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This Week: Object Tracking

* Seminar 5: Recurrent Networks and Object Tracking

kW0 Dd =

DeeplM: Deep lterative Matching for 6D Pose Estimation, Li et al., 2018
PoseRBPF: A Rao-Blackwellized Particle Filter for 6D Object Pose Tracking, Deng et al., 2019

6-PACK: Category-level 6D Pose Tracker with Anchor-Based Keypoints, Wang et al., 2020
XMem: Long-Term Video Object Segmentation with an Atkinson-Shiffrin Memory Model, Cheng and Schwing, 2022

* Seminar 6: Visual Odometry and Localization

@ D =

Backprop KF: Learning Discriminative Deterministic State Estimators, Haarnoja et al., 2016

Differentiable Particle Filters: End-to-End Learning with Algorithmic Priors, Jonschkowski et al., 2018

Multimodal Sensor Fusion with Differentiable Filters, Lee et al., 2020

Differentiable SLAM-net: Learning Particle SLAM for Visual Navigation, Karkus et al., 2021
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https://proceedings.neurips.cc/paper/2016/file/697e382cfd25b07a3e62275d3ee132b3-Paper.pdf
http://www.roboticsproceedings.org/rss14/p01.pdf
https://arxiv.org/abs/2010.13021
https://openaccess.thecvf.com/content/CVPR2021/papers/Karkus_Differentiable_SLAM-Net_Learning_Particle_SLAM_for_Visual_Navigation_CVPR_2021_paper.pdf
https://openaccess.thecvf.com/content_ECCV_2018/papers/Yi_Li_DeepIM_Deep_Iterative_ECCV_2018_paper.pdf
https://arxiv.org/abs/1905.09304
https://ieeexplore.ieee.org/abstract/document/9196679
https://arxiv.org/abs/2207.07115
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Today: Object Tracking

* Seminar 5: Recurrent Networks and Object Tracking

DeeplM: Deep lterative Matching for 6D Pose Estimation, Li et al., 2018
PoseRBPF: A Rao-Blackwellized Particle Filter for 6D Object Pose Tracking, Deng et al., 2019

1.

2.

3. 6-PACK: Category-level 6D Pose Tracker with Anchor-Based Keypoints, Wang et al., 2020

4. XMem: Long-Term Video Object Segmentation with an Atkinson-Shiffrin Memory Model, Cheng and Schwing, 2022
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DeeplM

Deep lterative Matching for 6D Pose Estimation
By: YiLi, Gu Wang, Xiangyang Ji, Yu Xiang, Dieter Fox

Presented by: Saurav Telge, Rutwik Patel
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The torch bearers of this research

e YilLli
- PhD student at University of Washington.
. Advised by: Professor Dieter Fox.

e GuWang

. PhD student at Tsinghua University.
. Advised by: Professor Xiangyang Ji.
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Pose estimation

Problem

RGB
Images

Depth map
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Contributions

1. Aframework for iterative pose matching.

2. Anuntangled representation of rotation and translation of
3D objects.

3. Anew loss function for estimating difference between
predicted pose and target pose.

L\ 7



DR
Background

Matching 2D-3D
correspondences

Detection Description
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Models Gallery 2.5D Views Features Gallery

Textured object
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3D model

Approach

|

' 7 Network

3D model

Rendered image
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Itecture

DeeplM network arch

FC3

Zoomed input
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Rotation

L
i

FC256

FC256

Feature|map
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High-resolution

Zoom In

Methods

Untangled
Transformation
Representation

Matching Loss
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Methods

4 N

High-resolution
Zoom In

Zoom in
observed/rendered image observed/rendered image
observed/rendered mask observed/rendered mask
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(a) Naive Coordinate

tA — (Ua:a Uy s Uz)

Methods

Untangled

Transformation
Representation

» o

I
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bu’ X

(b) Model Coordinate
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Ya Ya
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e I
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(¢) Camera Coordinate

Uy = fx(ztgt/ztgt — xsrc/zsrc)v

Uy = fy(ytgt/ztgt _ ysrc/zsrc)a

— log(zsrc /Ztgt ) -
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Methods

4 N\
Matching Loss
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Evaluation metrics

2D
Projection

BN
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method | PoseCNN S Faster R-CNN S———
+OURS +OURS

5cm 5° 194 | 852 | 11.9 83.4

6D Pose 02.7 88.6 39. 1 86.9

Proj. 2D 0.2 97.5 20.9 95.7

Models for generating initials poses & improvement using the DeeplM network

L\
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methods | [2] BBS8 SSD-6D Tekin PoseCNN [29] PoseCNN [29]
w ref. [20] | w ref. [11] | et al. [26] +OURS

5cm 5° | 40.6 69.0 - - 19.4 85.2

6D Pose | 50.2 62.7 79 50.95 62.7 88.6

Proj. 2D | 73.7 89.3 - 90.37 70.2 97.5

Comparison with state-of-the-art methods on the LINEMOD dataset

L\
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WAITING FOR HESIII;TS LIKE
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Results

L\

Examples of refined poses on the Occlusion LINEMOD
dataset using the results from PoseCNN as initial poses
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pose refinement of unseen 3D models from the
ModelNet dataset
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Conclusions

* Accurate and efficient estimation of the 6D pose of an object from a single RGB
Image.

« The 6D pose estimation has a wide range of applications in robotics,
augmented reality, and object recognition, among others.

* Limitations
Computationally expensive, Limited applicability, Sensitivity to initialization.

o Futuredirections
The iterative refinement process can also be extended to other tasks, such as

object detection, segmentation, and tracking.

L\ .
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Thank you

THEPERSON LOOKING AT
THISMEMERIGHT NOW IS AWESOME

imaflip.com
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PoseRBPF

A Rao-Blackwellized Particle Filter for 6D Object Pose Tracking
By: Xinke Deng, Arsalan Mousavian, Yu Xiang, Fel Xia, Timothy Bretl, Dieter Fox

Presented by:  Siddharth Rao Appala, Rishitha Gollamudi

L\,
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Motivation

The paper aims to develop a novel 6D

pose tracking framework that tracks
objects with 6 degrees of freedom over
a video sequence.

Tasks like robot manipulation and grasp

planning require accurate 6D pose
tracking with uncertainty estimates and
robustness to object symmetries.

This can be achieved by accounting for
the temporal information.

L\
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Contributions

1. Introduced a novel 6D object pose estimation pipeline that combines
Rao-Blackwellized particle filtering with a learned autoencoder to generate full

distribution over 6D poses

2. The proposed framework can track full distributions over 6D object poses for
objects with arbitrary kinds of symmetries, without the need for any manual

symmetry labeling.

L\
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Related Work & Short comings
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Traditional approaches - key point
detection and local feature matching
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Related Work & Short comings

Semantic labels ¢ | 3D
/ 1
= PoseCNN .
e 3D translation : o N
mESell T Y B
: AR \
rotation

6D pose 3D Keypolnts

Class and 20 Box

An input image

PoseCNN Object detection based approaches
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Particle Filtering

A particle filter is a statistical algorithm which
express the distribution of a state space model by
extracting random state particles from the
posterior probability.

RBPF - decreases number of particles necessary
to achieve same accuracy with regular PF

Divide the state vector into two parts: one part
that can be updated efficiently using a
closed-form equation, and another part is
updated using particle filtering.

L\

Initial distribution

(Prior at t=0) i :
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Approach

Step:
SsSESSELl te sTesssse s s ss ssssase B sres e sssssas s s s srs s n s
I’ Codebook: .l

, :N BAE | Aue (T

le"\' : g Tk = E 5 >_"Encoder_>Cl:"_> Compute Ti“\

1 | | | e |
=% Propagate = = - L, ® _b Update | il
P(R)}\\l B | : - ',: Orientation ' \P(R);‘
' I P(R)}l;‘." csssssssssssssa ad
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Approach - Motion Priors

Based on the Rao Blackwellized Particle filter approach,

- Thetranslation distribution is propagated using

P(Tg|Tr_1,Ti_2) =N (Ti_1+a(Tr_1 — Tr_2), XT)

- Therotation distribution is propagated using

P(Rg|Rk-1) =N (Rk-1, ZR)

P(Rk|T}, Z1:k) o< P(Ri| T}, Zi) P(Ri|Ri—1),

L\
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Approach - Autoencoder

Discretized Rotations

B0 0
-1

PN
P

)

Domain Groundtruth _
Randomized Image Reconstruction Observation Z ngg:;e Rotation Likelihood
Autoencoder Codebook matching

L\ 9
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Approach - Weight update and resampling

. Codebook: l
[ 3| - Auto- : - T
T}\ : "\l ' HEncoder_’ Cl n=p Compute : Tl];.. 4\ ;
. —J Weights & R : :
= Propagate = = Undate > W Resample—> o _.)
E ( R) ;l\ J\l L A : ” | ; Orientation \P { R ) N p ;

Weight update: P(T5L|Z;.;.) ZP(ZkITi;;.-,Rk)P(RMTi;k_p Zy.r—1),
R
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Approach - Summary

input = Z,. (T, PR

oitpiit: (T3, P(R)™)

begin

{w}Y, «—0;

(T};N, P(R)}:‘N) — Propagate(T}c‘ivl, P(R),l_c‘_fvl);
for (T, P(R)L) € (T, P(R)L™) do

P(R): < Codebook_Match(Z;,T:) * P(R)};
w' < Evaluate(Zy, T:, P(R}));

end
(B, BRI )
Resample(TEY, PR {ur L );

end
Algorithm 1: 6D Object Pose Tracking with PoseRBPF

You’re not starting
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Evaluation

YCB Video dataset
RGBD video sequences of 21 objects

Metrics: ADD, ADD-S

L\

T-LESS dataset

RGB-D sequences of 30 non textured industrial objects
Metrics: Visual Surface Discrepancy
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Results - YCB Video dataset

RGB

PoseRBPF PoseRBPF PoseRBPF++

PolecNIRL | PR 50 particles 200 particles | 200 particles

objects | ADD _ADD-S | ADD ADD-S | ADD ADD-S | ADD ADD-S [ ADD ADD-S
002_master_chef can | 50.9 84.0 - - 56.1 75.6 58.0 77.1 63.3 87.5
003_cracker_box 51.7 76.9 559 69.8 734 85.2 76.8 87.0 77.8 87.6
004_sugar_box 686 843 | 757 871 | 739 85 | 759 876 | 796 894
005_tomato_soup_can | 66.0 809 | 761 851 | 71.1 820 | 749 845 | 73.0 836
006_mustard_bottle | 799 902 | 819 909 | 800 901 | 825 910 | 847 920
007 _tuna_fish can | 704  87.9 56.1 738 | 590 790 | 642 827
008_pudding_box 629  79.0 . : 548 692 | 572 721 | 645 772

009_gelatin_box
010_potted_meat_can
011_banana
019_pitcher_base
021_bleach_cleanser

59.6 78.5

49.3 62.0

51.8 66.9

025_mug
035 power drill
036_wood_block

037 _scissors
040_large_marker
051 _large_clamp

052 extra large clamp

061 _foam_brick

72.3 85.9
52.5 76.8
50.5 71.9

A 8.0
35.1 72.8
358 56.2
58.0 714
25.0 49.9
15.8 47.0

53.7 759

22.8 64.1
74.0 87.5
51.6 66.7
67. 83.

64.4 80.6
20.6 309
45.7 54.1
27.0 73.2
50.4 68.7

248 61.5
75.3 88.4
54.5 69.3

0.9 85.4
70.9 85.0
21.7 33.0
48.7 39.3
47.3 76.9
26.5 69.5

599 71.5

18.4 66.9
63.7 82.1
60.5 74.2
' 85.6

o 89.0
71.8 34.3
38.7 59.1
67.1 76.4
38.3 59.3
32.3 44.3

62.1 78.4

PoseRBPF++ - 50%
of the particles around
PoseCNN predictions
and the other 50%
from the particles of
the previous time step
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Results - TLESS dataset

Without GT 2D BBs
RGB RGB-D With GT 2D BBs
Object | SSD RetinaNet RetinaNet | RetinaNet RetinaNet
371  [37] _ PoseRBPF | [37] + ICP PoseRBPF | [37] PoseRBPE
1 565 887 27.60 2232 6130 | 1233  80.90
2 | 546 1322 26.60 29.49 6310 |1123  85.80
3 705 1247 37.70 38.26 7430 |13.11  85.60
4 | 461 6.56 23.90 23.07 64.50 | 1271  62.00 PoseRBPF
5 13645 34.80 54.40 76.10 8670 |66.70  89.80
6 [2315 2024 73.00 67.64 7150 |5230  97.80 outperforms
7 11597 1621 51.60 73.88 88.00 |3658  91.20 other methods
8 1086 19.74 37.90 67.02 84.00 [2205  95.60 - :
9 |1959 3621 41.60 78.24 86.00 |4649  77.10 in most object
10 |1047 1155 41.50 77.65 7430 | 1431  85.30 classes
11 | 435 6231 38.30 35.89 62.60 |1501  89.50
12 | 780 815 39.60 4930 7100 3134  91.20
13 | 330 491 20.40 42.50 4210 [1360  89.30
14 | 285 46l 32.00 30.53 50.10 |4532 7020
15 | 790 2671 41.60 83.73 7660 |50.00  96.60
16 |13.06 21.73 39.10 67.42 83.80 [36.09  97.00
17 4170 64.84 40.00 86.17 7840 |81.11  87.00
18 |47.17 1430 47.90 84.34 81.10 |52.62  89.70
19 1595 2246 40.60 50.54 61.80 |50.75  83.20
20 |217 527 29.60 14.75 55.00 [37.75  70.00
21 1977  17.93 47.20 40.31 7270 5089  84.40
22 1101  18.63 36.60 3523 63.80 |47.60 7770
23 | 798  18.63 42.00 42.52 8240 |[35.18  85.90
24 | 474 423 48.20 59.54 8320 |[1124  91.80
25 2191 1876 39.50 70.89 7770 [37.12  88.70
26 | 1004  12.62 47.80 66.20 85.00 [2833  90.90
27 | 742  21.13 41.30 73.51 6800 [21.86  79.10
28 2178  23.07 49.50 61.20 7930 4258  72.10
29 1533  26.65 60.50 73.04 8630 |57.01  96.00
30 |3463 29.58 52.70 92.90 80.10 |7042  77.00 1
Mean | 14.67  18.35 41.67 57.14 7316 3679  85.28
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Qualitative Results

W ’ 2
=
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B

YCB Video dataset TLESS dataset
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Conclusions

* |n conclusion, PoseRBPF is a 6D pose tracking framework that uses a particle

filtering approach with a learned autoencoder to estimate full distributions
over object poses.

* The proposed method overcomes the shortcomings of existing approaches by

estimating uncertainties and providing robustness against symmetry and
occlusion.

« PoseRBPF achieves state-of-the-art results on two benchmarks.
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Limitations and Future Work

Limitations

 PoseRBPF does not generalize well to unseen objects as codebooks are
generated only for objects in the training set.

 Each object requires a codebook entry for each of the 191,808 possible
orientations, making it highly inefficient to store.

Future work

Methods to generate object independent codebook entries can be explored.

L\
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Thank You!

= WE GETAT.0,GO HOME!
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6-PACK

Category-level 6D Pose Tracker with Anchor-Based Keypoints

By: Chen Wang, Roberto Martin-Martin, Danfei Xu, Jun Lv
Cewu Lu, Li Fei-Fei, Silvio Savarese, Yuke Zhu

Presented by:  Abigail Rafter, Joshua Friesen

L\,
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The Authors

Chen Wang - PhD student at Stanford
Roberto Martin-Martin - PhD student at Stanford

Danfei Xu - PhD student at Stanford

Jun Lv - PhD student at Shanghai Jiao Tong University
Cewu Lu - Professor at Shanghai Jiao Tong University
Fei-Fei Li - Professor at Stanford University

Silvio Savarese - Professor at Stanford University

Yuke Zhu - Professor at UT Austin

L\,
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https://www.youtube.com/watch?v=INBjNZsnfy4

DR

6D Pose lracking

« Common form of state representation for robotics

* Pose tracking in real-time allows for fast feedback control

What EXxists Proposed

* Requires known 3D models < Category-level 6D tracking

* Anchor-based keypoints
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Contributions
1. Anchor-Based Keypoints “ 'kip:fﬁ?
2. Temporal 6D Category-Level Pose Tracking o fgliﬁfi.

W
y

3. State Of The Art Accuracy & Real Time Performance

Anchor-based
Keypoints

L\
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3. Category Lev

Background

1. Matching View to Template 2. Matching View with Render

el Estimation 4. Anchor-based Keypoints

(0.1.0)

. (1.1,0)

48
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Anchor-Based Keypoint Generation

. RGB-D frame I
. Absolute 6D pose P
. . Predicted 6D pose P
“ _»* ] : Rotation change AR :
’ .,--"?1‘0 . Translation change At :
i
keypoints - AR, At
* A
B e
& o' ‘o - @ Pr

Input P @ Output
at time t ‘ attime t

Overall Workflow

49
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Anchor-Based Keypoint Generation

RGB-D frame |
- Absolute 6D pose P

‘ ' . Predicted 6D pose P
| — — h . Rotation change AR
" I © Translation change At

t
- @ I Output
| attime t

at time t

I
Input | =
L

49
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Anchor-Based Keypoint Generation

.~
-—

“4 %

Input
at time t

A I |
’st | | : RGB-Dframe |
i . Absolute 6D pose P
{ I.‘ . | . Predicted 6D pose p
. ] .,;-_.:.Q — § Rotatlon‘ change AR§
| ot | | . Translation change At :
Y S 0888066006000 00000a000aE00EB0EERBEEE
o
| keypoints |- AR, At
- —J - —O e
f I .’v,.,- “. PT
I I
[S, @ I i Output
‘ at time t
L I I I l
Overall Workflow
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Anchor-Based Keypoint Generation

predicted pose /IS

RGB-D frame

gi!

' o

‘.".
.‘\_‘"_-.'. -
e
."
Y
o

”e

t-1

keypoints

,
a b ¢
o -"‘--. .
| ;Q' P
t A "“

—_

e

. RGB-D frame |
Absolute 6D pose P
Predicted 6D pose P
Rotation change AR :
Translation change At :

-

»
¢
Input ﬁ @
attime t '

Output
attime t

Overall Workflow
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Anchor-Based Keypoint Generation

predicted pose ’F\’ per-point
;9 [T feature
—x\ Dense o
— | Fusion
/@% Mxf

RGB-D fr\ame/ " l P @ RGB-D frame
- Absolute 6D pose

I
O O for each anchor . P
\ ® { . . Predicted 6D pose P
. A — " . .
T v : Rotation ch R :
crop within : ’ . ’ - - q}" . 5 Tr(;:sg:ion ac:gi e 2t 3
enlarged 3D ¢ f il iR s s
bounding box Os . el f keypoints | AR, At
& normalize Ost 'O . 294 . . «.
b ek . distance-weighted ] p‘_. e
O o O Q.0 average pooling | } o e - P,
AN
OO0 0O—0O - ~
O Input P @ Output
@ generate N anchors a attime t : at time t
Anchor-Based Keypoint Generation Overall Workflow
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Anchor-Based Keypoint Generation

predicted pose P per-point| | per-anchor
T — feature feature
Dense .
" | Fusion /
Nxf

.55

RGB D frame

J
O for each anchor
\ O
crop within ~
enlarged 3D p
bounding box O' : O i
& li .
normalize O\&':.. O_
n distance-weighted
O O O O average pooling
O—0—0*0—0 (4)

@ generate N anchors a

Anchor-Based Keypoint Generation

L\,
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keyponnts

p‘ N .‘.: O _’.

. RGB-D frame I

. Absolute 6D pose P

. Predicted 6D pose P
. Rotation change AR :
. Translation change At :

ooooooooooooooooooooooooooooooooooooooo

o 0
Input = @
attime t ‘

Output
attime t

Overall Workflow
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Anchor-Based Keypoint Generation

| A . attention selected
predicted pose P per-point| | per-anchor

~— . score anchor

feature feature ¢
Aftn eature
Dense . : - ' —_—
Fusion / Network| L. argmax ;s
ot - Vi @
Mxf Nxf

. ~ e |
RGB-D frame | l T Pm@ ; RGB-D frame I 3
O for each anchor : Absolute6Dpose P
\ O { . . . Predicted 6D pose P
crop within | | . . o e ] . Rotation change AR :
enlarged 3D s t-1 | .,.--‘-'?"‘- . Translation change At :
\ Y|
somangoor 01 O / nns |- AR A
normalize 2 : | °
O‘o‘ * ’Q - K\ é@ . .‘ “
. e e . . | i-_‘:__—.‘o/_’.
ST, . distance-weighted |t p — — 9
O " O Q.0 average pooling } o e - P,
AN
OO0 0O—0O < A~
-/ Input P @ Output
@ generate N anchors a at time t '- at time t
Anchor-Based Keypoint Generation Overall Workflow
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Anchor-Based Keypoint Generation

predicted pose P per-point| | per-anchor
T — feature feature
Dense .
Fusion /)
(.')._ ] 4 - Ly
Mxf Nxf

RGB-D frame

\ for each anchor
crop within
enlarged 3D

bounding box f
& normalize
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surface for improved interpretability
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Anchor-Based Keypoint Generation
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Experimental Design

 Dataset: NOCS-REAL275
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Experimental Design

Dataset: NOCS-REAL275

Evaluation metrics:

5°5 cm: percentage of tracking results with orientation error < 5° and
translation error <5 cm

loU25: percentage of volume overlap between the prediction and
ground-truth 3D bounding box that is larger than 25%

R, mean of orientation error in degrees

T.,.- mean of translation error in centimeters

L\



DR

Experimental Design



DR
Experimental Design

 Baselines:
NOCS [46]: State-of-the-art category-level 6D pose estimation method

that uses per-pixel prediction
ICP [50]: Standard point-to-plane ICP algorithm implemented in Open3D

KeypointNet [41]: Implementation of proposed model without the

anchor-based attention mechanism
6-PACK without temporal prediction: Predicted pose in the next

frame is the previous estimated pose
6-PACK: predicted pose in the next frame extrapolates from the last

estimated inter-frame change of pose (constant velocity model)

L\
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Results

NOCS | ICP | Keypoint | Qurs w/o
[46] [50] Net [41] temporal Ours
5°5cm 5.5 10.1 5.9 23.7 24.5
ore1e | 0U25 | 487 | 299 23.1 92.0 91.1
R.,, 256 | 48.0 28.5 15.7 15.6
Topr 14.4 15.7 9.5 4.2 4.0
5°%5cm | 62.2 | 403 16.8 53.0 55.0
ol [oU25 | 99.6 | 79.7 74.7 100.0 100.0
R.,, 4.7 19.0 9.8 5.3 5.2
Topr 1.2 4.7 8.2 1.6 1.7
5°5¢m 0.6 12.6 1.8 8.4 10.1
camera | U25 | 906 | 53.1 30.9 91.0 87.6
R.,, 33.8 | 805 45.2 43.9 35.7
Topr 3.1 12.2 8.5 55 5.6
5°5¢m 71 17.2 43 25.0 22.6
- IoU25 | 77.0 | 405 42.6 89.9 92.6
R.,, 16.9 | 47.1 28.8 12.5 13.9
Topr 4.0 9.4 13.1 5.0 4.8
5°5cm | 25.5 14.8 492 62.4 63.5
Lot o loU25 | 94.7 | 509 94.6 97.8 98.1
PEOP R 8.6 37.7 6.5 4.9 4.7
Topr 2.4 9.2 4.4 2.5 2.5
5°5¢m 0.9 6.2 3.1 224 24.1
. loU25 82.8 | 277 52.0 100.0 95.2
J R, 315 | 563 61.2 20.3 21.3
Topr 4.0 9.2 6.7 1.8 2.3
5°5¢m 17.0 16.9 13.5 32.5 33.3
Overall loU25 822 | 47.0 53.0 95.1 94.2
Rerr 20.2 | 48.1 30.0 17.1 16.0
Top, 4.9 10.5 8.4 3.4 3.5
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Conclusions

* Summary: Anchor-based keypoint generation for 6D
pose tracking

» 6-PACK demonstrates state-of-the-art performance on a
challenging category-based 6D object pose tracking
problem

* 6-PACK enables real-time tracking and robot interaction
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Limitations and Future Work

* Only works on RGB-D data
* 10 Hz pose tracking on robot

* Only trained on 6 categories of objects
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Next Time: Visual Odometry and Localization

* Seminar 6: Visual Odometry and Localization

@ D =

Backprop KF: Learning Discriminative Deterministic State Estimators, Haarnoja et al., 2016

Differentiable Particle Filters: End-to-End Learning with Algorithmic Priors, Jonschkowski et al., 2018

Multimodal Sensor Fusion with Differentiable Filters, Lee et al., 2020

Differentiable SLAM-net: Learning Particle SLAM for Visual Navigation, Karkus et al., 2021
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