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Egomotion Estimation
and ‘Dead’ Reckoning
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- Egomotion estimation: the process of
_estimating the motion of a rigid body
using measurements from sensors
attached to the body

: : : Charles Lindbergh used dead reckoning

» Methods of egomotion estimation: {0 cross the Atlantic solo in 1927

1. exteroceptive measurements
observing landmarks with known

location

2. Interoceptive measurements
integrating rates to infer motion
through ‘dead’ reckoning

Concorde Inertial
Measurement Unit
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Visual Egomotion Estimation
or Visual Odometry

Hans Moravec

Scaramuzza and Fraundorfer, “Visual Odometry [Tutorial],” IEEE Robot. Automat. Mag. (2011)
Moravec, "Obstacle avoidance and navigation in the real world by a seeing robot rover,” Ph.D. Thesis (1980)
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Visual Egomotion Pipeline

. Additional
i sensors
v
Pre- Data Motion
processing, association estimation
. » undistortion » stereo matching » robust
stereo images o . .
» rectification » tracking nonlinear least
» adjustment » outlier rejection squares

egomotion

e
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Visual Egomotion Pipelines

Some Downsides...

Pre- ) Data N Motion
processing association estimation

Basic Uncertainty Low Information

Prone to Bias

Quantificatiop Usage (e.g., imprecise calibration,
(e.g., homoscedastic (e.g., pointfeatures, regions of uncertainty propagation)
isotropic uncertainty) high gradients)

Peretroukhin, Kelly, and Barfoot, "Optimizing Camera Perspective for Stereo Visual Odometry," CRV (2014)
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Data-Driven Learning

A Panacea for Vision-based Autonomy?

Pre- Data Motion
processing, association estimation
stereo images
egomotion
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Data-Driven Learning

A Panacea for Vision-based Autonomy?

“---..l

Training Data

L4
&
L ]
L ]
L J
[ ]
[ ]

—
stereo images
egomotion
Learned Model
Wang et al., "DeepVO: Towards end-to-end visual odometry with deep Recurrent Convolutional Neural Networks,” ICRA (2017)
Zhou et al, "Unsupervised Learning of Depth and Ego-Motion from Video,” CVPR (2017)
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Benetits of Classical Pipelines

Pre- N Data > Motion

processing associlation estimation
Interpretable &
decomposable / Efficient
Zhou et al. "Does computer vision matter for action?’,
Science Robotics (2019)
Short answer: Yes! intermediate 'blocks’ Probabilistic

improve generalization
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Method . Setting | Code | Translation Rotation . Runtime Environment Compare

Lidar-based Egomotion

.....................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

....................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

I Cv151c J. Cesié, |. Markovi¢ and |. Petrov1c SOFT- SLAM Computatlonally Efficient Stereo Visual SLAM for Autonomous UAVs. Journal of Field Robotics 2017.

k top performing vision-only

odometry has no learning
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My Doctoral Work

Learned Improvements to the Visual Egomotion Pipeline

learned
Learned Model pseudosensors
t . t O 80 "'¢4¢
uncertainty i gro 9 ? P
: : . 5
quantification .9 50
a bias correction Dﬂ +9 §O,,
. a,o By J
C latent representation O3
with uncertainty
v
Pre- Data N Motion
processing association estimation
Classical Pipeline
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Learned Improvements

n uncertainty Il
quantification

A

PROBE

Predictive Robust
Estimation

IROS 2015
ICRA2016

latent
representation

Sun-BCNN

. . latent
Il bias correction \') e

DPC-Net HydraNet

‘f:xi“ . .
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Not all feature matches contain the same information
Can we incorporate a Bayesian model for stereo
reprojection errors into an egomotion pipeline?

0 0
O o 0
.............. » O
< Generalized Kernel -,
! Model for Feature Tracks *
. : v
Pre- Data Motion
processing associlation estimation

W. R. Vega-Brown, M. Doniec, and N. G. Roy, “Nonparametric Bayesian inference on multivariate exponential families,” NeurlPS (2014)
V. Peretroukhin, W. Vega-Brown, N. Roy, and J. Kelly, "PROBE-GK: Predictive Robust Estimation using Generalized Kernels,” ICRA (2016)
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Predictive Robust Estimation

Classical Visual Odometry

Errors modelled with MAP Estimator
stationary point N
uncertainty: — arg min Z e; R 'e;
e, ~~ N (O, R) TESE@R) =1
Visual Odometry with
PROBE-GK
Errors €; modelled with Predictively Robust Estimator
Bayesian, kernel-based N
covariance densit —> | argmin Z<Vi +1)log (1+e; ¥ 'e;)
y e &
Oooo o
@)
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Uncertainty Model

Bayesian Predictive Model for Covariance

Entropy
A
IW Prior o o o
¥ O o ©
O
o ©
> N\
Pixel U
Location (v) O

Pixel Location (u)

1. Define: Inverse-Wishart 2. Train: Populate space with 3. Test: a) Compute Inverse-
prior on covariance matrices training data (empirical Wishart posterior using
at all locations within errors). Ground truth not technique of Generalized
prediction space ¢ required. Kernels.

. . N
3. b) Marginalize out the covariance, | FIGHIEY] argmin Y (v; + 1)log (1 + e; ¥ le;)
= . Robust Cost ’ e
solve robust cost. TESE®R) ;=
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RMSE [m]

Using PROBE to Improve VO
Synthetic, KITTI and UTIAS Experiments

UTIAS Mars Dome

Synthetic KITI Odometry Dataset
Point World

Pointgrey XB3
Stereo Camera

Velodyne HDL-64E Laserscanner
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Learned Improvements

uncertainty latent . : latent
| Il] bias correction IV representation

quantification representation

A

o
PROBE DPC-Net HydraNet
Predictive Robust Learning Sun
Estimation Direction with
IROS 2015 Uncertainty
ICRA2016 ISER 2017, 1CRA 2017,
IJRR 2018
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Sun-BCNN: A Virtual Sun Sensor

Can we use deep learning to infer the direction of the sun (with uncertainty) and use it to
improve egomotion estimates?

100 ¢

i .w - 300
i’.. - — - 200

sgi} TN ; —_— La > o Q —» 100

R s o
-100
-200 0 200 400

"Learned
pseudosensor”

vVVvYyY

Sun-BCNN

Peretroukhin, Clement, and Kelly, "Reducing Drift in Visual Odometry by Inferring Sun Direction Using a Bayesian Convolutional Neural Network," ICRA (2017)
Peretroukhin, Clement, and Kelly, “Inferring sun direction to improve visual odometry: A deep learning approach,” IJRR (2018)
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Sun-aided Visual Odometry

Visual odometry is a dead-reckoning
technique and suffers from super-linear
error growth, largely due to
accumulated orientation error

A
Specially oriented camera Specialized sun sensor
(e.g., MERSs)
VO
Error | With orientation
error Drift can be reduced using absolute
orientation information (e.g., observing the
Orientation-corrected Sun)
>
Distance
Institute for Aerospace Studies Learned Improvements to the Visual Egomotion Pipeline
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Sun-BCNN

A Bayesian CNN for Finding the Sun

Bayesian GoogleNet

e ¥
P P e Ao
b u AN RN ‘,,id' o % —
: & i -

o=

3D sun vector
with uncertainty

vVVYyYyY

‘Monte Carlo’ dropout

R T

5
m.l'l " o= 't“h* i_

Sample a posterior, use Monte Carlo integration ([@] [03 09¢D
¢ Y

to approximate mean and covariance . .
D eees 4214445144481 4£ 51444 £ 45544 £A 144 £ £ A4 ££A 444114445144 £ £ 444144 £ 1144 ££A 44 £ 1144 ££ 1441144 £ £ £A AR AR A RS S A 55101 j ,C(Sk,Sk) — 1—Sk°Sk

Cosine distance loss

Gal and Ghahramani, "Dropout as a Bayesian Approximation: Representing Model Uncertainty in Deep Learning” ICML (2016)
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Sun-BCNN Testing

Devon Island

/ Ground Truth
Sun-BCNN

'RTK GPS
Receiver.

Sun Sensor GFS RTK GPS Antenna

/‘ \ / Inclinometers

/ Stereo Camera

>

Furgale, The Devon Island rover navigation dataset, IJRR (2012)

VO Traj jectorles
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Learned Improvements

[ et 1 latent m bias correction IV latent

representation

quantification

representation

A

o
PROBE Sun-BCNN DPC-Net HydraNet
Predictive Robust Learning Sun Learning Estimator
Estimation Direction with Bias through Deep
IROS 2015 Uncertainty Pose Correction
ICRA 2016 ISER 2017, ICRA 2017, ICRA/RA-L2018
IJRR 2018 ICRA 2020
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Deep Pose Corrections

100 ¢
300
. N Po§e Qraph 200
Optimization 5
0
Classical Pipeline 100|
T -200 0 200 400
(VA N WA N W\ I
> mimlm —  Pose Correction
\: Convolution :\
- PRizLU
DPC-Net

Peretroukhin and Kelly, "DPC-Net: Deep Pose Correction for Visual Localization,” ICRA / RA-L (2018)
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SE(3) Corrections for Visual Odometry

target
correction

- We learn SE(3) corrections T such that
| Tgt = T, T\,

v

Estimator biases (e.g., due to feature
distribution or errors in stereo triangulation)

v

Intrinsic / extrinsic mis-calibration

v

Poor feature tracking due to blur, localized
texture, non-Gaussian residuals

e
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DPC-Net

t;
Structure and Loss
» DPC-Net is composed of [ ‘ o — ’
. 2, 3x3, 6, 64 2, 3x3, 6, 64
convolutional layers [ —— | e E—— |
» The network takes images as input | Sl | : | el ’
and outputs an unconstrained vector 2, 343, 256, 256

2, 3x3, 256, 512

in the tangent space of identity, £

[ Convolution ] 2. 3x3, 512, 1024

¥
» Although the output is unconstrained e | 2, 3x3, 1024, 4096
, ‘ *
vector, we store the target L Bropout ] | 2 5 100 0% tar£et
. * . . X .
corrections, I, in matrix form 2 33, 4096, 6 :
2, 1x2, 6, 6 \/
» We derive a novel loss based on the v L(€,TF)
[ £ e RG ] .......... » SE(3) Cost

the geodesic distance:

weighs rotation and translation terms
based on training data
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DPC-Net ‘ Correcting 1ibviso?2

» We evaluated DPC-Net on the KITTI odometry

benchmark and train it to correct an efficient VO

estimator based on 1ibviso?2

B libviso2
B libviso2 + DPC-Net
B dense-direct

00 (3.7 km)

83.17
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Sequence
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Translational
Mean Trajectory Error (m)

Ground Truth

Northing (m)

0 —"3!VO
—— S-VO + DPC (pose)
—100 A —— Dense
—400 —200 0 200

Easting (m)

e Translational Cumulative Err. Norm. oD Rotational Cumulative Err. Norm.
\—/75000 E —— SVO

= : .

= g 50000 SVO + DPC (Yaw)

<. 50000 - . —— SVO + DPC (Rot)

H o —— SVO + DPC (Pose)

= a 10000 1

£ 25000 ©
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= =

= oL , | \ = ol | | A
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Timestep Timestep

/.

rotation corrections
dominate
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Learned Improvements

-----------
L}
~
N

latent
representation

| uncertainty 1 latent
representation

quantification

A

PROBE DPC-Net HydraNet
Predictive Robust Learning Sun Learning Estimator Learning Rotation
Estimation Direction with Bias through Deep With Uncertainty
IROS 2015 Uncertainty Pose Correction CVPR Workshops 2019
(CRA2016 ISER 2017, ICRA 2017, ICRA/RA-L2018
IJRR 2018 ICRA 2020
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Deep Rotation Regressmn with Uncertalnty

.....................................................................................................................................................................................................................................................................................................................

HydraNet

S
(

4007
300 |
200

Pose Graph -
Optimization 9]

-100| : :
200 0 200 400

> > —> T,ZT

Classical Pipeline SE(3)

Kneip, Siegwart, and Pollefeys, “Finding the Exact Rotation between Two Images Independently of the Translation,” ECCV (2012)
Peretroukhin, Wagstaff and Kelly, “Deep Probabilistic Regression of Elements of SO(3)," CVPR, Workshop on Uncertainty and Robustness in Deep Visual Learning (2019)
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Sources of Uncertainty |-
| o Test
g N
1. Aleatoric (‘observation’ noise) 0 NG %NG L~ R
y C ooqpoo
» A result of the underlying process "
(e.g., sensor noise) -
2. Epistemic (‘model’ uncertainty) -2 —1 0 1 2

» A result of a ‘distance’ between training data and test data

~ 0 ~ 0 L~
Good aleatoric Pooraleatoric
= . Poor epistemic = Good epistemic
TR e : s :
—2 —1 0 1 2 —2 ~1 0 1 2
X X
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Uncertainty in Neural Networks

MC Dropout Regression

» Monte Carlo dropout (technique used by 1 [=7
Sun-BCNN) also often poorly captures
epistemic uncertainty

» Some proposed alternatives:

Direct Covariance Learning Ensembles Hyd Net
1

C%) <§§% r\’i%%\)\/\
¢ sl

2 . - . 9 Lernaean Hydra from
y, O Y, Var({yZ}) Yy, Var({yq;}) + 0 Greek Mythology
Liu, Ok et al., "Deep Inference for Covariance Estimation...", ICRA (2018)
Lakshminarayanan et al., "Simple and scalable predictive uncertainty estimation using deep ensembles,” NeurlPS (2017)
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HydraNet

Epistemic and Aleatoric Uncertainty . \epis(temic " erorie
4
5
/‘\// \\/'\ "' Q
%} %} %} % 'l' /‘\// \\/\
5 % ! & &b > b
Yy Y2 k! o’ :. § E CID{ %
* Operations must % k/\\ //-\J
, be differentiable *
y,var({y;}) + o to permittraining v __
y T v R,covar({R;}) + X
epistemic aleatoric
Euclidian tar gets SO(S) targets
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Rotatlon Averagmg

q = argmin Z dquat (9, Q)
Q€S =

covar({q;}) Z b, D]

Hartley et al., "Rotation Averaging”, IJCV (2013)
Sola etal., "A micro Lie theory for State Estimation in Robotics’, arXiv (2019)

e
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Importance of Epistemic Uncertainty
Synthetic ‘orbital’ dataset

®  Landmarks
- Training Poses

- Test Poses

20
15
ZS 0.0 + 1)0
0
—0.2 20
10
—20 y
0.1 1
polar angle
& 0.0 -
< 014
—0.2 -
0.1 - Epistemic uncertainty is
. L 430 (epistemic + aleatoric) necessary to account for
ASS - ] 3 o .
5 00 000 430 (aleatoric only) out-of-training-
. *  Rotational Error distribution’ errors
. 1 1 1 1 1 1 1 1 1
—80 —60 —40 —20 0 20 40 60 80
Polar Angle (o)
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Sliding Window VO

libviso2 SE(3) (with uncertainty) +

HydraNet SO(3) (with uncertainty) T 2,
1
—> —> - T, ET
Predicted Rotation with Uncertainty Final egomotion estimates
2
@ 17
< o 400 A
=
—1 1
T T T T T 300 _
5 T /N
A B
ﬁ 0 qu 200 A
_5 T T T T g 100 7]
z.
= ol L 0 === Ground Truth
ﬁ 049 —— Ground truth V1SO2-S
2 —— HydraNet
© - HidraNet +30 —100 A viso2-s + HydraNet
_2 .
6 10100 20100 3OIOO 40100 ! ! ! !
Frame —200 0 200 400
Easting (m)
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Learned Improvements

| uncertainty Il Laet;)ergtsentation 11| bias correction IV latent

quantification

representation

A

[
[
[

PROBE DPC-Net HydraNet
Predictive Robust Learning Sun Learning Estimator Learning Rotation
Estimation Direction with Bias through Deep With Uncertainty
IROS 2015 Uncertainty Pose Correction CVPR Workshops 2019
ICRA 2016 ISER 2017, ICRA 2017, ICRA/RA-L2018
IJRR 2018 ICRA 2020
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Concluding Remarks
On the Synthesis of Learning and Classical Modelling

...In this world more things exist The miracle of the appropriateness

without our knowledge than with it of the language of mathematics for
and the order in creation which you the formulation of the laws of physics
see is that which you have put there, is a wonderful gift which we neither
like a string in a maze... understand nor deserve.
Cormac McCarthy, Blood Meridian, or the Evening Redness in the West (1985) E.P. Wigner, The Unreasonable Effectiveness of Mathematics in the Natural Sciences (1960)
Institute for Aerospace Studies Learned Improvements to the Visual Egomotion Pipeline
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Three Methods of Synthesis

[ )
[
]
Pre- Data Motion Dﬂ
—> —> e —
n processing association estimation
Correction "prior via geometry” -
P J Y data-driven model
"residual”
I [ ]
I [ - 1
— datg d1.‘1ven model
— “side information”
Augmentation
Pre- _ Data Motion >
processing association estimation
[
u
]
ﬂ _> Pre- Data L Motion
processing association estimation
Initialization - . )
refinement

data-driven model
“initial guess via semantics”
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A heartfelt thank you to...

my lab mates my advisors

Jonathan Angela Tim
Kelly Schoellig Barfo

and my friends and family
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Learned Improvements to the Visual
Egomotion Pipeline
On the Synthesis of Learning and Classical Modelling

Learned Model
taint 050
uncer.am y i gyo O ?
quantification I 9 2 §
|
O
a bias correction ﬂ +S00 .
Lgo )
- O
C latent representation 8 80
with uncertainty

v

Pre- Data Motion
processing assoclation estimation
Classical Pipeline
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Learned Improvements

| uncertainty Il Laet;)ergtsentation 11| bias correction IV latent

quantification

representation

A

[
[
[

PROBE DPC-Net HydraNet
Predictive Robust Learning Sun Learning Estimator Learning Rotation
Estimation Direction with Bias through Deep With Uncertainty
IROS 2015 Uncertainty Pose Correction CVPR Workshops 2019
ICRA 2016 ISER 2017, ICRA 2017, ICRA/RA-L2018
IJRR 2018 ICRA 2020
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Visual Egomotion

A Core Component of Vision-based Autonomy

Perception

Assistive Driving
Aerial autonomy (Tesla Roadster)

(Skydio 2 Drone)

Mapping

..
.
‘e
-

Planetary Rovers

Localization
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Sun-BCNN Testing

Ground truth
Devon Island and KITTI 4 D0F GPE.INS and  <ofar
ephemeris model (based
Ground truth
o on GPS timestamp)
Sinclair

Interplanetary
digital sun sensor

00 8.9°

02 9.5°

04 ' 3 4° Median
4.2

06 45 Error
4

Sequence

08 10.6°
10 9.2°

ANEES

Sequence
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Predictive Robust Estimation

Objects

Latent Predictive Factors
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Covariance-aware Loss

» In order to learn a covariance matrix we define a supervised loss based on the tangent space
of each target rotation:

£NLL (q7 q;, E) — ¢TZ_1¢ =+ log det (2)

with ¢:Log (q@qt_l) /‘\// O \\_/\

H
L= Lnin(ay q;,T)
h=1

Hu and Kantor, "Parametric Covariance Prediction for Heteroscedastic Noise”, IROS (2015)
Forster et al., "IMU Preintegration on Manifold...", RSS (2015)

e
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Residual Learning in Robotics

Helicopter Dynamics Throwing Objects

TOSSINGBOT
MEAN PICKS PER HOUR: 500+

Punjani and Abbeel, Deep Learning Helicopter Dynamics Models. ICRA

(2015).
. . Zeng et al., TossingBot: Learning to Throw Arbitrary Objects
ObJeCt Pose Regressmn with Residual Physics. RSS (2019).
> 2
T Lietal., DeepIM: De.ep Iterative Matching
Network for 6D Pose Estimation, ECCV (2018).
Rendered image *
&7
o [P
\\_ Observed image _///
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DPC-Net | Correcting for Lens Distortion

[xd] _ (1 + k112 + Kort + I<&3T6) B"]

Ya

Original Radially distorted Distorted & cropped
14.52
00 (3.7 km) 573 .
9 B libviso2
c IbVi -
S 13.74 B libviso2 + DPC-Net
g_ 02 (5.1 km) 7 49
(0
n
14.99
05 (2.2 km) =11
Translational
Mean Segment Error (%)
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SO(3) and SE(3)

Rigid-body rotations form the matrix Lie group
SO(3) - the Special Orthogonal group: .
exp (()")

retraction

SOB3) ={ReR*3| R'"R=1,detR =1}
=1

R =exp (qb/\) = Z

n=0

(¢")" ¢ eR?

n!

Rigid-body transformations form the matrix Lie group SE(3) - the Special Euclidian group:

R t
SE(3) ={T = | .1 c R*** R € SO(3),t € R*} |
0- 1 o, & are unconstrained, but
o0 exp ((-)") issurjective
T — AN\ 1 A\ RG
—eXP(ﬁ)— E(S) § €
n=0
Solaetal.,"A micro Lie theory for State Estimation in Robotics", arXiv (2019)
Barfoot., "State Estimation for Robotics.” Cambridge University Press (2017)
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Deep Probabilistic Regression of Rotations

~— T =
PEEE

L= Lanlay ;%)
h=1

£NLL(q7 q;, E) — ¢T2_1¢ + lOg det (E)
¢ = Log (q & Qt_l)

g
%&5&%%&

Q1 QQ QH >
-\

H
. ' 2 =1
1 Compute mean rotation q= I
=i
2 Compute residuals ¢, = Log (Qh R q—l)
3 Compute covariance as
é ) H N\ M)
epistemic 71 Z Oy, qbf;l; +(32| aleatoric
\_ _ J U
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DPC-Net | Loss

We use a Mahalanobis-like norm loss, £ c RS
| y network output
L(€) = 59(€)"Eg(¢) 9(€) 2 log (exp (€") T°7) T e sm)
target

Our loss has a covariance-based metric tensor that naturally balances rotation and
translation terms:

N compareto..
1 — — * & )V .
s= > (6-€) (g -¢) §; = log (T;) e=lx—xl+8a-
N —1 — training targets
- Kendall et al., PoseNet, ICRA (2016)

We derive an analytic gradient based on middle perturbations:

0L(E) T—199(&) dg(§) ~1 T (")
o JORE o0& o J9(&) T(E) left SE(3) Jacobian
Institute for Aerospace Studies Learned Improvements to the Visual Egomotion Pipeline

eL.- J UNIVERSITY OF TORONTO Valentin Peretroukhin | FOE | March 6, 2020



Monte Carlo Dropout

Monte Cal'lO Dropout RCViSited (Variational Inference)

—_—

» To make connection between dropout and Bayesian NNs, Gal turns L,

T

N\

4
\
/\/

to variational inference to approximate posterior over weights:
vwy

(matrix with K; weights for layer /) Y, Var({yz-}) +77t
~

Q(’UJ) ~ p(w‘X7 S) Q(w@) — MZ dlag {{b; }jzl} ) Gal, "Uncertainty in Deep Learning” Ph.D.
N Thesis (2016)

(training images) (training targets) bg- < Bernoulli(pi)

= .
(dropout probability)

» Gal shows that the dropout training loss » However, for linear networks, one

is equivalent to minimizing the KL can show that this posterior does not
divergence between the posterior and concentrate with more data, and
this variational distribution requires careful tuning of hyper-

Dxr, ( p(w|X,S) || q(w) ) parameters

Osband, "Risk versus uncertainty in deep learning: Bayes, bootstrap and the dangers of dropout,” NeurlP$ (2017)
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Sun-BCNN Training
KITTI & Devon Island

Ground truth

6-DoF GPS-INS and a solar
ephemeris model (based on
GPS timestamp)

Cosine distance loss

L(ék,sk) =1 ék - Sk

Sun Sensor GPS RTK GPS Antenna

/‘ L _ Ground truth

/SteeoCamea
.~ | Sinclair
Interplanetary
digital sun
sensor
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Rotation Averaging

R = argmin Z d(R;,R)?

ReSO(3) , 1
Metric Resulting Mean
Angular dang (Ra, Rp) = ||Log (RQRE) || Karcher mean
. 2 . . .
(Geodesic) 0 (requires iteration)
Euclidian mean in R?
dc or RaaR — Ra_R .
Chordal hord 0) = | QbHFrob projected onto SO(3)
= 2v/2sin 5 (requires SVD)
Do ) i (] Il + ) Arithmetic mean
ua : = min (||q, — , 119, : .
Quaternion quatiar b Oq Dollz> 19a 7 Dol projected onto unit sphere
= 2sin (simple analytic expression)
Hartley et al., "Rotation Averaging”, 1IJCV (2013)
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DPC-Net | Rotation Corrections Only?

Sequence 02 (2.2 km)

) . . — Translational Cumulative Err. Norm. &3 Rotational Cumulative Err. Norm.
Correcting rotation 24000001 Z e
only can be nearly as = 2 000001 — 5v0 + pPC (Yaw)
. Z. > —— SVO + DPC (Rot)
good as correcting full £ 200000 400001 — VO + DPC (Pose)
= &
pose corrections E £ 20000-
< =
, , = ol , , k( = ol , , RV
» Metric translation © 0 2000 4000 O 0 2000 4000

Timestep Timestep
Sequence 05 (2.2 km)

information is

difficult to | | | |
= Translational Cumulative Err. Norm. £ Rotational Cumulative Err. Norm.
generalize = 750001 ) %%
= : i
= | % 20000- SVO + DPC (Yaw)
“+ 50000 = —— SVO + DPC (Rot)
= . o SVO + DPC (Pose)
R ! &
£ 95000° - 10000;
1 =
o 0 1000 2000 o 0 1000 2000
Timestep Timestep
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Sun-BCNN ‘activations’

._‘-~ lr‘k‘\'.‘.b““.‘-'b‘-‘:.‘."‘“.' -,Q‘-'J- —

LA
W ) O

Well lit regions

e

Institute for Aerospace Studies

B8y |BS)

%2 UNIVERSITY OF TORONTO

Learned Improvements to the Visual Egomotion Pipeline
Valentin Peretroukhin | FOE | March 6, 2020



Double Counting

» In order to mitigate correlations, we
are investigating to Covariance
Intersection

Y ('

v
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HydraNet Predictions

2
w17
@}
-
<
1 -
5 -
“o0
@}
Z 0 %ﬂ\
<
_5 1 1 1 1
/bB | || N
:%/ 04 —— Ground truth
g —— HydraNet
HydraNet +30
_9 -

0 1000

2000 3000 4000
Frame

e
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Visual sun sensing: Devon Island

Azimuth Angle — Dataset: 00

® Predicted Azimuth Angle
m Predicted Zenith Angle

1.27 Zenith Angle == (Ground Truth (Sun Sensor)
| | Predicted +/- 3 sigma

0 \ \ | \ \ \ | | \
0 10 20 30 40 50 60 70 80 90 100
Frame [% of total]
),
\_7
K\j —4 Azimuth Angle — Dataset: 01
7o\, 50 | | |
(4 0
o0 50
=.-100
_150 VA
TNy ANEES:
“-l--- - i
Azimuthk '1>:C 0.59
Z

\ \
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Frame [% of total]
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Sensitivity analysis

We tested the effect of cloud cover using the Oxford Robotcar Dataset

10 Train: Overcast Sun-Cloud A Sun-Cloud B
— T 1 T
o1 ] I = ﬁ %
= T
£ -10 E - J[ T !
5 | E E | i i
= -20 | F
) | |
™ -30 JI[ T I 4 | !
\ _os0p T b T | 1 E]
) ¥ o 4 ) j d ! _ 41! ’ .-%O | | | T j_
LR ' p 3% | e =
1.2 A L o= 5 OE E 9 $ = |
\ (<)
ﬁ il | | T
P | | T
1 Co

ot
e}

SUI’] ClOUd Ak M M

|
(@)

i
I

é
J[ .
Q IER=:

Vec. err [deg]
S

1
SCA SCB

/ |
Sun-Cloud B s

(e}

T

Test Sequence

Sun-BCNN works in cloudy conditions, especially when trained in sunny conditions

Maddern etal., T year, 71000 km: The Oxford RobotCar dataset, IJRR (2016)
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DPC-Net | Improving stereo VO

* We reduce the m-ATE (mean Absolute Trajectory Error) of our estimator by up to 75%

18.25
00 (3.7 km) 00

(D)

= 53.17 [ libviso2

S 02 (5.1 km) M libviso2 + DPC-Net | (2

S B dense-direct

wn
05 (2.2 km) 05

Translational Rotational
Mean Trajectory Error (m) Mean Trajectory Error (deg)
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