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Background & motivation o

- Fast development of
- Commodity depth camera
- Real-time reconstruction

KinectFusion [NieBner et al. 2013]
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- Real-time reconstruction allows for ...

/ Online structural analysis [Zhang et al. 2014]\

Instant visual feedback/ S Online analysis!!
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Background & motivation
BE.Y

- What difference does it make?

Analysis

!

Real world == Point cloud == 3D models

Scanning Reconstruction
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By
- Why is It so exciting?

Online analysis guides autonomous scanning !!

e Online analysis tells the
robot where to scan and
when to stop.

e Analysis will benefit from
more and more complete
reconstruction.
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By
- What’s more exciting?

Online analysis guides autonomous scanning !!
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Autoscanning replacing human scanning!
KOBE

By
- What’s more exciting?

Online analysis guides autonomous scanning !!
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How IS the scene
composited?
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Scene segmentation Is not easy!
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‘ o Object-level segmentation
- o Object-wise fidelity
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Method overview
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Entropy-based
validation

Object-level
segmentation
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Algorithm |
Object-level segmentation
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Object-level segmentation - Pipeline asid 2o1s

| Detected jects
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Object-level segmentation
BE.Y

(Generating object hypothes@ (Selecting object hypothesis\

Multiple binary i} One multi-class

graph-cuts graph-cut
~— ) N
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Generating object hypotheses
By

seed
patch ¢

Binary graph-cut

[Golovinskiy et al. 2009]

Input scene

foreground background

-

a hypothetical object
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Generating object hypotheses
By

So we get three hypothetical objects:

na

The next step Is to label the scene using
the three labels above ...
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Selecting object hypotheses
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Hypothesis a Multi-class labeling
Hypothesis b t—>
Hypothesis ¢ S

Selecting the most prominent hypotheses
with a multi-class graph-cut
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Selecting object hypotheses

EER.Y
fot

Hypothesis a Multi-class labeling -
Hypothesis b A ? ?

| ?)
Hypothesis ¢ S 2 (9
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multi-class graph-cut
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Selecting object hypotheses
By

Hypothesisa [0 Multi-class labeling
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Selecting object hypotheses
By

Hypothesisa [T Multi-class labeling

Es(ly # 1) = n(1 — cos(
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Learn segmentation from history ... asid zots

Can we learn from such
case, and apply the
learned knowledge In
segmenting the rest
part of the scene?
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Online Learning of cut cost
BV

Bl b, 1)

Es(lu + lv) = 1-p(ly, # L|x(P, B))

_

[ Predicted by learned SVM cIassifierJ
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Online Learning of cut cost

Feature
representation
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B>
Collect training examples from pushes:

Positive examples: must cut
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Online Learning of cut cost

- Incrementa
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update of the classifier

SA2015.SIGGRAPH.ORG

SIGGRAPH
ASIA 2615

KOBE



SIGGRAPH
ASIA 2615

Online Learning of cut cost e
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Entropy-based proactive validation
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Where to push?
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Object-level segmentation
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Validation pipeline oS

Next-Best-Push
Uncertainty ' Movement

estimation tracking

New recon. ‘ [Next-Best-View

Scan

refinement
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Validation pipeline oS

Next-Best-Push
Uncertainty '
estimation

New recon. Next-Best-View
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Information gain maximization

BE.Y
Shannon entropy
- Maximize the informz
- 2 p(x;) logp(x;)
GO
[(X) = H(X) — H(X)
iInfo. gain  entropy entropy

before push after push
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How to measure the entropy?
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How to measure entropy?
By

- Our goal Is object-aware reconstruction

- TwoO aspects:
- Uncertainty of Segmentation
- Uncertainty of Reconstruction

H=H( , ) == Jointentropy
H(S,R) = H(S)+ H(R|S)

Conditioned entropy o

2



How to measure entropy?

H(S)=-2) pc(e)logpe(e)
€€ cut probability
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How to measure entropy?
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Zg({C(S)) log g( (8))

sEl)

[Kazhdan et al. 2006]

c(s) =[L(s)' s Ty [N g

recon. certalnty sharpness of P0|sson fleld -
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How to measure entropy?
By
H(S, R) = H(S) + H(R|S)

H(R|S) == > pe(e) Y g(c(s))log g(c(s))

Condltloned ec€°(S) s€Q(e)
entropy

Given an object segmentation, how much uncertainty
IS there In the object-wise reconstruction?
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H(R|S) = =) pe(e) Y g(c(s))log g(c(s))

ec&?(S) seQ(e)

mutual

. occluded
occlusion

ISO-points
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How to select the Next Best Push?

B
Search over all push points:

u = argmax (S, R|(puw,du))

Posterior entropy
[(Sa R‘ <pu: d’h‘»>) — H(S? R) o H,(S? R‘ <p'u,; d’u’»>)

o

~ before push IS after push is
performed performed
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How to compute the posterior entropy V
BE.Y

Given a push, how much uncertainty can be reduced by It?

H B
. i

How many occluded iso-points can be exposed by it?

ISO-points
to be exposed

ISO-points
cannot be exposed

A

d -, &
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Plot of information gain

Object-level segmentation
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Results and evaluation

SA2015.SIGGRAPH.ORG



SIGGRAPH
ASIA 2615

Results i 2o

BEA.Y
- Test on real-life scenes
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- Test on real-life scenes
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- Ground-truth data
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A quantitative measure i

- Dbilateral support between ground-truth and
reconstructed surfaces

Imperfect recon. Recon with under-seg. Recon with over-seg.

) Reconstructed surface s Pojsson iso-surface
Ground-truth object _ ,
® Well-supported point @ Unsupported point

H(S T) . Z(pi,ni)ET ﬂ-(pi:!nigs) | Z(pj,nj)es ﬂ-(pj}nj,T)
o 7 ' S
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Quantitative evaluation
By

- Bilateral support

reconstructed surface
ground-truth surface

r
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Imperfect reconstruction
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- Bilateral support

Reconstructed with under-segmentation
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- Bilateral support

Reconstructed with over-segmentation
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Quantitative evaluation

By
- Compare to [Zhang et al. 2014]
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Quantitative evaluation
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- Comparing to alternative robot active analysis
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Number of pushes
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Our method

by
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[Hausman et al. 2013]
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Limitations

By
- Extraction rate: 50%~80%

- Push scheduling
- Vertical support
- Object stack

- Non-rigid objects
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Conclusion
e

- A new paradigm of 3D acquisition

- Autonomous scene scanning
- Scene level: Large scale
- Object level: Detalled

- Proactive validation
- Physically-validated segmentation
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Future works

- Multiple robots?

<« AscTec Pelican
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- Recognizing while scanning
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Thank you!
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Code of object analysis:
www.kevinkaixu.net
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Physically feasible push
BE.Y

Heuristic rules
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