Visual Inertial Navigation
Short Tutorial

Stergios Roumeliotis

University of Minnesota
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Outline

* VINS Introduction
e IMU/Camera: Models, spatial/temporal calibration

* I[mage Processing: Feature extraction, tracking, loop closure detection
* VIO/SLAM

* MSCKF feature classification/processing
 MISCKF and its (mysterious) relation to optimization methods
* Observability and inconsistency

* Mapping
» Offline/online, centralized/distributed approaches
* Map-based updates and inconsistency

* Interesting Research Directions

[1] G.P. Huang, “Visual-inertial navigation: A concise review,” ICRA’19



Introduction

* Visual Inertial Navigation Systems (VINS) combine camera and IMU
measurements in real time to

e Determine 6 DOF position & orientation (pose)
* Create 3D map of surroundings

yaw »
\ ¢ pitch

* Applications
e Autonomous navigation, augmented/virtual reality

420 ™ LR o

* VINS advantage: IMU-camera complementary sensors -> low cost/high accuracy



IMU Model o

 IMU Measurement Model
* Gyroscope: wmn(t)="'w(t)+b,(t) +ny(t)
* Accelerometer: a,.(t)=C(ae(t))(“a(t) — “g) + b, (t) + n,(t)

* Continuous-time System Equations

1 -
T _ 4 _ _ T
(1) = 5w (1) = by(t) =y (1) a6 () PR
by (1) = Ny, (t) - orien.tation |
“or(t) = CT(laa())(@n(t) — ba(t) —na () + g %i(t) = fe(xs(t),u(t) — n(t)) 5 Engtti':: matrix
ba(t) = nuwa(l) x; = ['a§ b} “vi bl GpI]T v : Velocity
el G s :
pr(t)="vy(t) B T 1T a :Linear acceleration
- u(t) = [wn ()" an(t)’] w : Rotational velocity
b, : Accel biases
b, : Gyro biases
g : Gravity

: Gyro meas/nt noise

n, : Accel meas/nt noise
N.g: Gyro bias process noise
Nn,,q: Accel bias process noise

=
5




IMU Model

e IMU Measurement Model
* Gyroscope: wp(t) ="w(t)+by(t) +n,(t)

* Accelerometer:

* Continuous-time System Equations

IQG (t) _Q(“-’m (t) — by (t) — Iy (t))IQG (t)
by (t) = 1)

“r(t) = CT( (1)) (am(t) — ba(t) —na(t)) + “g
b (t) = nya(t)

“pr(t) =“vi(t)

* IMU Integration u

a,(t) = C(Tqa(t)(“a(t) — “g) + ba(t) +na(t)

- %;(t) = fo(xs(t), u(t) — n(t))
XI:[qu bT GyT pI' G
u(t) = [wn®)? an®)?]"

—

xr, = fa(Xr,_,  Wp—1:) + Dk

C’UJ(Xkal ’ XIJC) =

|x7, — fd(XIk,l,uk—Lk)H%Qk

* IMU Intrinsics g
* Accel/gyro scale factors & skewness
* Accel-gyro relative orientation

[1] A. I. Mourikis and S. I. Roumeliotis, “A multi-state constraint Kalman filter for vision-aided inertial navigation,”

ICRA’07

[2] M. Li, H. Yu, X. Zheng, and A. |. Mourikis, “High-fidelity sensor modeling and calibration in vision-aided inertial navigation,” ICRA’14
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: Quaternion of

orientation

: Rotation matrix

: Position

: Velocity

: Linear acceleration

: Rotational velocity

: Accel biases

: Gyro biases

: Gravity

: Gyro meas/nt noise

: Accel meas/nt noise

: Gyro bias process noise
: Accel bias process noise




Camera Mode|

e Camera Measurement Model

Z{ — h(Cipfj) + nf ) infj - C(OiQG)(prj - Gpci)




Camera Mode|

e Camera Measurement Model
C

Zf — h(Cipfj) + ng ) ipfj - C(OiQG)(prj - Gpci)
* Camera Intrinsics
* Principal point & focal length
* Distortion parameters

* Rolling-shutter time

Distorted image Geometry change



Camera-IMU Model

e Camera Measurement Model

J C
Z;

h(Cipfj) + Il,g ) ipfj - C(Oqu)(prj - Gpci)
e Camera Intrinsics

* Principal point & focal length
* Distortion parameters
* Rolling-shutter time

e Camera-IMU Extrinsics

Cz (XI,i;prj 5 CC:]IJ td.ut?") = quj - h(xfw prj 3 CC:II: tdmt’!")ngI

* Spatial: Rigid-body transformation p; 7]
“ps, =& C(%py, — “pc,) = C(qu)lléc(cpfj —“pr,) +pr
* Temporal: Time offset 1 RS/TS effect
be—nisa 47 ty +ta, + mpty _ tp+1  time
A 1 (iRiNij t
{Crnrir} {Cy} a {Cry1}

b {kaMJrl} b {Ik}

&. {1}

[1] F. M. Mirzaei and S. I. Roumeliotis, “A Kalman Filter-based Algorithm for IMU-Camera Calibration: Observability Analysis and Performance Evaluation,” TRO’08
[2] C. Guo, D. G. Kottas, R. DuToit, A. Ahmed, R. Li, and S. I. Roumeliotis, “Efficient visual-inertial navigation using a rolling-shutter camera with inaccurate timestamps,” RSS’14



Feature Extraction & Tracking

* Keypoint detection
* Harris w, DoG, FAST

[1] C. Harris and M. Stephens, “A Combined Corner and Edge Detector,” Alvey Vision Conference’81
[2] R. Edward and T. Drummond, “Machine learning for high-speed corner detection,” ECCV’06



Feature Extraction & Tracking

— | T Ll \

* Keypoint detection AT TN
e Harris w, DOG, FAST v, SNSUBERE)

* Descriptor extraction AR,

* SIFTs, SURFw, ORBis, FREAKE, BRISK 7, SDCs o

[3] D. Lowe, “Distinctive Image Features from Scale-Invariant Keypoints,” [JCV'04 B R | S K

[4] H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool, “Speeded-up robust features (SURF),” Computer Vision and Image Understanding’08

[5] E. Rublee, V. Rabaud, K. Konolige, and G. Bradski, “ORB: An efficient alternative to SIFT or SURF,” ICCV'11

[6] A. Alahi, R. Ortiz, Raphael, and P. Vandergheynst, “FREAK: Fast Retina Keypoint,” CVPR'12

[7]1 S. Leutenegger, M. Chli, and R. Siegwart, “BRISK: Binary robust invariant scalable keypoints,” ICCV’'11

[8] R. Schuster, O. Wasenmuller, C. Unger, and D. Stricker, “SDC — Stacked Dilated Convolution: A Unified Descriptor Network for Dense Matching,” CVPR’19

Keypoint descriptor




Feature Extraction & Tracking

* Keypoint detection
* Harris w, DoG, FAST

* Descriptor extraction
* SIFTw, SURFw, ORBs, FREAK, BRISK 7, SDCis

* Feature tracking (2D-to-2D)
 KLT o

[9] B. Lucas and T. Kanade, “An iterative image registration technique with an application to stereo vision,” International Joint Conference on Artificaial Intelligence’88



Feature Extraction & Tracking

\

* Keypoint detection A5
* Harris u, DoG, FAST o ~4
* Descriptor extraction
* SIFTe, SURFE, ORBis, FREAKE, BRISK ), SDCe

* Feature tracking (2D-to-2D)
 KLT o
* Descriptor-to-descriptor matching




Feature Extraction & Tracking

* Keypoint detection Al
* Harris u, DoG, FAST o ‘

* Descriptor extraction T
* SIFTu, SURFw, ORBys, FREAK:, BRISK s, SDCi * ok

* Feature tracking (2D-to-2D) **
* KLT @ *

.............................
------

RN

* Descriptor-to-descriptor matching ﬂ &=
e Qutlier rejection (RANSAC) . ./ )
* w/out gyro: 5pt RANSAC 1

[10] D. Nister, “An efficient solution to the five-point relative pose problem,” TPAMI'04



* Keypoint detection
* Harris w, DoG, FAST

* Descriptor extraction

* SIFTw, SURFw, ORBs, FREAK, BRISKm, SDC * *
* Feature tracking (2D-to-2D)
o KLT 9]
* Descriptor-to-descriptor matching = '6‘
e Outlier rejection (RANSAC) (o 2 = (o)

* w/out gyro: 5pt RANSAC 1

« w/ gyro: 2pt RANSAC \/‘

Pc,

[10] D. Nister, “An efficient solution to the five-point relative pose problem,” TPAMI'04
[11] L. Kneip, M. Chli, and R. Siegwart, “Robust real-time visual odometry with a single camera and an IMU,” British Machine Vision Conference’11



Loop-closure Detection

* Appearance-based image matching u
* Create image descriptor from feature descriptors
 Compare image descriptors against each other

[1] D. Nister and H. Stewenius, “Scalable recognition with a vocabulary tree,” CVPR’06



Loop-closure Detection

* Appearance-based image matching u
* Create image descriptor from feature descriptors
 Compare image descriptors against each other

[1] D. Nister and H. Stewenius, “Scalable recognition with a vocabulary tree,” CVPR’06



Loop-closure Detection

* Appearance-based image matching u
* Create image descriptor from feature descriptors
 Compare image descriptors against each other

e QOutlier rejection / Geometric verification
* Spta (3pt+1e) RANSAC to verify 2D-2D matches
* P3Pu(P2+1is1) RANSAC for 2D-3D matches

e Confirm loop-closure by matching consecutive images
* Reduces false-positives
* Delays map-based updates

[2] D. Nister, “An efficient solution to the five-point relative pose problem,” TPAMI'04
[3] O. Naroditsky, X. Zhou, S. Roumeliotis, and K. Daniilidis, “Two efficient solutions for visual odometry using directional correspondence,” TPAMI’12
[4] T. Ke, S. Roumeliotis, “An Efficient Algebraic Solution to the Perspective-Three-Point Problem,” CVPR’17

[5] Z. Kukelova, M. Bujnak, and T. Pajdla, “Closed-form solutions to minimal absolute pose problems with known vertical direction,” ACCV’11



Loop-closure Detection

* Appearance-based image matching u
* Create image descriptor from feature descriptors
 Compare image descriptors against each other

e QOutlier rejection / Geometric verification
* Spta (3pt+1e) RANSAC to verify 2D-2D matches
* P3Pu(P2+1is1) RANSAC for 2D-3D matches

e Confirm loop-closure by matching consecutive images
* Reduces false-positives
* Delays map-based updates

[2] D. Nister, “An efficient solution to the five-point relative pose problem,” TPAMI'04
[3] O. Naroditsky, X. Zhou, S. Roumeliotis, and K. Daniilidis, “Two efficient solutions for visual odometry using directional correspondence,” TPAMI’12
[4] T. Ke, S. Roumeliotis, “An Efficient Algebraic Solution to the Perspective-Three-Point Problem,” CVPR’17

[5] Z. Kukelova, M. Bujnak, and T. Pajdla, “Closed-form solutions to minimal absolute pose problems with known vertical direction,” ACCV’11



Sensor (IMU+Camera) Fusion

* Incremental BLS optimizationy
N N
Cn = lxp, — f(xp_ s wem1e) G, + Y > Nzt — h(xs,, “py,)l|22y
k=1 k=1

* Issue: Memory/CPU req.s increase w/ time

[1] M. Kaess, A. Ranganathan, and F. Dellaert, “iSAM: Incremental smoothing and mapping,” TRO’08



Sensor (IMU+Camera) Fusion

* Incremental BLS optimizationy

N N
Cn = lxp, — f(xp_ s wem1e) G, + Y > Nzt — h(xs,, “py,)l|22y
k=1

k=1 j

* Issue: Memory/CPU req.s increase w/ time
* Remedy: C-KLAM consistently marginalizes keyframes/features

fm

[2] E. Nerurkar, K. Wu, and S. Roumeliotis, "C-KLAM: Constrained Keyframe-Based Localization and Mapping,” ICRA’14



Sensor (IMU+Camera) Fusion

* Incremental BLS optimizationy % X
N N _ I/I *__-/,—
Cn = lxp, — f(xp_ s wem1e) G, + Y > Nzt — h(xs,, “py,)l|22y : X :
k=1 k=1 j @ *“:}~
* Issue: Memory/CPU req.s increase w/ time . *~
* Alternative VINS approach g
e Split the problem inte T 7 5

* Frontend (Localization): Fast, but drifts w/ time Backend keyframes

1

 e.g., Visual Inertial Odometry (VIO) :l ;rontetnfd kfyframes
ecent reatures

*

Past features
Loop-closure features
Optimization window



Sensor (IMU+Camera) Fusion

* Incremental BLS optimizationy, % e X
N N VN P ;
Cn = lxp, — f(xp_ s wem1e) G, + Y > Nzt — h(xs,, “py,)l|22y 1 .
k=1 k=1 j @\ ~'
* Issue: Memory/CPU req.s increase w/ time i ~

 Alternative VINS approach @ 5

* Split the problem into
* Frontend (Localization): Fast, but drifts w/ time
* e.g., Visual Inertial Odometry (VIO)
* Backend (Mapping): Slow, but more accurate
e e.g., BLS, pose graph

1 Backend keyframes

@ Frontend keyframes

% Recent features
Past features

Y Loop-closure features
Optimization window



Sensor (IMU+Camera) Fusion

* Incremental BLS optimizationa % | X
N N / A WA -'
CN = Z HXIk - f(XIk_lguk—l:k)HQQk + Z Z ||Z“;i — h(XIA:, prj)”g?I :: i ’t’_,x—::x’ |
k=1 k=1 j @ * * ~
* Issue: Memory/CPU req.s increase w/ time ) ~
* Alternative VINS approach :5 S 5

* Split the problem into
* Frontend (Localization): Fast, but drifts w/ time
* e.g., Visual Inertial Odometry (VIO)
* Backend (Mapping): Slow, but more accurate
e e.g., BLS, pose graph
* Relocalize w/ loop closures
* Assumes keyframes of backend as perfectly known -> inconsistency
* Estimated covariance < true covariance

1 Backend keyframes

@ Frontend keyframes

% Recent features
Past features

Y Loop-closure features
Optimization window



Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,

e State Vector

Iy o= I N = c= 1T
X = [ka Xl,_, Qg .--FNVqg qf]
I..T T G..T T G717
where X = [ d; by vy by PI] ? ™ 7
I= [1 T G T}T ) -\O/' | o|
d¢g — | 4g Pr | | . T
I _ = I b
F=NQg Ik—N+1aG Ih_l(:lG

[1] A. Mourikis and S. Roumeliotis, “A multi-state constraint Kalman filter for vision-aided inertial navigation,” ICRA’07



Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,

* Step 1: Propagation

Crpp—1 = [[Re—1llp, 0, + x5 — £(xn_ we1) |1,
Prior MU .o. ? =0
) L /| | O |
I I . L S
¥ @9 bl
I N5
da I _N1i13 I._1=
k dc e




Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,

* Step 1: Propagation

Crpp—1 = [[Zr—1llp, 4, + %, — f(XIk_nUk—lzk)H?%
) Prior ’ MU ? v |
Crik—1 ~ |XxllB,,._, '|”| I' o |\°}| ?
New Prior h h ,bl /_\\l/
V. T
N _

New Prior



Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,

* Step 1: Propagation

Crpimr = K13,y + 10, — £Cxr w11,

A

e

Prior IMU

Crir—1 = IXnll®,

New Prior

1
* Step 2: Marginalize all features [O(N)] N3g newog,, g, 15 S
Ch = IZullB, ,_, + Z [E7RNTRES {CMINSS Y1

~ ||Ix k”Pk‘k 1+Z“Zk N:k — H v Xk— Nk+prfg)||2
- H kHPMk , Z (”UTZk N:k U H X rXk—N: k:H + HVTZk N:k (VfHJmik—Nk +V31Hljfﬁfg)“2)

where [V; U] [V; U] =1, UTH} =0



Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,

* Step 1: Propagation

Crpimr = K13,y + 10, — £Cxr w11,

A

e

Prior IMU

Crir—1 = IXnll®,

N

New Prior

1
* Step 2: Marginalize all features [O(N)] N3g newog,, g, 15 S
Ch = IZullB, ,_, + Z [E7RNTRES {CMINSS Y1

~ ||Ix k”Pk‘k 1+Z“Zk N:k (H),X Nk+prfg)||2

= [%elB, 1+Z(HUTzk wor = UTHIR il + VT, — (V]

H)(_N;k + VIHB,,)|?)

- . .
Kk = HXFCHPM;C LT Z HUTZk v — U HIX Nl where [V Uyl [V Uyl =1 UH, =0

= [|x ze||p,cl,€i1 + sz—N.k — H, Xy’



Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,

* Step 3: Update [O(M?3)]

Chie = 1%elB, | + 1 Ze—n — HoXpnu)?

s 2 P —
= || Xk—N:k
|| ||P§_Nk l‘\ o/' \ ° | o |
. J |
& i | '
Ih—N(:] I = b =
G h=N+1q 4 Ik:—qu I



Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,

* Step 3: Update [O(M?3)]

Chie = 1%elB, | + 1 Ze—n — HoXpnu)?

= &6 nllae ? = =
. k.N'k . Te n = l“ij ‘\7) | o|

e Step 4: Marginalize the oldest pose "~a. | | - T —o‘|
¥ @9 X

Chp = [Re-nulpe

Crip = ||ik—N+1:k||2P29_N+l:k + |Li " Vg + LoXp— N1k



Frontend: Multi-state Constraint Kalman Filter (MSCKF) .,
e Step 3: Update [O(M3)]

Ck;|k HXICHP,C“C N + |Zh—nNi — HpXpoo Nk”
"~ ] =0

||Xk‘ NkHP?.—Nk . ) ol ‘ °| o
* Step 4: Marginalize the oldest pose “~dq | e =
Crpk = [Xk—n: k||P;eNk x ;. ) i. I
= ~ Qg k-1q Iv g
Chre = HXk—N—I—l.kHP;e T L1 =¥qg + LoXp_ N1k G Ao
"= 2 T })Osterzor
Crpr = ||XkN+1:k:||P?_N+1:k

- >y

~

Posterior



MSCKF Feature Classification & Processing

* Mature feature: Track starts at the oldest pose (to be marginalized)
* Track spans part of the window -> Marginalize w/ MSCKF

oldest pose

.........
4 \

]

{Chosti {Choa} {Cros} {Ch2} {Choa}  {Ci)

1
! | ! PN 7N 7N 7N 7N
— P —9— 9 — 9 — 90— o —
o b | l | | | | | | |
b _4 . _4 - _4 . _ . _ . _

R

x
MSCKF



MSCKF Feature Classification & Processing

* Mature feature: Track starts at the oldest pose (to be marginalized)

* Track spans part of the window -> Marginalize w/ MSCKF
* Track spans the whole window -> Add to the state vector as SLAM feature

oldest pose

.........
' \

{Ck 5}. {Cr-a} {Ck-3} {Cr—2} {Cr-1} {Ci}
5% %50

!
.

IVISCKF SLAM



MSCKF Feature Classification & Processing

* Mature feature: Track starts at the oldest pose (to be marginalized)

* Track spans part of the window -> Marginalize w/ MSCKF
* Track spans the whole window -> Add to the state vector as SLAM feature

* Immature feature: Track is still ongoing
e Use as state-only feature (update states, but not covariance)

oldest pose

——————————

MSCKF SLAM State-only



Filtering vs. Optimization-based Methods

 MSCKF (EKF) <= MAP estimator w/ one Gauss-Newton iteration
* Iteratively processes camera meas/nts (lterated EKF ), IMU meas/nts (IKS @)

* MSCKF (EKF) <= SWF (EIF) w

* Square-root variants: SR-EKF, SR-EIF
* Use Cholesky factor of covariance/Hessian

e Better numerical properties

» Single-precision arithmetic (4x speed up

for ARM Neon coprocessor)

[1] A. H. Jazwinski, Stochastic processes and filtering theory, Academic Press, 1970
[2] P. S. Maybeck, Stochastic Models, Estimation and Control, vol. 1, Academic Press, 1979

[3] D. G. Kottas and S. I. Roumeliotis, “An iterative Kalman smoother for robust 3D localization on mobile and

wearable devices,” ICRA’15

[4] G. Sibley, L. Matthies, and G. Sukhatme, “Sliding window filter with application to planetary landing,” JFR’10
[5] K. J. Wu, A. Ahmed, G. Georgiou, and S. |. Roumeliotis, “A square root inverse filter for efficient vision-aided

inertial navigation on mobile devices,” RSS’15

EKF EIF
Prior || Covariance P ’ Information A
c X
.g X {
&) Xy
§ P [ P P®T ] A A+PTW- 1 — <I>TW_1]
& P ®P®T + W W '® w1
S=HPH' +X A=A +H'Z'H
I3 P® =P - PH'S 'HP b =H'Y r
‘1‘2 P« P9 A «— A®
> Ax = PH?TS 'r Ax — A® ' p®
xP =x+ Ax, x+ x9
é IIx = );“‘ , XX,
.(_3 e’ — [PW PW] OATI? — [Au.u Auﬁ]
I Pow Ppp Ap App
s A;p = Ay — Ap.uA;/}Aup
PP, A A;p




Inconsistency of VIO

Due to mismatch of observability properties btwn nonlinear system and linearized estimator (1,234

[1] S. Julier and J. Uhlmann, “A counter example to the theory of simultaneous localization and map building,” ICRA’01

[2] J. A. Castellanos, J. Neira, and J. D. Tardos, “Limits to the consistency of EKF-based slam,” IFAC'04

[3] G. P. Huang, A. I. Mourikis, and S. . Roumeliotis, “Observability-based rules for designing consistent EKF SLAM estimators,” [/RR’10

[4] J. A. Hesch, D. G. Kottas, S. L. Bowman, and S. I. Roumeliotis, “Camera-IMU-based localization: Observability analysis and consistency improvement,” [/RR’14



Inconsistency of VIO

Due to mismatch of observability properties btwn nonlinear system and linearized estimator (1,234

Actual nonlinear system - Ideal linearized system
*|nf. dim.
. l
x =fo(x)+ > _, fi(u) e Full col. rank X1k = PrpXek + Grre
z = h(x) *Observable Zf; = HpuXp|k
— a.ﬂoh -
B
[ VE'h ] dLt h
velh 55
O = v%%fjh — a’g;iﬁfjh
V& gD 9 ¢ ¢ I
: 55
- *Finite. dim.
Global trans. *Null(O) = Null(B)
\03 éCGg ] 7]
03 03 bg
{03 —|vx|% | v
Null(O)y ;o = 03 03 b, [Nt | Nr}
I; —[px/9 | p
I3 —LPfXJGg_ Pr

/

Rot. around gravity

[3] G. P. Huang, A. I. Mourikis, and S. . Roumeliotis, “Observability-based rules for designing consistent EKF SLAM estimators,” [/RR’10
[4] J. A. Hesch, D. G. Kottas, S. L. Bowman, and S. I. Roumeliotis, “Camera-IMU-based localization: Observability analysis and consistency improvement,” [/RR’14



Inconsistency of VIO

Due to mismatch of observability properties btwn nonlinear system and linearized estimator (1,234

Actual nonlinear system - |deal linearized system Actual linearized estimator
*Inf. dim. ~ A
. l A . -
X =fo(x)+ > 8(w) | kUl col. rank X1k = PrpXek + Grpe X1k = PrpXgp + Grype
z =h(x) *Observable Zf; = HpuXp|k Z; = HppXk|k
— aSOh -
_ ] 9 X
VL‘fh 9L h ] H, ) i 1, ]
VEsh B Lk
O — Vﬂg,f;h 0L% ¢ M — Hi 1 P NI — Hk+1-‘I)k|k
e Ly = .
v"g%f‘f h 8238ﬁ h ) ~ ~ ~
,‘ itk f‘éféfk _Hk:+m(I)k—|-m—1|k—|—m—1"'(I)k\k_ -Hk+m(1)k+m—1\k+m—1 "'(I)k|k_
- : *Finite. dim ~
L - Null(M) = Null(0) > Null(M) = N
. = VIO = t
Global trans. Null(O) = Null(B)
\03 éCGg ] 7]
03 03 bg
{03 —|vx|% | v
Null(0)y ;o = 05 0, b, |:Nt | NT}
I; —[px/| p
I3 —LPfXJGg_ Pr

/

Rot. around gravity

[3] G. P. Huang, A. I. Mourikis, and S. . Roumeliotis, “Observability-based rules for designing consistent EKF SLAM estimators,” [/RR’10
[4] J. A. Hesch, D. G. Kottas, S. L. Bowman, and S. I. Roumeliotis, “Camera-IMU-based localization: Observability analysis and consistency improvement,” [/RR’14



Inconsistency of VIO

Due to mismatch of observability properties btwn nonlinear system and linearized estimator (1,234

Actual nonlinear system

x =fo(x)+ 2&:1 fi(u)

¢Inf. dim.
* Full col. rank
*Observable

z = h(x)
B

_ 0 ] g

V£h 8£fz'h

Veih B

O — Vﬂifjh _ asaf,,;fjh
3
Vﬁfifj f), h aﬂgifj £, h
. GJE]

Global trans.

\03 LcCg
03 03
0 —|lvx|C€
NUH(O)VIO = 02 LOSJ 8
I; —|px/“g

Rot. around gravity

*Finite. dim.
*Null(O) = Null(B)

Ideal linearized system Actual linearized estimator

Xk+1lk = q)k|kxk|k + Gk|kuk Xe+1lk = (I’k|kxk|k + Gk|kuk:
Z = Hk|kik|k Z - Hk|kxk|k
[ Hy, | . Hy,
H, 1® . Hipp1®pk
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Interesting Research Directions

* Observability Analysis
* Additional unobservable directions (1]
* scale —under const. linear accel.
* roll, pitch —under const. orientation
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Interesting Research Directions

* Observability Analysis * Event-based camera 56 * Incorporate system’s dynamics
e Additional unobservable directions 1] » Detect changes in intensity, low latency ¢ Human motion model [7]
* scale —under const. linear accel. OO o PO o SR ==
* roll, pitch —under const. orientation — A U U S U i
* Types of Features: edges, lines, planes [2,3,4] OIS IS IR ORI 0RO S I
* IMU/Camera intrinsics, extrinsics, RS, TS / bdbdbdbdbdbdb4)-
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 Information selection
e Geometry based (improve accuracy)

* Greedy and consider user’s intention [1]
* Heuristics: Long tracks, uniformly distributed, wide baseline, close-by [2]
*  Multi-camera resource allocation [3]
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* Information selection * Robust scene recognition using ML features

* Geometry based (improve accuracy) Season/light Invariance

* Greedy and consider user’s intention [1] e
e Heuristics: Long tracks, uniformly distributed, wide baseline, close-by [2] o ”-.I'""

*  Multi-camera resource allocation [3]
* Semanticus based (improve robustness) exclude ephemeral

parts of the scene

Viewpoint Invariance

moving objects concern filtering
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