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Overview

¢ Some terminologies ...

e Pose Estimation
¢ Given: Image t
e TTarget: Pose t
e Pose Refinement
e Given: Image t, Pose t init
e Target: Pose t refined
® Pose Tracking
e (iven: Image t-1, Pose t-1, Image t

e TTarget: Pose t



Overview

® As aregression problem e o ot a} e Gt s ——!
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PoseCNN: A convolutional neural network for 6D object pose estimation in cluttered scenes. RSS, 2018




Overview

® As aregression problem

. ‘ »| posel® > ®
e Pose Tracking: renderand X
I'Cgr68510n ‘ —>| Renderer Apo;e(m

\ I |
e Render the image of target 30 model f 3D model
object with initial pose and [ \

)
|
|

()bJ ect 3D model Rendeed imége I

e Feed the rendered image |
and 1nput 1image into Neural N Observed image
Network to extract feature

e Regress the additive pose
for target object

DeeplM: Deep Iterative Matching for 6D Pose Estimation, ECCV, 2018




Overview

® As aregression problem
e Pose Estimation: direct regression from image feature

e Pose Tracking: render, compare with observed 1image, then regress
relative (additive) pose

e As a matching problem




Overview

* As a matching problem

e Pose Estimation by
matching sparse
correspondences

e [Extract semantic 2D
keypoint from the 1image image Inermediae heatmps Output heatmaps

e Solve for PnP with
corresponding 3D
keypoints in object frame

6-DoF Object Pose from Semantic Keypoints, ICRA, 2017



Overview

* As a matching problem

e Pose Estimation by
matching dense
correspondences

e Estimate pixel-wise object
coordinates for all
foreground pixels

e Apply RANSAC + PnP to
solve for object pose

Learning 6D Object Pose Estimation using 3D Object Coordinates, ECCV, 2014
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Overview

e As a matching problem B ~ngmin(£p (1000 M) - ) + Y0 (BN
e Pose Tracking by keypoint Keytrame

tracking ;[\/ J

....... =
e Extract keypoint and | ' 5—

descriptor from input
images of different frames

e Using matched keypiont to
estimate relative pose
between different frames

Multiple 3D Object Tracking, TVCG, 2011; https.//www.youtube.com/watch?v=eqlEz\WWmuijs



https://www.youtube.com/watch?v=eqlEzWmuijs

Overview

* As a matching problem

e Pose Tracking by
silhouette tracking:

e Project object mesh with
initial object pose and
extract silhouette

e Compute residual of current
silhouette according to
local foreground-
background similarity

e (Optimize object pose to
minimize the residual b
gradient-based approach

A Region-based Gauss-Newton Approach to Real-Time Monocular Multiple Object Tracking, TPAMI, 2018



Overview

e As aregression problem

e Pose Estimation: direct regression

e Pose Tracking: render and regression

e As a matching problem

e Pose Estimation: matching from image pixels to points in object frame

® Pose Tracking: matching between frames

e Msic.

e Tracking by Detection: Single frame estimator + filtering (smoothing)

e (oarse-to-fine estimation: Coarse pose 1nitialization (or sampling) +
[terative refinement



Overview

e Pose estimation 1s a solved problem
when:

e Using sparse keypoint as representation

e (Given adequate well-annotated data and =~ i
precise object model

e Some recent trends

® gparse representation to denser

. Sparse - Key Points
representation

¢ instance-level to category-level

e model-based to model-free

Semi-dense - Silhouette/Edges




Overview

® Paper to cover

Paper Name Conference Model-Free Representation

NOCS CVPR19 at inference category-level NOCS

DPOD ICCV19 No instance-level UV Map
hybrid of

Hybrid Pose CVPR20 No instance-level geometric
primitives

at training and .

6-Pack ICRA20 inference category-level keypoints

Category Level Object Pose ot training and

Estimation via Neural Analysis-by- ECCV20 . 9 category-level latent vector

_ inference

Synthesis

Shape Prior Deformation for

Categorical 6D Object Pose and ECCV20 at inference category-level NOCS

Size Estimation

: at training and :

LatentFusion CVPR20 inference unrestricted latent volume

Reconstruct Locally, Locally at training and : object

Globally GUHRED inference I ElTEE B coordinates




Pose Estimation with Various Representations

Class Label

Pose Fitting

|

e NOCS

e Representation: Normalize Object Coordinate Space

e Approach:
e Estimate NOCS Map, lift to original scale with depth
e (Obtain object point cloud with depth and instance mask

e Estimate pose with transformation from object coordinate to object point
cloud



Pose Estimation with Various Representations

Input Correspondence block Output Pose Block Output
Input Feature extraction Refinement heads
Correspondences K Cat
DeCOder od s '; - Ji:’:“ Rll Ru R] 3 TX
U channel S, Ry Ry Ros | Ty
AN - R3; R3; Ry T,
PnP + RANSAC Eggbox

Decoder
* Rll RIZ R13 TX
V channel Ry Ry Rz | Ty
Ry Ry, Ray | T,

Came
Decoder : —
ﬁ [ ) - Ryy Ry Ry | T
ID Mask T Ryy Ry Raz | Ty
R'{l R'l? R}l Tz

ID Mask 3D Models

e DPOD

e Representation: UV Map
e Approach:

e Estimate UV Map and instance mask

e Estimate pose using RANSAC + PnP

e Refine pose with render and compare




Pose Estimation with Various Representations

* DPOD w/o0 Refinement + Refinement

¢ Experiment result on PVNet [25] Ours |DeepIM [12] Ours
LineMOD 43.62 53.28 77.0 87.73
9990 95.34 97.5 98.45
e Discussion: UV Map VS. 86.86  90.36 93.5 96.07
NOCS 9547 94.10 96.5 99.71
7934 60.38 82.1 94.71
9643 97.72 95.0 98.80
52.58 66.01 77.7 86.29

99.15 99.72 97.1 99.91
95.66 93.83 99.4 96.82
8192 65.83 52.8 86.87

08.88  99.80 08.3 100
99.33 88.11 97.5 96.84
9241 74.24 87.7 94.69
86.27 82.98 88.6 95.15




Pose Estimation with Various Representations

e Hybrid-Pose

7’1%,1;(?1;) = Py X (Rpy, + 1), (D
Trt(VesPe,) = Ve X (RP,, +1t) + P, X (RT,) (2)
T}Si,t(qs,la qs,2) = ((}3,1 X fls,z)TRﬁr- 3)

Prediction networks . .y . .
Residual for initial pose estimation

< S S
;Aog ';492 \_~< 0& K|
min > olllrs e @)l B)Im% « (i) 13,
k=1

(&) Input image (b) Predicted keypoints, edge vectors, and symmetry
correspondences

|€]
K
; % S ol Be) 7 (w12,
e=1

|S|
<« K| s
> S + Qo rrt(ds1:95,2), B 9)
\= XS A= XSS |5|SZ:;P( 7,t(2s,1,9s,2), Bs)
(d) Final pose (c) Initial pose

e In a nut shell: estimate multiple geometric primitives with Residual for pose refinement

network, then optimize over them

e Different formulations are used for pose

: C estimation and refinement
e (Geometric primitives:

: : : e For pose estimation, the target 1s to
¢ Pixel coordinate Keypoint form an Ax=b linear system

e 2D edges between pairwise key points e For pose refinement, the gradient-
based optimization approach is used

e Pairs of symmetric points




Category-Level Pose Estimation

® 6 —P aCk predicted pose 5 attention selected ° ° ordered 3D

per-point per-anchor - " keypoints k.
' feature feature score f nc;hor | ypcz. '
= o Dense Attn, | [ eaure o ‘ -
| = — (. . . . Qe
\ * | Fusion Y/ — — Network [;]argmaxl — l
\ fy A pr— \ /. . ® selected
(3) ) ¢ == ¥ [(5) 6) | anchora
@@ Mx 1 Nxf ®
- \@/ X 1 T p . RGB-D frame I
RGB-D frame O -1 " Absolute 6D p
for each anchor ; Absollie 5L pose :
\ O— : { . . . Predicted 6D pose B
Ay b — . N .
O ') - . ve : Rotation change AR :
crop within i | ' . o . Translation change At
enlarged 3D v & ¢ ! T ST PTPPIS :
bounding box Oy . O O? f keypoints L AR, At
& normalize : i R °
Q#3 Q. . 0 T S
ali,! XY distance-weighted It ‘ —g — <@
o O 0.0 average pooling ‘ 4 TR P,
a0
OO0 00O 4
-/ Input |° Output
@ generate N anchors a, at time t ‘ at time t

Anchor-Based Keypoint Generation Overall Workflow

e Approach: Lo — L 3" cillai — ogell2 — B) anchor
N < scoring loss
e 3D anchor generation (3D grid) o
. . Loy = % > Ik = [AR A - k7| crgrl:gls’:g(ra\\clzvy
e Point-wise feature aggregated to anchor feature i 0SS
e Anchor scoring and 3D keypoint regression Ly = ||(K* — K1) — AtY|
pose

e [ntuition: coarse anchor selection + fine-grained keypoint estimation loss

1 A
' ——||AR: —
selection to enlarge search space 2\/5” t

Lyt = 2 arcsin( ARY||)



Category-Level Pose Estimation

e 6-Pack

NOCS | ICP | Keypoint | Ours w/o
[46] [50] | Net [41] temporal Ours

o Results on NOCS-REAL275

5%5cm | 5.5 | 10.1 59 23.7 245 |
porcrs | 1025 | 87| 25| 21| me | ol
err . . . . :
e Accurate and stable T 124 | 187 Y 4% 40
5°5cm | 622 | 403 16.8 53.0 55.0
e Run at 10 HZ with GTX1070 powr | 2O V0 L0 T 1 s | ey
Terr 1.2 4.7 8.2 1.6 1.7
55cm | 0.6 | 12.6 1.8 8.4 10.1
0.35 - camera | 1U25 | 906 | 53.1 30.9 91.0 87.6
Rerr 33.8 | 80.5 45.2 439 35.7
. \ Terr 3.1 12.2 8.5 5.5 5.6
— 5°5cm | 7.1 17.2 43 25.0 22.6
g can oU25 | 77.0 | 40.5 42.6 89.9 92.6
© 0.25- Rerr 169 | 47.1 28.8 12.5 13.9
c Terr 4.0 9.4 13.1 5.0 4.8
& 020- 5°5cm | 255 | 148 | 492 624 | 635
o lant IoU25 | 947 | 509 94.6 97.8 98.1
D e e e e e aptop | R 8.6 37.7 6.5 4.9 4.7
£ 0.15- Terr 2.4 9.2 4.4 2.5 2.5
2 e 5%5cm | 0.9 6.2 31 224 24.1
*  0.10- e g oU25 | 828 | 27.7 52.0 100.0 95.2
l{} — Ours Rerr 315 | 56.3 61.2 20.3 21.3
e Ours wjo temporal Tery 4.0 9.2 6.7 1.8 2.3
005 ‘At 5%5cm | 17.0 | 169 3.5 32.5 333
I Overall | 10U25 | 822 | 47.0 53.0 95.1 94.2
0.00 , : | , | | | | Rerr 202 | 48.1 30.0 17.1 16.0
0 25 50 75 100 125 150 175 200 Terr 4.9 10.5 8.4 3.4 3.5

Starting frame



Category-Level Pose Estimation

e Shape Prior Deformation for Categorical 6D Object Pose and Size Estimation

}‘ e I ‘ | ! I
@ | Reconstructed Model ;
|
u q“v{_'f-,: v .":j -\',‘J“" \ﬁi"'*'al-f'.ﬁgi._n:»c;".;’ I / \
\ s ANV )
w Shape Prior ) wh
[N "‘4‘{5’) -
174 4 Similarity
. Transformation
on Field Yy
A L

'S
M . bottle
: ¢ ¢ % bowl|

camera

Segmentation
\

P ] A — De
?/ !‘- —’©—‘l . — Network
w ma

ge Patch {
— X

Observed Points

« can

NOCS Coordinates
1 Correspondence Matrix + laptop

@ Crop an image patch @ Select and back-project foreground pixels @ Matrix addition ® Matrix multiplication

¢ In a nut shell: estimate NOCS with explicit category-level shape prior

e Shape prior: mean (normalized) model point cloud by decoding mean latent
vector for each category

e Fuse feature from model point cloud, generated deformation field and
correspondence.




Category-Level Pose Estimation

e Shape Prior Deformation for Categorical 6D Object Pose and Size Estimation

Image % = |3
: ¢ 00 3 lobal Feature 0 * %

HXWx3 HXWx64 % . 5 1x1024 — § . g g — g A

c
< f—
Po:;\ = 2 - g — ‘% |Point Features Correspondence
= Matrix
Point Features

or 8 o

Shapn‘;""mg—. S —— 835 — 11024 — T — 2 —{%[p
& *
‘ s Global Feature S

1 Deformation

Field
® [.0ss
: dep (M, Mi) = min ||z — m1n T —
e For autoencoder & deformation cp (Me, M) Z JEM: lz = yll5 + Z | ylla-
. IL'GM’L i
field:reconstruction loss (Chamfer yeM;
distance)
1 — 1;)? if |x; — y;| <0.1
LCOI‘I‘ P Pgt) == F Z 2 ) h 2 . (3 :
e For A: correspondence loss (smooth L1 <cP I:vz yi| —0.05, otherwise

with gt NOCS)




Category-Level Pose Estimation

e Shape Prior Deformation for Categorical 6D Object Pose and Size Estimation

° EXperiment o1n Data Method 3Ds0 3D75 5 2cm n;ﬁ\;)cm 10°2cm  10° 5cm
NOCS dataset Baseline [23] | 83.9 69.5 323  40.9 482 646

CAMERA25 | Ours (RGB) 93.1 84.6 50.2 54.5 70.4 78.6
Ours (RGB-D) | 93.2 83.1 54.3 59.0 73.3 81.5

Baseline [33] | 78.0 30.1 7.2 10.0 13.8 25.2
REAL275 Ours (RGB) 75.2  46.5 15.7 18.8 33.7 47.4
Ours (RGB-D) | 77.3 53.2 19.3 21.4 43.2 54.1




Model-Free Pose Estimation

e [.atent Fusion
e Reconstruct with reference frames

e Estimate 2D feature, lift to 3D
feature voxels

e Feature aggregation across
VIEWS

e Inference with optimization

e Estimate initial translation,
sample rotation

e Refine pose by optimization
over depth error and latent

CITOTY

1. Modeling and Rendering

Reference RGB

,‘ Reference Pose Novel Pose
v _
N Modeling g — LELEE ]
ﬁ - A A o .

Reference
(RGB + Mask)

2. Pose Estimation —

% 0

Pose Predicted Depth

Query '
(RGB + Mask + Depth) Query Depth Pose Error

A

Image
Based

Rendering

Prediction RGB

Latent ObjeCt (Depth + Mask)

Gradients




Model-Free Pose Estimation

e [.atent Fusion

PoseRBPF [ ] IBR-LD
Input Textured 3D Mesh
Training Yes
® 1 # Networks Per-Object
Experiment on MOPED Network : e
dataset ADD ADD-S Proj2D | ADD ADD-S Proj.2D

black drill | 59.78  82.94 4980 | 56.67 79.06 53.77
cheezit 57.78  82.45 48.47 | 61.31 91.63 55.24
duplo_dude | 5691 82.14 47.11 | 7402  89.55 52.49

° C()mparable results with duster | 5891 8278  46.66 |49.13 9156  19.33
graphics_card | 59.13  83.20 4985 | 80.71 91.25 67.71
model-based approach orange drill | 5823 8268  49.08 | 51.84 7095  46.12

pouch 5774 82.16 49.01 6043 89.60 49.80
remote 56.87 82.04 48.06 | 55.38 94.80 37.73
rinse_aid 5774  82.53 48.13 | 65.63 92.58 28.61
toy_plane 6241 85.10 49.81 | 60.18 90.24 51.70
vim_mug 58.09 82.38 48.08 | 30.11 80.76 14.38

mean 5851 8276 48.55 | 58.67 87.45 43.35




Model-Free Pose Estimation

e (Category Level Object Pose Estimation via Neural Analysis-by-Synthesis

Training : Inference
-----------
Source Raw Im‘xge Input ~ i
”‘-\(\‘-\\
RT O O (B~ ¢6 i~ Q
Pose GT Target (‘T‘ Pose eqlm'xtlon )
e — -

[JLoss C Q()ptimized i Fixed

e Approach:

e Generate synthetic image given object pose and latent code

e Compare feature metric error between synthesized and observed
1mages to optimize object pose and object shape (latent code)




Model-Free Pose Estimation

e (Category Level Object Pose Estimation via Neural Analysis-by-Synthesis

©
e T A

A
Constant 3D Feature Volume 2D Feature Map
@) [ = G(R,T, ) = W(T, R.) 0 Gyp(Ra, Ry 2
Rotation Translation
e Details:

e Train generator using synthetic data only, use some tricks to reduce the need
of network capacity

e [nitial pose are randomly sampled... E(I,R,T,2) = ||Fyye(I) = Foge(D)|l2 + |12]2,

e Optimize with deep feature (pre-trained VGGQG) + regularization on latent code




Model-Free Pose Estimation

e (Category Level Object Pose Estimation via Neural Analysis-by-Synthesis

e Experiment on NOCS Mean Can Bottle Laptop

100% 100% 100% = LU %
4 /
ataset ’
!
80% 50% |- 50% 50% 'I
I
!
o 0% | 0% 0% 1
! 0.0 7.5 15.0 0.0 15.0 0.0 7.5 15.0

e Comparable to NOCS T Casmers Mug Bowl
0% % 100% s 100 %
when using RGB-D mput
0% % =t @ A 509 % |- 50% |-
0% % l 0% 1 % L
3 6 9 12 15 0.0 7.5 15.0 0.0 7.5 15.0 0.0 7.5 15.0

Ours (RGB)

[ ) Does not require pose Translation Error [cm] —_— NbCS (RGB-D) - burs A(lRGB‘-.D)
annotation

Mean Can Bottle Laptop
. 100% = 100% 100% = 100%
e Compare with LatentFusion LI E
80% - 50% 50% |- 50% |~
0% L 0% ! - 0% L 0%
e Pros: No reference 2 Camera Mug Bowl
40% |- 100% 100% 100%
frames needed / ;?
20% 50% p=- 50% |- 50%
0% | 1 | | | 0% | 0% | 0%
10 20 30 40 50 60 0 30 §) 30 0 30 60

® COnS: can 1t eXtend t() n Rotation Error [degree] — NOCS (RGI;(-)D) i VGG (RGF;;) —— Ours .(RGB))
arbitrary unseen object?




Model-Free Pose Estimation

e Reconstruct Locally, Localize Globally

K

" Box '," Kf&c R“l’t tgt _ Crop! 3 f@ Object
L | i
! il

P | ] | Z—Lrepro Coordinates
. Object coordinate ﬁ—’g—A Projection }—-

' RolAlign| |- branch

Castll i

f = (- ’Lrﬂb E Wi ] Landmarks

) —-‘ Landmark branch ‘ ST = ||
Object coordinate head I i S |
) K I Projection }— et Projected 3 e :
; , t f f ~ 1. [+ || position & ! FCNs

. Box | {Scale:]—h, K;&:c RY t9¢ . - ]
' , . Bananiay

. Object coordinate ﬁ W T ; |:| Geometry
| Roliign . branch ! LT L] e i

’ Landmark branch‘ o posglon = 1 [ Losses

Crop2
Object coordinate head

1

e (verall target: learn object coordinate estimation without
CAD model

e Approach:

e predict mask, object coordinates and landmark

e Single-frame + cross frame consistency supervision




Model-Free Pose Estimation

' -:'J";‘ é n

e Reconstruct Locally, Locally Globally

e What is a landmark’!

e Descriptor with fewer channels. o R invariant
R descriptor
e Descriptors that gain ‘robustness’ to intra- v 2 vectors

class variations

dense
landmark
vectors

¢ |n this work: make no difference with S?
using descriptor...

\ i

marks [45, 9, 42]. A dense descriptor associates to each

¢ May be used to extend the work to

CategOI'y—leVel (?) image pixel a C-dimensional vector, whereas a dense land-

mark detector associates to each pixel a 2D vector, which is
the index of the landmark in a (u, v) parameterisation of the
object surface. Thus we can interpret a landmark as a tiny
2D descriptor. Due to its small dimensionality, a landmark
loses the ability to encode instance-specific details of the
appearance, but gains robustness to intra-class variations.




Model-Free Pose Estimation

e Reconstruct Locally, Locally Globally

e Results: Comparable with SoOTA approaches

w/ CAD model w/o CAD model
BBS BBS 00D egiy DecPIM Denser Px2-PVNel | gop 6h LieNet
method 1] wir w/r [49] w/r Fusion Pose w/r (7] (1] Ours
[22] [27] [52]  [3¥] [40]

ape 279 404 65 21.62 77.0 92 58.1 43.62 0.00 38.8 52.91
benchwise | 62.0 91.8 80 81.80 97.5 93 91.0 99.90 0.18 712  96.51
cam 40.1 55.7 78 36.57 93.5 94 60.0 86.86 041 52.5 87.84
can 48.1 64.1 86 68.80 96.5 93 84.4 95.47 1.35 86.1 86.81
cat 452 62.6 70 41.82 82.1 97 65.0 79.34 0.51 66.2 67.30
driller 58.6 744 73 63.51 95.0 87 76.3 96.43 2.58 82.3 88.70
duck 32.8 443 66 27.23 77.7 92 43.8 52.58 0.00 32.5 54.74
eggbox* 40.0 57.8 100 69.58 97.1 100 96.8 99.15 8.90 794 9474
glue* 27.0 41.2 100 80.02 99.4 100 79.4 95.66 0.00 63.7 91.98
holepuncher | 424 67.2 49 42.63 52.8 92 74.8 81.92 0.30 564 7541
iron 67.0 84.7 78 74.97 98.3 97 83.4 98.88 8.86 65.1 94.59
lamp 399 76.5 73 71.11 97.5 95 82.0 99.33 8.20 894  96.64
phone 352 54.0 79 47.74 87.7 93 45.0 92.41 0.18 65.0 89.24
average 43.6 62.7 79 55.95 88.6 94 72.4 86.27 2.42 65.2 82.88

Table 2. LineMOD: Percentages of correct pose estimates in ADD-10. * denotes that the object is symmetric and is evaluated in ADD-S.

w/r means the pose is refined with 3D model.



Discussion

e Solved problem

e Some recent trends

Pose estimation with sparse keypiont set

Instance-level pose estimation

NNNNNNN (1.0.0)

Given accurate CAD model and pose
annotation

sparse representation to denser Sparse - Key Points
representation

instance-level to category level

model-based to model-free Semi-dense - Silhouette/Edges




Discussion

e Optimal representation of an object?

e Preferred properties:

e Available on weakly-textured object

e (Generalizable beyond instance-level

e Available without accurate
geometric models

e Trackable across time

e Potential solution:
e Sparse keypoint
¢ Dense coordinate map

e Silhouette + appearance cue

e [Latent representation

. . N Hybrid - Silhouette + TCLC Hist.
e Hybrid of geometric/appearance primitives d




Discussion

e Optimal representation of an object?

e How to achieve model-free pose g [ 52::;‘::3
estimation? o
e [carn to reconstruct geometry without d iy

accurate model

e Neural synthesis to generate RGB 1mage
(and depth) for later optimization

Reference Pose Novel

‘% e

Reference Latent Object
(RGB + Mask)




Discussion

e Optimal representation of an object?

e How to achieve model-free pose
estimation?

e How to achieve category-level pose
estimation?

e With intra-category shape prior, either
implicit (encoded 1n network) or
explicit (mean shape)

e (Generalizable neural reconstruction




From academia to industry

e Needs for 6DoF Pose Estimation 1n real application
e Accuracy VS. Stability
e Data VS. Algorithm

e Scalability intra (or even inter) categories




From academia to industry

e Hierarchy of problem to solve

e Instance-level object 6DoF pose estimation in varied scenes and
on varied sensor without fine-tune and adaptation

e more of an engineering problem of scalable data collection

e (ategory-level (with unseen instance) object 6DoF pose
estimation on some common categories

e worth working as academic problem

e Estimate the pose of arbitrary unseen object

e zero-shot learning, final target.. but hard 1f not impossible




The Solution by Google Media Pipe

e MobilePose

detection 0x

e Approach

e Joint 2D detection and regression

ha‘se 47
( for 3D box corners and center) =
e Estimate mask and object _ 4
coordinate if available to augment (7
-
feature J
W)Q/ 0x16 160x120x24 B0x60x32 ésoé / 20x15x128 / mmmmm

e Data pipeline

region to track  frames region to track  frames orientation

e Hand-annotated for the first frame | | sensor data
® Propagate along the sequence Motion Analysis Motion Analysis
using camera pose from ARCore tion data motion data
v ¥ A 4 A 4

Robust Region Robust Region

. R Tracking Tracking
¢ Instant motion tracking vartation,
feature weights relative scale" ‘7
h J
e Track the 9 keypoints by motion Planar Target Tracking Poss Estimation
analysis 7\ GDOFlpose
tracked quad 6DoF pose with relative scale
(a) Planar target tracking (b) 6DoF tracking
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