lterative Closest Point SLAM
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Prerequisities

maximizing product of gaussians <=> minimizing the sum of L2 ditferences.
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Example: Extended Kalman Filter
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Pose frorm known correspondences

\\ S e 7; y
ot md (0 e @ p(ze|xe, m) = | | p(zf|x;, m’)
map point m \\\\ 3 \ / - oa). - o 7;

~ 0

Scah/ p { Zi — HNT(Zi,xt) (mj(i)v Q%)

- bel(x;)
zoPAR — argmax p(z¢|x;, m) x )(mj(i)a I)

Xt

= argmin ||T(z},x;) —m’"||3  absolute orientation problem

Xt



Pose frorm known correspondences
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Example: Extended Kalman Filter

Turtlebot _Qi't _th—l | Zj}i ( + Siﬂ(et_l T Ctht) — Sin(é’t_l)) WHERL ERCODERS
transition |1 | = [m-1+ 2 (— cos(fi_y + wAt) + cos(f,_1)) | +Nx, (0, Ry)
prob. | 0 I 0, 1 + wAt
N—
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measurement t — Yt z: Uy ¢
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LIDAR P(Z¢|x¢, m) = HNT(Z;”;,xt)(mJ(Z)v Q;) generalized ICP
measurement Z%IDAR — arg max p(z:|x;, m) localization / SLAM
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Pose from known correspondences

Input: » map m?, scan z;
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Pose from known correspondences

Input: « map m’, scan_zi_
e mean u, = R, t
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Pose from known correspondences

Input: « map m?, scan z;
e mean u, = R, t
e correspondences Jj(%)
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Pose from known correspondences

Input: « map m’, scan z;
e mean u, = R, t
e correspondences Jj(%)

1. Initialize R=R, t =t

2. Solve absolute orientation:

R* t* = argmin Z IRz + t — mj(i)Hg
RESO(3),teR®
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Pose from known correspondences

Input: « map m’, scan z;
e mean u, = R, t
e correspondences Jj(%)

1. Initialize R=R, t =t

2. Solve absolute orientation:

R* t* = argmin

> IRz +t —m!|

ReSO(3),teR3

Output: * posterior mean R*, t™ = z,

R*, t>|< — Z%IDAR

LIDAR
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Pose from unknown correspondences
p(zx, m) = | | p(zi[x;, m?t)

riIsk minimizing 7-class
classification problem

Z%IDAR = arg max p(z;|x;, m) = arg ma(x)\H./\/'T(ziX)(mj (). I)
X x¢,j (1) *. L
1. arg I]H(gl |T (2, %x¢) — mj(i)H% ... Nearest neighbour problem
2. argmin [|T(z¢,x;) —m?’P||2 ... Known absolute orientation problem

Xt



Pose from unknown correspondences

Y
map point m’ @ @

p(Z¢|x¢, M) = Hp(Zi\Xta mj(i))

scan peint z risk minimizing 7-class
classification problem

scan
map

zUPAR — aremax p(zi|xe, m) = arg maX\H NT(Zt,x )(mJ(z) 1)

Xt Xty] (7’

j ()
2. argmin [|T(z¢,x;) —m?’P||2 ... Known absolute orientation problem

Xt

< 1. argmin [|T(z},x,) —m’ |3 Nearest neighbour problem




Pose from known correspondences

@@ @

p(Z¢|x¢, M) = Hp(Zi\Xta mj(i))
map point @ i
scan pomt @ @) . L
riIsk minimizing 7-class
classification problem
scan
map 1| 2
- I bel
LIDAR bel(x;)
p(zy " e, 1 %
ZLIPAR oo max p(zt\xt, m) — arg ma(X\H Nty (3@ T)
=t X¢,J(2) v

j ()
2. argmin [|T(z¢,x;) —m?’P||2 ... Known absolute orientation problem

Xt

< 1. argmin [|T(z},x,) —m’ |3 Nearest neighbour problem




Pose from unknown correspondences

L Input: « map m’, scan z,
J(@)‘. .. ..o ‘\: -mean ﬁ,f .
° . ' 1. Initialize R* =R, t* =t
Zfé ° 2. Solve nearest neighbour:

7(2)" = argminz IR*z! 4+ t* —
jli)ed

(
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Pose from unknown correspondences

L Input: « map m’, scan z,
J(Z).. .. ..o .\: -mean ﬁ,f .
° . . 1. Initialize R* =R, t* =t
Zfé ° 2. Solve nearest neighbour:

g e
3. Solve absolute orientation:

R* t* = argmin Z\\Rzi%—t—mj(i)* >

ReSO(3),teR3 <

j(2)* = arg minz IR*z! + t* — m’ (V|2
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Pose from unknown correspondences

m Input: « map m?, scan z;
‘o.o ‘o‘o e mean H’t:>R7t..
. o o
O _ —
° . 1. Initialize R* =R, t* =1t

2. Solve nearest neighbour:

g e
3. Solve absolute orientation:

R* t* = argmin Z \Rzi%—t—mj(i)* %

ReSO(3),teR3 <

R*’ t>l<

j(2)* = arg minz IR*z! + t* — m’ (V|2
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Pose from unknown correspondences

o Input: « map m?, scan z;
i@ o S o * mean gy = R, ¢
. O “1 -
. - _
. b é 1. Initialize R* =R, t" =t
Z ) 2. Solve nearest neighbour:
§ IO = ammin) R+ 47—l O)
. J\1 7
£ 3. Solve absolute orientation:

R* t* = argmin Z \Rzi—l—t—mj(i)* %

ReSO(3),teR3 <

R*’ t>l<
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Pose from unknown correspondences

Input: « map m?, scan z;
e mean u, = R, t

1. Initialize R* =R, t* =t

2. Solve nearest neighbour:
7(2)* = argmmz IR*z! + t* — m’ (V|2
g e
3. Solve absolute orientation:

R* t* = argmin Z |IRz: +t — m? (V)"
ReSO(3),teR?

iterate
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R™

Pose from unknown correspondences

Input: « map m?, scan z;
e mean u, = R, t

1. Initialize R* =R, t* =t

2. Solve nearest neighbour:

S = armmind R -l
- j(1 p
2 3. Solve absolute orientation:
R* t* = argmin Z IRz +t — mJ ()"
ReSO(3),teR3
Output: * posterior mean R, t* = ZLIDAR
t — ZLIDAR
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Pose from unknown correspondences with outlier rejection

— Hp(Zi\Xt,mj(i))

p(Zt|Xt7m

riIsk minimizing 7-class
classification problem

z DA — argmax p(z|x;, m) = arg max HNT(Zt,X )(mJ(z) )

Xt Xty] (Z

1. afgfjn(gl |T (2, %x¢) — mj(i)Hg ... Nearest neighbour problem

2. argmin [|T(z¢,x;) —m?’P||2 ... Known absolute orientation problem

Xt



Pose from unknpwn correspondences with outlier rejection

p(Z¢|X¢, M) = Hp(Zi\Xta mj(i))

riIsk minimizing 7-class
classification problem

z DA — argmax p(z|x;, m) = arg max HNT(Zt,X )(mJ(z) )

Xt Xty] (Z

1. afgrjn(gl |T (2, %x¢) — mj(i)H% ... Nearest neighbour problem

2. argmin [|T(z¢,x;) —m?’P||2 ... Known absolute orientation problem

Xt



Pose from unknown correspondences with outlier rejection

— Hp(Zi\Xt,mj(i))

p(Zt|Xt7m

riIsk minimizing 8-class
classification problem

z DA — argmax p(z|x;, m) = arg max HNT(Zt,X )(mJ(z) )

Xt Xty] (Z

1. afgfjn(gl |T (2, %x¢) — mj(i)Hg ... Nearest neighbour problem

2. argmin [|T(z¢,x;) —m?’P||2 ... Known absolute orientation problem

Xt



Pose from unknown correspondences with outlier rejection

— Hp(Zi\Xt,mj(i))

p(Zt|Xt7m

riIsk minimizing 8-class
classification problem

z DA — argmax p(z|x;, m) = arg max HNT(Zt,X )(mJ(z) )

Xt Xty] (Z

1. afgfjn(gl |T (2, %x¢) — mj(i)Hg ... Nearest neighbour problem

2. argmin [|T(z¢,x;) —m?’P||2 ... Known absolute orientation problem

Xt



R™

Pose from unknown correspondences with outlier rejection

Input: « map m?, scan z;
e mean u, = R, t

1. Initialize R* =R, t* =t

2. Solve nearest neighbour:
7(2)* = argmmz IR*z! + t* — m’ (V|2
g e
3. Solve absolute orientation:

R* t* = argmin Z IRz +t — m’(¥)
ReSO(3),teR3

iterate

Output: * posterior mean R*, t* = z,

t s ZLIDAR
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Pose from unknown correspondences with outlier rejection

Input: « map m?, scan z;
e mean u, = R, t

1. Initialize R* =R, t* =t

2. Solve nearest neighbour:

7(2)* = argmin g IR*z! + t* —mj(i)H%
QIS
3. Outlier rejection by median thresholding:

if [R'z; +t* —m’" |3 >0 then j(i)'=MW

iterate

4. Solve absolute orientation:

R* t* = argmin Z |IRz: +t — m? (V)"
ReSO(3),teR?

LIDAR
R* t" = z, Output: * posterior mean R*, t* = z,
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Pose from unknown correspondences with outlier rejection

]_:{,*7 t>l<

Input: « map m’, scan z;
e mean u, = R, t

1. Initialize R* =R, t* =t

2. Solve nearest neighbour:

7(2)* = argmin g IR*z! + t* —mj(i)H%
QIS
3. Outlier rejection by median thresholding:

if [R'z; +t* —m’" |3 >0 then j(i)'=MW

4. Solve absolute orientation:

R* t* = argmin Z |IRz: +t — m? (V)"
ReSO(3),teR?
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Pose from unknown correspondences with outlier rejection

Input: « map m?, scan z;
e mean u, = R, t

1. Initialize R* =R, t* =t

2. Solve nearest neighbour:

7(2)* = argmin g IR*z! + t* —mj(i)H%
QIS
3. Outlier rejection by median thresholding:

if [R'z; +t* —m’" |3 >0 then j(i)'=MW

iterate

4. Solve absolute orientation:

R* t* = argmin Z |IRz: +t — m? (V)"
ReSO(3),teR?

LIDAR
R* t" = z, Output: * posterior mean R*, t* = z,
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R™

Pose from unknown correspondences with outlier rejection

, t7

—

ZLIDAR

Input: *« map m?, scan z
e mean u, = R, t
i il

1. Initialize R™ =

. Solve nearest neighbour:
j(i)* = argmin ) |R*z - m’|3

OIS
. Outlier rejection by median thresholding:

if |R*z) +t* —m/"|3 >0 then j(i)"

. Solve absolute orientation:

R* t* = argmin Z |IRz: +t — m7 (V)"
ReSO(3),teR?

Output: * posterior mean R, t* = ZLIDAR

1]
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R™

Pose from unknown correspondences with outlier rejection

Input: » map m?, scan zjg
e mean ;= R,

Vo "o W o W oW oo

A.LrLo.Lon.00 0.0 a.l
Ul UOPU IUCUITITUCTC O J

)

ZLIDAR

6= Output: * posterior mean R*, t* =

ZLIDAR
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iterative Closest Point (ICP) [Besl and McKay 92]

Successive localization based on the previous lidar scan only is usually very
iInaccurate => some kind of map is typically needed

o 3D pointcloud map
* Occupancy grid

o Surfel map

e 2.5D hightmap

35
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iterative Closest Point (ICP) [Besl and McKay 92]
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iterative Closest Point (ICP) [Besl and McKay 92]

o o . 1. Filter scan by uniform sampling

scan
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iterative Closest Point (ICP) [Besl and McKay 92]

@ ¢ o o ° 1. Fi\.ter scan by uniform sampling
e o . . 2. Align:
° ° Q R, t7 = align(zi,mj, ﬁ, t)
o o 6@@

~|
+|
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iterative Closest Point (ICP) [Besl and McKay 92]

1. Filter scan by unitorm sampling
o o o . 2. Align:
R*, t" = align(z,m) R, t)

3. Update map
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iterative Closest Point (ICP) [Besl and McKay 92]

«\6@ °

1. Filter scan by unitorm sampling
2. Align:
R*, t" = align(z,m) R, t)

3. Update map from detected outliers
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|CP with 3D pointcloud map

iterate

Output: * posterior mean R*, t* = z,

1. Filter scan by unitorm sampling
2. Align:
R*, t" = align(z,m) R, t)

3. Update map from detected outliers

LIDAR
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ICP SLAM - known issues

Converges to a local minima (unknown region of
convergence => sensitive to good initialization)

Large map requires huge amount of memory => better
representation (e.qg. surfel map)

Does not work in degenerate environments (e.g. forward
motion in long hallways, or rotation in circular room)
Sensitive to outliers due to L2 norm => RANSAC
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Initialization from wheel odometry

(Hdr

base link
odom

map
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Initialization from wheel odometry

(Hdr

base link
odom

map
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Initialization from wheel odometry

( idar

base link

L odom

map
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Initialization from wheel odometry
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Initialization from wheel odometry

Measurement in lidar frame

( idar

base
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Initialization from wheel odometry

Measurement in odometry frame

( idar

base
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Initialization from wheel odometry
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|CP correction
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Alignment from known correspondences

bel(x;) = p(z¢|x:, m)bel(x;)
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Pose from known correspondences
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arg max p(z¢|x¢, m) - bel(x;) = arg max HNT(Zt7X )(mj(z) I) Ny, (1, 3¢)

Xt

— argmin || T(z!,x;) — m’||2 + (Xt

~ argmin ||T(z¢, x;) — m?(V) |2 .. Closed-form solution

Xt

.. Levenberg-Marguardt



Pose from known correspondences
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o N @/ f@j p(z¢|x¢, M) = Hp(ztlxt, m’ ))
map point My )@\ @ @ i
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arg max p(z¢|x¢, m) - bel(x;) = arg max HNT(Zt7X )(mj(z) I) Ny, (1, 3¢)

Xt

— argmin || T(z!,x;) — m’||2 + (Xt

~ argmin ||T(z¢, x;) — m?(V) |2 .. Closed-form solution

Xt

.. Levenberg-Marguardt



Pose from known correspondences

N
\@/ '/\

(@) \// @/ f@j p(Z¢|X¢, M) = Hp(zﬂxta m](z))
map point my e N & i
o ei®

scan point %,

= | [ V(i <, (07, Qy)

Optimal pose Is gaussian and hessian of the criterion Is its covariance



