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Overview

Introduction
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Pose estimation
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Pose estimation
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Used Architecture
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Used Architecture
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Pose parametrisation
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Pose parametrisation

Pose

_ (R t 4x4
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Re SO(3), teR3

Rotation parametrisations

°q= (q17q27q3:q4) € 53
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Pose parametrisation

Pose
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Rotation parametrisations
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Overview

Determining the Architecture

’
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Dataset to determine the architecture

https://www.cc.gatech.edu/~turk/bunny/bunny.html, accessed
09.09.2018
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Augmentation process for synthetic data
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Parameters used to create the targets

Parameters used for creating the target point clouds
e uniformly sampled quaternions q € Sf’r
e uniformly sampled translations with |t| < 0.3
e Gaussian noise N (0,0.01) clipped to [—0.05,0.05]
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Loss functions

SE(3) loss

- A 112
* »se3)(P,P) = H'—Ogg(P)Hz,;
p= (rla ra, rs3, t17 t2a t3)

B. Hou, Computing CNN Loss and Gradients for Pose Estimation
with Riemannian Geometry [HMK™ 18]
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Loss functions

SE(3) loss

. 2
* »se3)(P,P) = H'—Ogg(P)Hz,;
p = (r,nr,rms,t,t,t3)

Tangent at p

B. Hou, Computing CNN Loss and Gradients for Pose Estimation
with Riemannian Geometry [HMK™ 18]
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Loss functions

Rotation losses

* $1(d,d) = arccos (2¢a,@° ~ 1)

* ¢2(§,q) = min{[§—aql, |a +al}
* ¢3(4,q) = arccos (|<q, @)
O 904(617(_') =1- <£I7q>2

©1, pa: Anonymous, Explaining the Ambiguity of Object Detection and
Pose Estimation from Visual Data [Ano]
others: D. Huynh, Metrics for 3D Rotations: Comparison and Analysis [Huy09]
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Loss functions

Rotation losses

. wz(ﬁ,ﬁ) = min {|§ EIH la +al}

* ¢3(8,q) = arccos (<4, a)|)

o ©4(4,8) =1-44,d)

= 1 8]

o ©5(R,R) = arccos ((Tr (IA?I_?T) — 1) /2)

©1, pa: Anonymous, Explaining the Ambiguity of Object Detection and
Pose Estimation from Visual Data [Ano]
others: D. Huynh, Metrics for 3D Rotations: Comparison and Analysis [Huy09]
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Translation and regularisation loss

O Ltransl(ia i) = ”E - i\:Hz

'
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Translation and regularisation loss

O Ltransl(ia i) = ”E - i\:Hz

* Lieg(q) = Ls([la] — 1)

'
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Translation and regularisation loss

Translation loss
O Ltrans/(E’ i) = ”E - sz

Regularisation loss

* Lieg(a) = Ls([lal — 1)
* Leg(R.R) = |1~ RRT |
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Evaluation metrics

Evaluation metrics

e ADD: eapp(P,P; M) = avg Hlsx — |SXH
xeM

T. Hodan, On evaluation of 6D object pose estimation [HMO16].
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Evaluation metrics

Evaluation metrics
e ADD: eapp(P,P; M) = avg Hlsx — |SXH
xeEM

e ADI: eapi(P,P; M) = avg min Hlsxl = IADXQH
X1€MX2EM

T. Hodan, On evaluation of 6D object pose estimation [HMO16].
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Evaluation metrics

Evaluation metrics

e ADD: eADD(IS, P; M) = avg Hlsx - |SXH
xeM

o ADI: eap)(P,P; M) = avg min Hle - szH

X1 eM x2€M

e Pose correct: eapp < 0.1dy

T. Hodan, On evaluation of 6D object pose estimation [HMO16].
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Evaluation metrics

Evaluation metrics

e ADD: eADD(IS, P; M) = avg Hlsx - |SXH
xeM
e ADI: eAD/(Is,I_’;M) = avg min Hl3x1 = IADXQH
x1EM xeM
e Pose correct: eapp < 0.1dy

e Rotation error:

€RE (R, R> = arccos <<Tr (ﬁ§_1> — 1) /2) -180/7

T. Hodan, On evaluation of 6D object pose estimation [HMO16].
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Evaluation metrics

Evaluation metrics

e ADD: eADD(IS, P; M) = avg Hlsx — |SXH
xeM
ADI: eaps(P,P; M) = avg min
x1EM X2EM
Pose correct: eapp < 0.1dy

‘stl — |SX2 H

Rotation error:

€RE (R, R> = arccos <<Tr (Iftl_?_:l) — 1) /2) -180/7

Translation error: ere (,t) = HE — EH

T. Hodan, On evaluation of 6D object pose estimation [HMO16].
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Comparing

rotation losses

Correct pose, train data

ADD error, train data
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Rotation losses

. wz(ﬁ,ﬁ) = min {|§ q\l la +ql}
* ¢3(4,q) = arccos (|<&, @)

* ©4(6,d) = 1—¢4,d)°

o os(R,R) = H13 _ RRTH
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Overview

Evaluation on Synthetic Data

:
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Linemod objects

Y
&%=

S. Hinterstoisser, Model based training, detection and pose estimation of
texture-less 3D objects in heavily cluttered scenes [HLIT13]
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Parameters used to create the targets

Parameters used for creating the target point clouds
e uniformly sampled quaternions q € Sf’r
e uniformly sampled translations with |t| < 0.3
e Gaussian noise N (0,0.01) clipped to [—0.05,0.05]
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Training on 3D data

Parameters
e |oss:
[,(|5, II:\’,M) = Wrot'@l(qael)+Wtransl'LtransI(E7f)‘i‘Wreg'Lreg(q)
e epochs: 80000
e learning rate: 0.005
e training data: 13 of the Linemod objects
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Challenges
e Ambiguous objects
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ADD error, train data
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Evaluation

ADD error, train data

, train data
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Challenges
e Ambiguous objects
e Noise

translation noise
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Evaluation with noise

AADD error, more noise

Correct pose, more noise
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Evaluation with 40% missing points

Correct pose, 60 percent points ADD error, 60 percent points
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Challenges
e Ambiguous objects
¢ Noise
e Occlusions and clutter
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Evaluation with partial visibility

Correct pose, partial visibility

ADD error, partial visibility
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Evaluation with clutter

Correct pose, clutter ADD error, clutter
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Michael Haberl, Pose Estimation with PointNet
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Challenges
e Ambiguous objects
e Noise

Occlusions and clutter

Representation of the rotation
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Evaluation around the equator

Correct pose, equator

Rotation error, equator
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Training on 2D data

Loss functions

O ['R(lsa IS,M) = Wrot * 905(@, IAQ) + Wtrans/ * Ltransl(Ea i\:)
o Lq(P,P,M) =

Wrot * 1 (C_I, él) + Wtrans! * I—transl(Ea E) + Wreg - I—reg(q)
e learning rate: 0.0005
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Evaluation 2D

percent

Correct pose, 2D

100 A

80 1

60

40 A

20 A

- =
o o
o =
© ©
=] 3
o o
[ v
o [:4

loss

33/ 44

Michael Haberl, Pose Estimation with PointNet




Overview

Evaluation on the Linemod Dataset

:
34 /44

Michael Haberl, Pose Estimation with PointNet



Linemod-Dataset

Provided are:
e meshes of 15 Houshold objects
e for each object 1100 RGB and depth images
e ground truth poses and the bounding boxes
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Linemod-Dataset

S. Hinterstoisser, Model based training, detection and pose estimation of
texture-less 3D objects in heavily cluttered scenes [HLIT13]
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Residual losses

Residual loss

_ /8 ) 2
o Lies(M,M) = 55 et ) Ixi = %1 = & Dt 17
Xj

P. Huber, Robust Estimation of a Location Parameter[Hub64]
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Residual losses

Residual loss
. . 3
o Lies(M,M) = 55 et ) Ixi = %1 = & Dt 17
X

1.2
_ [ & for |r| <6
o Ls(r) { 8|r| — 362 ,otherwise.

P. Huber, Robust Estimation of a Location Parameter[Hub64]
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Comparing residual losses

Loss functions

—— Huber 1
~— Huber 2
2.01 —— Tukey 1
—— Tukey 2
—— Residual
151
g
= 1.0
0.5
0.0
-15 -1.0 -0.5 0.0 0.5 1.0 15
d

.
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Residual losses

Residual loss
~ A . 2
o Lies(M, M) = %Zx,e/ﬁ min % — X_I'H = %Zx;e/ﬂ i
XJ'EM

1.2
_ o3 for |r| <6
* Ls(n) { 8|r| — 362 ,otherwise.

(- @] e

o [, (r) =
, otherwise.

ol% %

V. Belagiannis, Robust optimization for deep regression [BRCN15]
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Challenges
e Ambiguous objects
e Noise

Occlusions and clutter

e Representation of the rotation

Small object diameter compared to translation

M
Small object D

M
o

Unit ball
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Training on the Linemod dataset

Parameters
e 2 networks: translation-network, rotation-network
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Training on the Linemod dataset

Parameters
e 2 networks: translation-network, rotation-network

© LtransI(Ea E) = HE - Ii‘H2
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Training on the Linemod dataset

Parameters
e 2 networks: translation-network, rotation-network
O Ltransl(fa E) = HE - %HZ
O El(lsa I:DvM) = Wres * Lhub(-/\;laM) + Wrot * ‘101((_:'76') + Werans/ *
Ltransl(ta t) + Wreg - Lreg(ﬁ)
O ﬁz(P, P,M) = Wres * Ltukey(MaM) + Wrot - (Pl(qa é\]) +
Wtransl * Ltransl(ta t) + Wreg - Lreg(d)
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Training on the Linemod dataset

Parameters

e 2 networks: translation-network, rotation-network

 Limnal®8) = [E~ ],

O El(r:, |:3,I.\/\/l) = Wres * Lhub(MaM) + Wrot * 01(Q, ) + Werans! -
Lt,a,,sl(t, t) + Wreg * Lreg(ﬁ)

O 52“57 f’,./\/l) = V/“/res : Ltukey('A;lvM) + Wrot - (Pl(qa é\l) +
Wtransl * Ltransl(t, t) + Wreg - Lreg(él)

e epochs: 20000

e learning rate: 0.005

e training data: 2 of the Linemod objects (lamp, phone)
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Training

loss
0.9 —— rotation network huber
~——— rotation network tukey
0.8 1 —— translation network
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Outlook
e Add colour information
e Add surface normals

e Different representation for rotation
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Thank you!

’
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