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Indoor walking directions in Google Maps for Android
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Robust Neural Inertial Navigation
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3. Our solution




Inertial Measurement Unit (IMU)
(gyroscope, accelerometer, compass)
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Computer vs. Human

Orientations

Positions

n
™A

o)

I =

I

A |
L]
alv/]
Bl



MEMS Gyroscope

Mg Tuw T /’

| e
ELALT b0

EHEFSAVAVHDEE]

Prrell L1312 R [REEE
[ B« e Like 30 |

HRBEDORF7)(— (BESH) SVLRE ThEESS
A [OWT13] CEFa—08BTY. AL, BALD
BHMERPOHECIE> TARREICBADIEEEZ. RN
BIhEETNBDTY,

ZERE BOS @, EHE. BRIy FOER

(BB TIICECZROBEERY. HORCHEERT |
(3%) =BT, PBRY—F Y RCHFEER. EWDET |
T, CAMROREETIAEICT BT LN TEBFER. TILT
1 3LAMNCEBDARBNTLE D,

*eﬂ&
COIILT1 3. 1@&7)‘@@59 HCETELS DUAVUDA] BuT% L)\TLT LT BEEITOELEDN
TLEg* : 3D BICA S d=L-rd b B EEEANENT

www.HowToMechatronics.com

EMS ([HE - mmt@ngrﬂm) ﬁrﬁﬁuﬁﬁaém%bﬁﬁﬁmuﬁ?éhEMW§ EWVSED
T9, T BBETSEC, ADOECELINEACHUTEHSEEEEIZLAT Y20/ | b
HROBGZICENELS [HAMSD] OBEETIT>TVRENDIDOTY, TIT. SEETILTI3HMTSR
RIEBHERICHTS [OVUAVHOREE] #EXTHBTECLET,

PTHHRCEDTHRICEODTVIDE. BERDSHKEBEREELHSAM—
HBICANTEEIZCETHS.

U—@pRTIaUAVDHEH

JuLd13F ITOJ w3 Fb] EBNRZON

TILT1 313 BELTIKMEBERNE AN SORFRMIAZRERIN=E
F9, %Qlkmﬁilﬁ?@iﬁ%’&ﬁ’jlﬁ; 7-(7)1/7?"9%%162’15%?31(;%7]&3

|§ SPI=22X

LASE & B = L 2

COOSTEBDD L. FEENEILSMIC1000A — MLEDSEIC. #HESH .;
T T S A— RILES. FL,TUANAIC LN, EETHNRAA— KL

UAUDOHHF @L< ELT (DFEDESIENERRLT) | ElonElfEn
SO > TUFEINEFHELTHESERS. TOISITY, TJLT13

DiFEET Y ZEANOYLEE (F995m/s¢& LT, EEANERTEIALEBVTHRESR
T2RET. ERNHRENSEItZRWTIHELIBATY (#HOBAIET
NTA=PNLTT) . ISTCEVWESELNGRICOUAU AL @@L VeSO
BT, N JUA D HESAUISEOMITY,

rs



Inertial Measurement Unit (IMU)

Activity recognition VR: Orientation tracking




Inertial Navigation




Why use

motion sensing?




Where am |7

Computer

GPS Wireless (RSSI, RTT, 5G)
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Computer

Indoor

GPS Wireless (RSSI, RTT, 5G)
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GPS Wireless (RSSI, RTT, 5G)
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Computer

Indoor Anytime/Anywhere

Azimuth motor
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Wireless (RSSI, RTT, 5G) Motion sensor (IMU)
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Ultimate anytime
anywhere navigation
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3. Our solution




Existing approaches
(inertial navigation, dead reckoning)
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Positions
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Device orientation
(Kalman Filter)

Angular velocity
(gyroscope)
Acceleration + gravity Kalman R.°"
—_— . ——] Pitch
(accelerometer) Filter

/ Yaw

Magnetic field
(compass)

Daniel Safari




Position Estimation

Existing approach

Demo 3 : Indoor Navigation

* Device orientations (Kalman Filter)
- expected user steps sequence
* Assume
* A phone faces forward

* Moves forward

* Step counting works L

[ Pession, Wac, and Konstantas: WayFiS ]




Human activities in the wild
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Robust Neural Inertial Navigation
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3. Our solution




43 hours
30 million frames
100 kilometers
100 humans
3 buildings
4 phones



Robust Neural Inertial Navigation ( R@ON]N)

* Device orientations

* Body positions

RoNIN Step IONet /RIDI
Counting




Robust Neural Inertial Navigation (R@NIN )

* Device orientations
by Kalman Filter

* Body positions

RoNIN Step IONet /RIDI
Counting




* Device orientations
by Kalman Filter

* Body position derivatives (velocities)
by Deep Learning

RoNIN SteRy IONet RIDI
Countikg
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(b) RoNIN LSTM



NN

= Latent Vel. P B2
Strided Vel. Y b B |t
Loss v 1 2 + +

Integration

CF
Normalization

IMU in
Local CF

(a) RoNIN ResNet (b) RoNIN LSTM (c) RoNIN TCN




Trajectory Viewer

T A0

Ground RoNIN  Step IONet!* RIDII?]
Truth Counting

[1] C. Chen, X. Lu, A. Markham, and N. Trigoni. IONet: Learning to cure the curse of driftin inertial odometry. In Thirty-Second AAAI Conference on Artificial Intelligence, 2018
[2] H. Yan, Q. Shan, and Y. Furukawa. Ridi: Robust IMU double integration. In Proceedings of the European Conference on Computer Vision (ECCV), 2018



7

Ground Truth Ours Step Counting







. Robust T,
CF. Norm| Position Error
Vel. Loss|

ResNet

Test subjects | Metric RIDI I IONet

__ RoNIN
| ResNset } LST™M |
Soen ATE ' 188 | 1146 | 163 200
e RTE 53| 456 | 238 | 1422 101 264
RIDI Dataset ATE . 71 | 12.50 167 2.08
RTE , 179 | 13.38 62| 210

ATE 412 1719 240 | 2.02
RTE |2 345 | 1.97 1.77 | 233
ATE [ 450 | 2.63 6.71 712
270 | 2.63 304 | 542
ATE I [17.06 | 31.07 3.54
17.50 | 24.61 2.67
ATE 15.66 | 32.03 5.14
18.91 | 26.93 437

Unseen

Seen

OXIOD Dataset

Unseen

Seen

RoNIN Dataset

Unseen

o
(=]

NDI
PDR

RIDI

IONet

&
©

o
)

RoNIN
(ResNet)

o
s

RoNIN
(LSTM)

£th 153, ATE 0.5, RTE 139

©
[N}

Ratio of RoNIN sequences

Pigars 4. Selocto viulzaions. W slect 3 canmples froeheach e
mciods. Wecbooss RaNIN Resie s oo |
he sty gtk and s RTE f ut . We sk syl

- RoNIN

O
o

: : E 10 15 0 5 ' 10 15 I 55 (TCN)
iants of RaNIN racthd oe our datast, Postionslcrars re marked wihin each ATE threshold RTE threshold




&
S

After 1 minute (approx. 70 meters),
the positional error less than 5 meters.
1D

[ONet

o
o3

O
o

RoNIN
(ResNet)

RoNIN
(LSTM)

O
I

o
N

7]
L
Q
<
o
=
=3
]
7]
Z
L}
Z
)
a2
—
S
)
=
<
(2~

— RoNIN
m20 25 (TCN)

2
o

10 15
RTE threshold

RTE: Relative Trajectory Error



—— e l‘l_

.mw.,

wtdoao- >
Engineeri . >...hce




& > C O | ® NotSecure | ronin.cs.sfu.ca

Publications Dataset Evaluation

[ ICRA 2020 ]
RoNIN: Robust Neural Inertial Navigation

Hang_Yan* Sachini Herath* Yasutaka Furukawa

RoNIN: Robust Neural Inertial Navigation in the Wild: Benchmark, Evaluations, and New Methods

Hang Yan*, Sachini Herath*, Yasutaka Furukawa
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Natural motion trajectory
Messaging

In a pocket

LAY

[Supplementary Material]

RoNIN Dataset

3D tracking phone i Pre-calibration Data collection Post-calibration

’.ﬂ Synchronization

{ Spatial alignment

Natural motion

Spatial alignment 410 minutes
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Anytime anywhere navigation
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Motion sensor (IMU)
[image from IEEE GlobalSpec]

Indoor map
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Evolution of 3D Reconstruction Techniques

Sensing Perception
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Sensing = “An inherent power by which

the body perceives an external stimulus”
- Oxford Dictionary

wo_ MJJ\/\A\AA_

Time st 16.84
FPS: 46.81
Updates: 31
Inliers: 106

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

L) SR ey e
' .
f(fif','

¢

ALY YY

h...
e

Path length (m: 6.0
Position ‘mk -0.01, 1.01, -0.08
Dist. to origin (m* 1.0 (204 % of pathl

Status: 3
[ Google Project Tango ]



Perception = “The process by which people translate sensory
impressions into a coherent and unified view of the world
around them.” - Business Dictionary




Sensing Perception
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Perception

CVPR 2009

ECCV 2012 ICCV 2015 ECCV 2018
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CVPR 2009

The Metropolitan Museum of Art

ICCV 2015

Perception

CVPR 2014

ECCV 2018 CVPR 2020 Iccv 2017




Perception
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The Metropolitan Museum of Art
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Heuristics
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Geometric Elements

0D primitive

1D primitive

2D primitive

3D primitive
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Complex messages

* Detect high-level primitives.

* DNN does not help structured modeling
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Floorplan vectorization Floorplan reconstruction

from scan from 3D points
1. Corners by DNN - 1. Regions by DNN -
2. Edges/regions by optimization 2. Edges/corners by optimization

88— ===
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Floorplan vectorization Floorplan reconstruction

from scan from 3D points
1. Corners by DNN , 1. Regions by DNN -
2. Edges/regions by optlmlzatlon 2. Edges/corners by optimization

ICCV 2017 ECCV 2018/ICCV 2019
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from scan

1. Corners by DNN
2. Edgeslregions by optimization

Icov 2017

Floorplan vectorization

R Ky i s
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vectorize

~

1. House information extractio?
2. House price prediction
3. Remodeling

Floorplan reconstruction
from 3D points

1. Regions by DNN -

2. Edges/corners by optimization
n A —
D =

ECCV 2018/ICCV 2019

[ https://lwww.youtube.com/watch?v=71eRxTc1DaU ]
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Floorplan vectorization from scan
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vector format

junction layer primitive layer

discriminative network integer programming post-processing




Corner detection by DNN

@ Wall corner

© Door corner




Corner detection by DNN

@ Wall corner

© Door corner




Edge enumeration

@ Wall corner

© Door corner

I Wall candidate

Door candidate




Edge selection by optimization

@ Wall corner

© Door corner

I Wall candidate

Door candidate




Edge selection by optimization

e1 — e6: Binary variables

If e1is 1, true-edge.
Else (e1 is 0), false-edge.

We expect

e1=21 e2>1 e3>1
ed>1 e5->0 e6>1

after the optimization problem




Edge selection by optimization

el — e6: Binary variables

If e1is 1, true-edge.
Else (e1 is 0), false-edge.

We expect

e121 e2->1 e3>1
ed>1 e520 e6>1

after the optimization problem

Iglai( le1 + e9 + e3+ eq + e5 + e
g

Subject to
e; € {0,1}

If we add a door €6,
there must be a door e4.



Edge selection by optimization

el — e6: Binary variables

If e1is 1, true-edge.
Else (e1 is 0), false-edge.

We expect

e121 e2->1 e3>1
ed>1 e520 e6>1

after the optimization problem

Iglai( le1 + e9 + e3+ eq + e5 + e
€

Subject to
e; € {0,1}
€4 2 €6
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Wall Junction Opening Icon Room

Method

Acc. Recall Acc. Recall Acc. Recall Acc. Recall
Ahmed et al. [0] 74.9 315 61.3 48.7 N/A N/A N/A N/A

Ours (without IP) 70.7  95.1 67.9 914 223 774 809  78.5
Ours (without mutual exclusion constraints) 92.8 91.7 68.5 Ol.1 22.0 16.2 82.8 87.5
Ours (without loop constraints) 942 915 91.9 90.2 84.3 750 825 88.2
Ours (without opening constraints) 94.6 01.7 91.7 90.1 84.0 74.8 84.3 88.3
Ours (with full IP) 9477 91.7 91.9 90.2 84.0 74.6 84.5 88.4




Floorplan reconstruction
from 3D points

1. Regions by DNN -

2. Edges/corners by optimization

ECCV 2018/ICCV 2019




Floorplan reconstruction

/ from 3D points

Bottom-up

1. Corners by DNN
2. Edges/regions by optimization

____§
ICCV 2017
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e Issues of bottom-up

Processed Input Ground Truth FloorNet

Cannot miss a single corner




e Issues of bottom-up

Processed Input Ground Truth FloorNet

Much easier to detect regions




O Top-down approach

Processed Input Ground Truth FloorNet

Given a region, solve for its boundary




O Top-down approach

Processed Input Ground Truth FloorNet

Given a region, solve for its boundary




O Top-down approach

Processed Input Ground Truth FloorNet

Given a region, solve for its boundary
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1. Shortest path problem reduction

Our objective has three factors: intra-room data term,
inter-room consistency term, and model complexity term.
e The data-term Fy,:.(L;) is pixel-wise penalties summed
over pixels along the loops, and hence, the reduction to the
shortest path cost is straightforward for each loop. More
concretely, every corner of a room is shared by two edges,
thus contributes half of its cost to one edge:

we are optimizing L. If a pixel p of edge e in L, is already
used by other rooms, this pixel is imposed penalties regard-
less of I.;. Therefore, the shortest path problem considers
only pixels that are not used by any other rooms:

S Ml - Le(p, £\ L)) +

peC(e)

D As(1—1e(p, £\ {L1})).

peEE(e)

A
Z ElEgata(p)'

peC(e)

The edge and interior penalties are summed over pixels
along each edge without any changes:

Z [)\QEgam (p) + )\SE(E(,Jm (]))] .

pEE(e)

e The model complexity F,,,,q4.:(L;) is a constant penalized
for each edge, which is simply added to the weight of an
edge:

s

e The consistency term E,.,,s:5(L) is the number of pix-
els that are used by the corners (or edges) of all the loops.
In the room-wise coordinate descent optimization where we
fix the loops of all the other rooms, this term can be reduced
to the shortest path cost. Without loss of regularity, suppose

C(e) is the two pixels at the two end-points of an edge (e).
E(e) is a set of pixels along the edge containing the corners.
In our implementation, we obtain [E(e) using Bresenham’s
line algorithm.

In summary, a single room-wise coordinate descent op-
timization step is reduced to a shortest path problem, where
the weight of an edge is defined as follows.

A1
Z ?Egutu,(p) +

p€C(e)
Z I:/\QEgata(p) +)\3Ec%-utu.(p)] A=
p€L(e)
Z M(1—1c(p, L\ {L1})) +
p€C(e)
> A -1e(p, L\ {L1})) + e
pEL(e)



527 panorama RGBD scans with floorplan annotations
from Beike (https://www.ke.com)




= =N

Top down Ground-truth FloorNet Ours
point density (Bottom-up) (Top-down)




Ours Ours
Processed Input Ground Truth FloorNet (W10 Edatar Beonsis) (016 Basnais)

[ 1 ]

5 i il il

80.4/91.1, 84.1/94.6, 72.5/100.0, 68.3/89.6, 70.6/100.0, 66.7/91.3, 70.6/97.3, 69.8/95.7,
76.9/83.3, 23.1/25.0,  53.8/70.0, 0.0/0.0, 53.8/70.0, 0.0/0.0, 53.8/70.0, 0.0/0.0,

Table 1. The main quantitative evaluation results. The colors cyan, oe, magenta represent the top three entries.

Method Corner Edge Room Room++

Prec. Recall Prec. Recall Prec. Recall Prec. Recall
FloorNet [20] ' 76.6 04.8 76.8 81.2 72.1 42.3 37.5
Ours (W/o Fyatas Econsis) 84.4 80.4 82.3 79.8 75.1 61.3 23.3 22.0

Ours (W/o E.onsis) 93.9 - 89.2 . 83.8 81.7 494 48.5
Ours (1st-round coordinate descent) 94.6 " 89.4

Ours (2nd-round coordinate descent)  95.1 2 84.7




Ours Ours
_(W/O Ed(zl.as Econsis)_ (W/O Econsis)

[ 1 |

Processed Input Ground Truth FloorNet

i i BT

[

80.4/91.1, 84.1/94.6, 72.5/100.0, 68.3/89.6, 70.6/100.0, 66.7/91.3, 70.6/97.3, 69.8/95.7,
76.9/83.3, 23.1/25.0,  53.8/70.0, 0.0/0.0, 53.8/70.0, 0.0/0.0, 53.8/70.0, 0.0/0.0,

Table 1. The main quantitative evaluation results. The colors cyan, orange, magenta represent the top three entries.

Method Corner Edge Room Room++

Prec. Recall Prec. Recall Prec. Recall Prec. Recall
FloorNet [20] (bottom-up) 76.6 04.8 76.8 81.2 72.1 42.3 AT

Ours (2nd-round coordinate descent)  95.1 82.2 . 34, 33.( 514 504

(top-down)







Ours Ours

o v ) Ours
(Wlo Edqatas Econsis) (W/o Econsis) N

(top-down)

Processed Input Ground Truth FloorNet
] (bottom-up)

L L[]

91.3/95.5, 96.7/96.7, 87.0/90.9, 93.3/90.3, 87.0/100.0, 93.3/96.6, 87.0/100.0, 90.0/93.1,
100.0/77.8, 42.9/33.3, 71.4/62.5, 0.0/0.0, 71.4/62.5, 0.0/0.0, 71.4/62.5, 0.0/0.0,

72.0/85.7,73.3/88.0, 84.0/72.4, 80.0/66.7, 84.0/77.8,83.3/73.5, 84.0/75.0, 80.0/68.6,
66.7/80.0, 0.0/0.0, 33.3/50.0, 0.0/0.0, 100.0/75.0, 100.0/75.0,100.0/75.0, 100.0/75.0,

o 7

m|

A 2
88.9/88.9, 44.4/44.4,  11.1/16.7,0.0/0.0,  55.6/62.5, 11.1/10.0, 55.6/62.5, 11.1/10.0,
\'_I ]:I_‘ T 1

88.9/94.1, 88.0/95.7, 100.0/81.8, 100.0/83.3, 100.0/90.0, 96.0/82.8, 100.0/90.0, 96.0/82.8,
87.5/100.0, 12.5/14.3, 62.5/55.6, 12.5/12.5, 62.5/62.5, 12.5/12.5, 62.5/62.5, 12.5/12.5,

o B

97.8/100.0, 94.4/100.0,84.8/100.0, 79.6/100.0, 84.8/100.0, 81.5/97.8, 89.1/100.0, 85.2/100.0,
100.0/90.0, 88.9/80.0, 77.8/77.8, 11.1/11.1, 77.8/63.6, 44.4/40.0, 88.9/80.0, 44.4/40.0,

L,

[ L

1 =7
S

72.4/100.0, 69.4/100.0, 86.2/96.2, 86.1/91.2, 79.3/85.2, 83.3/88.2, 79.3/82.1, 83.3/85.7,
50.0/100.0, 12.5/25.0, 87.5/87.5, 50.0/50.0, 87.5/87.5, 50.0/50.0, 87.5/87.5, 50.0/50.0,




Bottom-up Top-down

4 )
Heurjstics * Detect high-level primitives.
* DNN does not help structured modeling
\ J
* Corner detection * Region detection
as input is clean image as input is noisy points
* Complex optimization * Very complex optimization
ri ~ Bl
N7

ECCV 2018/ICCV 2019

ICCV 2017

Data-driven
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Navigation, Mobile-Apps, AR-Games, Business-AR
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