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What is a good cost function
for point cloud registration?

Example: Three 2D point cloud registration cases.
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Multiple local minima

Ground truth is not
a local minimum!

ICP [1] solves the following optimization problem:

_min Y pijl|Rm; +t — 5,3
ij €
RcSO(2) teR? “7

Problem: Noise, outliers, missing data, etc., can deform the cost surfaces,
resulting in incorrect solutions.

Three problems with the existing optimization-based approaches:
 What is a good cost function for a given problem?

* What is an efficient way to find a solution?

K * How can we avoid local minima and bad solutions?

Discriminative Optimization (DO)

Idea: FoIIow the vector fields from the initializations to the solutions.
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Update directions of DO points to the ‘correct’ solution.

Bonus: DO also expands the region of convergence.
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How does DO work?
Update rule

Estimate at time ¢ Update vector
—— | | |
Xt4+1 — Xt — Dt+1h(Xt)

Feature function

A linear map
(to be learned)
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KBonus: Training error converges to zero under stronger assumptions.
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Training

Goal: Learn vector fields from different initializations to the solutions

Training data
{E&’T By
l t: =20

Learn the maps

Initialization
Ground truth

Feature function
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Dy y1 = argmin y_[x.” —x;” + Dh (x|
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l t:=t+1
Update the data

x(}, = x;” = Db (x”)

Related works: Cascaded regression [2], Supervised Descent (SDM) [3], etc. /
~

Solving new problem instance

t:=t+1
'
Input A Update
X0, h, {D;}/_, x = x — D;h(x)
t:="1T

Terminate?

(max #Hiter /
small updates)

Advantages of DO

e No explicit cost function e Robust against noise and outliers

e Empirically shown to avoid bad solutions with larger region of convergence
e The h function does not need to be differentiable/continuous

e Computationally efficient
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Strictly monotone

Theoretical result

A function f : RP — RP? is strictly monotone at x, € RP if

(x — x,) ' f(x) > 0,Vx € R\ {x,}.
Strictly monotone at O

Fat

If there exists D such that Dh(® is strictly monotone at *

( ) for all 7, then the training error of DO strictly decreases N\
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DO for Point Cloud Registration

Parametrization

 Parametrize x as the Lie algebra of the rigid transformation
* Function h as a histogram of local density of scene points in each side of each
model point
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Training the maps

Generated synthetlcally E)erturbed data from the model and trained 30 maps
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with x( ) , and x ground truth transformation parameters.
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Experiments

 Stanford bunny, 500 rounds / setting

Synthetic results _ 00 T
* With 5 perturbations in the data

(a) Number of Points (b) Noise SD (c¢) Initial Angle (d) Number of Outliers (e) Incomplete Scene
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Noise sd =0.02 , 0.1 Angle = 30°, 90° #outlier =100, 300 Ratio Incomplete = 0.2, 0.7

—+—ICP IRLS CPD GMMReg —#— DO *DQ's training time: 236 sec.
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 UWA [4] dataset, 4 shapes, 50 scenes, 50 rounds / setting

* Structured outliers
*DQO's avg. training time: 260 sec.| —4—ICP IRLS CPD —#— GMMReg —#—DO

Range-scan results
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(d) Registration steps of DO (e) Baseline results

Application: 3D Object tracking

Tracked two shapes on 3D video from Kinect, DO runs at "‘40ms/frame
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3D Data

Reproj. on RGB img.

\ (a) Models (b) Results /
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