, — . S
0
2 }
u/
-4 F
-2 0 2 4 6 8

Fig. 5-20 XGIC £ % | 5 8 1o §5 #L0" 12 Jp) 2 %

Table 5-6 XGIC &% P} F 2 iz B2 BEEY (7 4 R

Proposed method

Start point [0 0 0]'m

End point [0 0 0]'m
Estlma'_[ed [02082 -0.6224 -1.0983]"m
end point

Estimated

walking distance 473566 m
AR E AT GRS TR (T > GPS g B E @ A B en s FP LG A
ground truth emi= ¥ F k3-8 =434 o PR Fig. 5-20 en % » ¥ 1 I A3 B case
= > proposed method -#_2%** monocular visual odometry > i & & F]E_F] 5 2 i ordk A en
B % 33 'L EE P sk motion model 0 #72 XGIC 7 2 g B E R aE S
PL AR R B H % R {o# & ehomonocular visual odometry - proposed method %

% §_fidd <0 o proposed method % i) s Bk % [0.2082 -0.6224 -1.0983] T > % ¢ BhAr i3 ipl
% L eh Eulclidean JE3E.5) i BF B (7 2 FEHL T 2.78% > @ 5 R en {7 R FEHR Y 5 47.3566

AR A S5 3158 e SORNY

—

&

2

B {7 i BEA 5 2.95% o
67

<



61 =7 %

Amr RN -EREHE-FBPBERLIREE SR ﬁ_%éﬁ;}. d 3t r Az ki
Fod G TERB S P T L EP R RENERT R RE N 2T AR GR
BB b 2 Y il o 4 ﬁwzﬁiaﬁéz& SUFE 0 T 0 e pEH-Z R B o WY

BFledE 8% & g B9 B 1 > 35+ = B multi state constraint Kalman filter » ]t &_

+

- B Ay E o R B8 grarsliding window s Rl AR E 0 AP Y I AR AR SV R4

ol

¥
:\"

PORIEZ A 2 AR NGO TR E R APt R PRIART K

~-.

N

F2 WA R 0 B Sk PR R R R B
A Z AL A A P enRANSAC i & 2 KPHE inlier- Ak~ FEFF (57 - EE LB -

HEREEICGPS chA # T 5 G AT 57 5 F U R b s f e ko

(i

*E‘—*m

R
R R

\v

BB RIEE F b BEF i R RP P IR EREE Ty 7

805
SN

oML LR A B TR fedr R FeH T SRR A

3@.\:
\—3
nn-

o

2l

e
W i I EPIAR B R B E ki T AL B IRA G & % % 0 12 pure IMU navigation
monocular visual odometry ~ stereo visual odometry f= & # < | f B 4p st > S & BT A&
v R AR R Ak B F AT E P JuE e @ 22 pure IMU navigation~monocular visual
odometry 4p- > S % B SER R ERE STV LEILT ek m A AHY P
Fchpl $8-L 5 B % % > 12 pure IMU navigation ~ monocular visual odometry e 4 #; <

HRIAR AR 0 bR PR RSB A AR AL e MR e drif

T 7R endn 5P % fo monocular visual odometry ik & B ApiTen o B R R %
FERPIEET MAH PPAREE TR A AL FORINT S AR RIPB R v - 2T S
B oo

68



6.2 % %E %

AP > B pcala N k@ trifocal tensor 0 e & trifocal tensor & A s
'f‘g'“‘ ’ g\]‘j MEERE 2 ¥ R B T"*;}g_éﬁ-m s Tt T Y —‘%’ )"‘a;;:'u ME K E
trifocal tensor » ~ )]J'q—\u MET LB NRRIT N > REAP R K 0 f3F 54

1= ¢

FLJPPERFT NS N AL E 2013 ICRA A 5 - FE N[4S e g 40§ 7
R E G e - 3k ARAEE DR 7 0 dpHenE ok 17 Rk B ok £ [30]

P NMUREZ LD RIS E4R - EBET L oA AU - B o

69



Appendix

Qd = .[At I:d (T)GCQCGCT I:d (T)T dr

_Qd 11 Qd 12 Qd 13 Qd 14 leS O3><12

Qd 21 Qd 22 Qd 23 O3><3 Qd 25 03><12

— Qd 31 Qd 32 Qd 33 Qd 34 Qd 35 03><12

Qd 41 03><3 Qd 43 Qd 44 03><3 03><12

Qd 51 Qd 52 Qd 53 03><3 Qd 55 O3><12
_012><3 O12><3 012><3 012><3 012><3 012><12 i

Bl ox |w b ahgog s w8 QuaEH & element fiT i G

R 1 NP -
an=%2R(un)LaXJ(—EMS"3+EL"’XJ2N7JL&XJR(GQ')

+£0'a2At3- I, +i0'bazAt5 -1,
3 20

el 1 )
_O'ngR(G(‘.],)|_a><J(2—52At7.|3 EET. 4I|_wa At jLaxJR( )

2n (G4 \| 4 1 . P4 . .

Qi = T R( q|)\_aXJ(—§AI 'Is_Ewa_lAt _ELO)X" Atj

AN A 1 s N /4
+abng(Gq,)LaxJ(—%At5-Ig—mthJAtG—7*720|_wa2At7j

Qus =0, ( )Laxj( At*-1 +—wa_‘At5+—|_ x [ At jLaxJ R( )T

+10azAt2 1, +£O'ba2At4 1
2 8

+0,° ( ql)LaxJ(—— At®-

L x | At? e 240L6)xJ2At8]LéxJR(Gﬁ, )T

1
Quu=—=0

6
leszabg ( q|)|_a><J( At*-1 ——|_w JA'[5+ |_ xJ Atj
1 N N A 2T
Qdm:GgZ(EAﬁ-Ig—EwaJAt“+El_wa2At5J|_axJR<qu)

1 1, . 11 N A AT

+0bgz(%At5-|3—meXJAt6+7X720waJ At7jLa><JR(GqI)

70




dezzagZAt'|3+Ubgz(%At3'|3+§|_66XJ2At5]
1 1, . 1, . R AT
dezz%z(aﬂz-|3—ngXJAﬁ+ﬂ\_wa2At4j|_axJR(qu)

1 1. Lia A G)

1 1,. 1, .
Qd25 = Gbgz (_EAtZ : |3 +§|_wXJAt3 _ZLG)XJZ AtAJ

QdSIZQdIST
Qua szst
AN A 1 W q AT
Qyss =—092R(Gq|)LaxJ(§At3- I3+%|_wa2At5)|_axJR(Gq,)
+0,°At- |3+%O'bazAt3- I,

2\[ 2 1 1 K A ANT
—O'bng(qu)LaXJ[z_oAts'I3+ﬂ|_wa2At7j\_ax_|R(qu)

1 ~
Quas :_Eo'bazR(G% )At2
Quss = 0 R(°G ) 4] LA @, =2 XA+ 2ok [ A
d35 — Ong q, 3l 370 51
Qd4l=le4T
Qd43=Qd34T

Quas = O-bazAt -1y

T
Qd 51— Qd15
T
stz = Qd 25
T
sta = Qd 35

Qyss = Gbngt' I,

71



[1]

[2]

[3]

[4]

[5]

[6]

[7]

Reference

H. Jwu-Sheng, T. Chin-Yuan, C. Ming-Yuan and S. Kuan-Chun, "IMU-Assisted
Monocular Visual Odometry Including the Human Walking Model for Wearable
Applications,” in Proc. of the IEEE Intl. Conf. on Robotics and Automation (ICRA),
Karlsruhe, Germany, May 6-10, 2013.

T. Chin-Yuan, C. Jian-An, and H. Jwu-Sheng, "Unscented Blind Image De-blurring
Using Camera with Inertial Measurement Unit," in Proc. of the IEEE Intl. Conf. on
Robotics and Biomimetics (ROBIO), Shenzhen, China, Dec. 12-14, 2012, pp. 2096-2101.
K. Jun-Sik, H. Myung, and T. Kanade, "“Realtime Affine-photometric KLT Feature
Tracker on GPU.in CUDA Framewaork," in Prac. of the IEEE Intl. Conf. on Computer
Vision Workshops (ICCV Workshops), Kyoto, Japan, Sep. 27-Oct. 4, 2009, pp. 886-893.
D. Kurz and S.:Ben Himane, " Inertial sensor-aligned visual feature descriptors,” in Proc.
of the IEEE Intl. Conf. on Computer Vision and Pattern Recognition (CVPR), Colorado
Springs, CO, USA, Jun. 20-25, 2011, pp. 161-166.

G. Panahandeh, N. Mohammadiha, and M. Jansson, "Ground Plane Feature Detection in
Mobile Vision-Aided Inertial Navigation," in Proc. of the IEEE/RSJ Intl. Conf. on
Intelligent Robots and Systems (IROS), Vilamoura, Algarve, Portugal, Oct. 7-12, 2012,
pp. 3607-3611.

V. Lippiello, G. Loianno, and B. Siciliano, "MAV Indoor Navigation Based on a
Closed-Form Solution for Absolute Scale Velocity Estimation Using Optical Flow and
Inertial Data," in Proc. of the IEEE Conf. on Decision and Control and European
Control Conference (CDC-ECC), Orlando, FL, USA, Dec. 12-15, 2011, pp. 3566-3571.
L. Kneip, A. Martinelli, S. Weiss, D. Scaramuzza, and R. Siegwart, "Closed-Form

Solution for Absolute Scale Velocity Determination Combining Inertial Measurements
72



and a Single Feature Correspondence,” in Proc. of the IEEE Intl. Conf. on Robotics and
Automation (ICRA), Shanghai, China, May 9-13, 2011, pp. 4546-4553.

[8] D.-S. Tue-Cuong and A. I. Mourikis, "Estimator Initialization in Vision-aided Inertial
Navigation with Unknown Camera-IMU Calibration," in Proc. of the IEEE/RSJ Intl.
Conf. on Intelligent Robots and Systems (IROS), Vilamoura, Algarve, Portugal, Oct. 7-12,
2012, pp. 1064-1071.

[9] T. Lupton and S. Sukkarieh, "Visual-Inertial-Aided Navigation for High-Dynamic
Motion in Built Environments Without Initial Conditions,” IEEE Trans. on Robotics, vol.
28, no. 1, pp. 61-76, Feb. 2012.

[10] A. Martinelli, "Vision.and IMU Data Fusion: Closed-Form Solutions for Attitude, Speed,
Absolute Scale, and Bias Determination,” IEEE Trans. on Robatics, vol. 28, no. 1, pp.
44-60, Feb. 2012.

[11] J. B. Kuipers, QUATERNIONS AND ROTATION SEQUENCES. Princeton University
Press, 1999.

[12] R. Hartley and A. Zisserman, Multiple View Geometry in computer vision, 2nd ed.
Cambridge University Press, 2008.

[13] J. Sola. (2012, Nov. 6). Quaternion kinematics for the error-state KF [Online].
Available: http://www.joansola.eu/JoanSola/objectes/notes/kinematics.pdf

[14] N. Trawny and S. I. Roumeliotis, "Indirect Kalman Filter for 3D Attitude Estimation,"
University of Minnesota, Dept. of Comp. Sci. & Eng., Tech. Rep. 2005-002, Mar. 2005.

[15] J. Y. Bouguet. (2010, Jul. 9). Camera Calibration Toolbox for Matlab [Online].
Available: http://mwww.vision.caltech.edu/bouguetj/calib_doc/

[16] Z. Zhengyou, "Flexible Camera Calibration By Viewing a Plane From Unknown
Orientations," in Proc. of the IEEE Intl. Conf. on Computer Vision (ICCV), Kerkyra,

Corfu, Greece, Sep. 20-25, 1999, pp. 666-673.

73



[17] J. Heikkila and O. Silven, "A Four-step Camera Calibration Procedure with Implicit
Image Correction," in Proc. of the IEEE Computer Society on Computer Vision and
Pattern Recognition (CVPR), San Juan, Puerto Rico, Jun. 17-19, 1997, pp. 1106-1112.

[18] F. M. Mirzaei and S. I. Roumeliotis, "A Kalman Filter-Based Algorithm for IMU-Camera
Calibration: Observability Analysis and Performance Evaluation,” IEEE Trans. on
Robotics, vol. 24, no. 5, pp. 1143-1156, Oct. 2008.

[19] J. Kellyt and G. Sukhatme, "Visual-Inertial Simultaneous Localization, Mapping and
Sensor-to-Sensor Self-Calibration,” in Proc. of the IEEE Intl. Symp. on Computational
Intelligence in Robotics and Automation (CIRA), Daejeon, Korea, Dec. 15-18, 2009, pp.
360-368.

[20] C. D. Hall. (2002). Spacecraft Attitude Dynamics and Control. Lecture Notes, Chapter 3
[Online]. Available: http://www.dept.aoe.vt.edu/~cdhall/courses/aoe4140/

[21] P. Corke, J. Lobo, and J. Dias, "An Introduction to Inertial and Visual Sensing," Intl.
Journal of Robotics Research, vol. 26, no. 6, pp. 519-535, Jun. 2007.

[22] G. Klein and D. Murray, "Parallel Tracking and Mapping for Small AR Workspaces," in
Proc. of the IEEE/ACM Intl. Symp. on Mixed and Augmented Reality (ISMAR), Nara,
Japan, Nov. 13-16, 2007, pp. 225-234.

[23] G. Nutzi, S. Weiss, D. Scaramuzza, and R. Siegwart, "Fusion of IMU and Vision for
Absolute Scale Estimation in Monocular SLAM," Journal of Intelligent & Robotic
Systems, vol. 61, no. 1-4, pp. 287-299, Jan. 2011.

[24] S. Weiss and R. Siegwart, "Real-Time Metric State Estimation for Modular
Vision-Inertial Systems,” in Proc. of the IEEE Intl. Conf. on Robotics and Automation
(ICRA), Shanghai, China, May 9-13, 2011, pp. 4531-4537.

[25] L. Kneip, S. Weiss, and R. Siegwart, "Deterministic Initialization of Metric State

Estimation Filters for Loosely-Coupled Monocular Vision-Inertial Systems," in Proc. of

74



the IEEE/RSJ Intl. Conf. on Intelligent Robots and Systems (IROS), San Francisco, CA,
USA, Sep. 25-30, 2011, pp. 2235-2241.

[26] D. Scaramuzza and F. Fraundorfer, "Visual Odometry [Tutorial],” IEEE Robotics
Automation Magazine, vol. 18, no. 4, pp. 80-92, Dec. 2011

[27] D. Nister, O. Naroditsky, and J. Bergen, "Visual Odometry,” in Proc. of the IEEE
Computer Society Conf. on Computer Vision and Pattern Recognition (CVPR), vol. 1,
Washington, DC, USA, Jun. 27-Jul. 2, 2004, pp. 652-659.

[28] A. J. Davison, I. D. Reid, N. D. Molton, and O. Stasse, "MonoSLAM: Real-Time Single
Camera SLAM," IEEE Trans. on Pattern Analysis and Machine Intelligence, vol. 29, no.
6, pp. 1052-1067, Jun. 2007.

[29] J. Civera, A. J. Davison, and J.-Montiel, "Inverse Depth Parametrization for Monocular
SLAM," IEEE Trans. on Rabotics, vol. 24, no.5, pp. 932-945, Oct. 2008.

[30] J. Civera, O. G. Grasa, A. J. Davison, and J. M. M. Montiel, "1-Point RANSAC for EKF
Filtering. Application to Real-Time Structure from Motion and Visual Odometry,"
Journal of Field Robotics, vol. 27, no. 5, pp. 609-631, Sep. 2010.

[31] P. Pinies, T. Lupton, S. Sukkarieh, and J. D. Tardos, "Inertial Aiding of Inverse Depth
SLAM using a Monocular Camera," in-Proc. of the IEEE Intl. Conf. on Robotics and
Automation (ICRA), Roma, Italy, Apr. 10-14, 2007, pp. 2797-2802.

[32] A. I. Mourikis and S. I. Roumeliotis, "A Multi-State Constraint Kalman Filter for
Vision-aided Inertial Navigation,” in Proc. of the IEEE Intl. Conf. on Robotics and
Automation (ICRA), Roma, Italy, Apr. 10-14, 2007, pp. 3565-3572.

[33] L. Mingyang and A. I. Mourikis, "Improving the Accuracy of EKF-Based Visual-Inertial
Odometry," in Proc. of the IEEE Intl. Conf. on Robotics and Automation (ICRA), St. Paul,

Minnesota, USA, May 14-18, 2012, pp. 828-835.

75



[34] L. Mingyang and A. I. Mourikis, "Vision-aided Inertial Navigation for Resource
-constrained Systems," in Proc. of the IEEE/RSJ Intl. Conf. on Intelligent Robots and
Systems (IROS), Vilamoura, Algarve, Portugal, Oct. 7-12, 2012, pp. 1057-1063.

[35] Y. Ying-Kin, W. Kin Hong, M. M. Y. Chang, and O. Siu Hang, "Recursive Camera
Motion Estimation with Trifocal Tensor," IEEE Trans. on Systems Man and Cybernetics
Part B Cybernetics, vol. 36, no. 5, pp. 1081-1090, Oct. 2006.

[36] D. D. Diel, P. DeBitetto, and S. Teller, "Epipolar Constraints for Vision-Aided Inertial
Navigation," in Proc. of the IEEE Workshops on Application of Computer Vision
(WACV/MOTIONS), vol. 2, Breckenridge, CO, USA, Jan. 5-7, 2005, pp. 221-228.

[37] D. Zachariah and M. Jansson, "Camera-aided inertial-navigation using epipolar points,"
in Proc. of the IEEE/ION Position Location and Navigation Symposium (PLANS), Indian
Wells, CA, USA, May 4-6, 2010, pp. 303-309.

[38] J. O. Nilsson, D. Zachariah, M. Jansson, and P. Handel, *Realtime implementation of
visual-aided inertial navigation using epipolar constraints,” in Proc. of the IEEE/ION
Position Location and Navigation Symposium (PLANS), Myrtle Beach, SC, USA, Apr.
23-26, 2012, pp. 711-718.

[39] B. Kitt, A. Geiger, and H. Lategahn, "Visual Odometry based on Stereo Image Sequences
with RANSAC-based Outlier Rejection Scheme," in Proc. of the IEEE Intelligent
Vehicles Symposium (1V), La Jolla, CA, USA, Jun. 21-24, 2010, pp. 486-492.

[40] E. Asadi and C. L. Bottasso, "Tightly-coupled vision-aided inertial navigation via trifocal
constraints,” in Proc. of the IEEE Intl. Conf. on Robotics and Biomimetics (ROBIO),
Shenzhen, China, Dec. 12-14, 2012, pp. 85-90.

[41] V. Indelman, P. Gurfil, E. Rivlin, and H. Rotstein, "Real-Time Vision-Aided Localization
and Navigation Based on Three-View Geometry," IEEE Trans. on Aerospace and

Electronic Systems, vol. 48, no. 3, pp. 2239-2259, Jul. 2012.

76



[42] A. Geiger, P. Lenz, and R. Urtasun, "Are we ready for Autonomous Driving? The KITTI
Vision Benchmark Suite," in Proc. of the IEEE Intl. Conf. on Computer Vision and
Pattern Recognition (CVPR), Providence, RI, USA, Jun. 16-21, 2012, pp. 3354-3361.

[43] D. G. Lowe, "Distinctive Image Features from Scale-Invariant Keypoints," Int. Journal
of Computer Vision, vol. 60, no. 2, pp. 91-110, Nov. 2004.

[44] A. Geiger, J. Ziegler, and C. Stiller, "StereoScan: Dense 3d Reconstruction in Real-time,"
in Proc. of the IEEE Intelligent Vehicles Symposium (1V), Baden-Baden, Germany, June
5-9, 2011, pp. 963-968.

[45] D. G. Kottas and S. I. Roumeliotis, “Efficient and Consistent Vision-aided Inertial
Navigation using Line Observations," in Proc. of the IEEE Intl. Conf. on Robotics and

Automation (ICRA), Karlsruhe, Germany, May 6-10, 2013.

77



