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SIED Lab oratory

I w ork ed for m y bac helor thesis at the SIED lab oratory , a join t e�ort

with Italian Firemen Dpt. for rescue rob otics.

W e partecipate to the Rob o cup Rescue; w e aim at fully autonomous

systems.
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T alk summary

I'v e b een exp erimen ting with the Gen-

eralized Hough T ransform ( ght ) ap-

plied to lo calization problems.

scan matc hing
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) " ght particle matc hing"

global lo calization

) a ght with visibilit y

constrain ts.
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Scan matc hing
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Geometric in terpretation:

Find a rotation and a translation whic h maximize the o v erlapping

of t w o sets of 2D-data.

Probabilistic in terpretation:

Find an appro ximation to the probabilit y distribution

: rob ot p ose, : sensor reading, : o dometry .

Characteristics of a go o d scan matc her

do es not rely on features

go o d re-alignmen t, precise

fast
reliable to o cclusions

c haracterizes uncertain t y and m ultimo dalit y
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Scan matc hing

Geometric in terpretation:

Find a rotation � and a translation T whic h maximize the o v erlapping

of t w o sets of 2D-data.

Probabilistic in terpretation:

Find an appro ximation to the probabilit y distribution

p(x t jx t � 1 ; ut ; zt ; zt � 1)

x : rob ot p ose, z : sensor reading, u : o dometry .

Characteristics of a go o d scan matc her

n

do es not rely on features

n

go o d re-alignmen t, precise

n

fast

n

reliable to o cclusions

n

c haracterizes uncertain t y and m ultimo dalit y
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ght P article matc hing ( gpm )

It is a dual of Mon te Carlo Lo calization:

n

In MCL, particles are dra wn from ev olution mo del and w eigh ted b y

observ ation mo del.

n

In gpm , particles are created from observ ation mo del via GHT and

w eigh ted b y ev olution mo del.

Summary of the algorithm:

1. Extract orien tation information for the sensor readings.

2. Generate a cloud of particles from the observ ations.

3. W eigh t eac h particle according to ev olution mo del.

4. Syn tethize a closed form.
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Input data

A range �nder pro vides an ordered set of data f (� i ; � i )g. W e will use

b oth this p olar represen tation and the cartesian:

pi = � i (cos� i sin � i )

The sensor (map) m ust b e precise enough to extract meaningful

orien tation information. � i is the direction of the normal to the

surface.

sensor

sensor data

local best �t
py

px

�

�

�

x

y

The input data is therefore a set f (pi ; � i ; )g
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Basic GHT algorithm

Assume that y ou kno w a p oin t corresp ondence b et w een the t w o sets.

(w e use i and j to index the t w o sets)

� j

� i

pi pj
( �; T )

pj = R � pi + T

� j = � i + �

These con tain 3 v ariables and 3 constrain ts, therefore they can b e

in v erted:

�̂ = � j � � i

T̂ = pj � R �̂ pi

W e create a set of h yp otheses b y considering all p ossible pairs of

p oin ts.
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Example with data

the t w o input scans
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Example with data

the generated particle distribution
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Example with data

Same data, cut at j� j � 20�

.
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Example with data

Same data, cut at j� j � 20�

, jT j � 20cm .
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) it is a particle appro ximation to p(x t jx t � 1 ; yt ; yt � 1 )
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W eigh ting

W e can assign w eigh ts to these particles in di�eren t w a ys

n

W eigh t b y go o dness-of-�t: W e can tak e in to accoun t the

con�dence in the linear appro ximation when w e p erformed linear

regression.

n

W eigh t b y range: A range �nder do es not sample the

en vironmen t uniformly: nearer ob jects are o v er represen ted.

Solution: w eigh t the samples b y range wk = � i (if sensor is reliable

at high distances)
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Using the ev olution mo del

W eigh t b y ev olution mo del: Necessary in feature-less en viron-

men ts.

wk = p(� k ; Tk jx t � 1 ; ut )
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b efor e weighting
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after weighting

) A particle appro ximation to p(x t jx t � 1 ; ut ; yt ; yt � 1 ) .
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Alternativ e form ulation

Ho w can w e c haracterize the uncertain t y of the correp ondances?

� i

pi

� j

pi

constraint

uncertainty
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Constrain ts example

F rom particles : : :
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Constrain ts example

: : : to constrain ts : : :
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Constrain ts example

: : : to co v ariance.
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A t the momen t, w e ignore the m ultimo dalit y of the distribution.
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Impro v ed co v ariance

The co v ariance represen ts the uncertain t y b etter.
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Example with real data

A rob ot in a mine - thanks to Dirk

Haehnel and the CMU group for the

data �les and pictures.

Sensor data

gpm r esult
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Example with real data

Eigen v alues of co v ariance matrix:
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Ba y esian global lo calization

Global localization : estimate the p ose of a rob ot in a kno wn

en vironmen t without an initial guess.

Ba y esian lo calization: �nd an estimate of p(x t jz1: t ; u1: t ) := Bel( x t ) .

A recursiv e form ula:

Bel(x t ) = p(zt jx t )
Z

p(x t jx t � 1 ; ut )Bel( x t � 1 )dx t � 1

Ba y esian algorithms emplo y a t w o-step pro cess:

n

Prediction: Bel� (x t ) =
R

p(x t jx t � 1 ; ut )Bel( x t � 1 )dx t � 1

n

Up date: Bel(x t ) = p(zt jx t )Bel � (x t )

The actual algorithms c hange with resp ect to ho w they represen t

Bel(x t ) : a closed form, a cell grid or particle distribution.

F or laser range sensors, the exact computation of p(zt jx t ) can b e

computationally in tensiv e so on m ust use either 1) precomputation of

large data structures or 2) appro ximations to the sensor mo del.
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cbml

One kind of simpli�cation that leads to e�cien t algorithms is to ignore

visibilit y constrain ts. W e sho w the output of Correlation Based Mark o v

Lo calization (K onolige&Chou) as an example.

The lik eliho o d of eac h p oin t in the searc h space is appro ximated as the

correlation of the map and the roto-translated sensor scan.

input cbml output
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ght
The output of ght is similar (though it is faster and with b etter com-

plexit y).

cbml output ght output
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Visibilit y constrain ts
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p( zjx)

is this visibility constraint satis�ed?

pi

hypothesis about observer position

pj

Thanks to the structure of the ght , w e can compute the visibilit y

constrain ts just for eac h surface p oin t, instead that for eac h p oin t in

the searc h space.
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ght-v

W e insert a simple test in the ght algorithm for visibilit y c hec k.

1: for all (pj ; � j ) do

2: for all (pi ; � i ) do

3: � = � j � � i

4: T = pj � R � pi

5: lik[ T:x; T:y; � ] + +

6: end for

7: end for

1: for all do

2: for all do

3:
4:

5: if
then

6:
7: end if

8: end for

9: end for

Note: is the distance from to the nearest obstacle in

direction . .

m ust b e precomputed but only on surface p oin ts.
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ght-v

W e insert a simple test in the ght algorithm for visibilit y c hec k.

1: for all (pj ; � j ) do

2: for all (pi ; � i ) do

3: � = � j � � i

4: T = pj � R � pi

5: lik[ T:x; T:y; � ] + +

6: end for

7: end for

1: for all (pj ; � j ; visj ) do

2: for all (pi ; � i ) do

3: � = � j � � i

4: T = pj � R � pi

5: if visj [arg(T � pj )] > jpi j

then

6: lik[ T:x; T:y; � ] + +

7: end if

8: end for

9: end for

Note: visj [ ] is the distance from pj to the nearest obstacle in

direction  . arg(v) := atan2( v:y; v:x) .

visj [ ] m ust b e precomputed but only on surface p oin ts.
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ght vs. ght-v

ght output ght-v output
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Complexit y comparison

Sym b ols used: A is the area of the en vironmen t, � m ; � � are the

resolutions of the searc h space for x; y and � , and n is the n um b er of

sensor p oin ts.

Algorithm init. time storage run time

Precompute O(A � � 3
m � � � ) O(A � � 2

m � � � ) O(A � � 2
m � � � � n)

ght-v O(A � � 2
m ) O(A � � m � � � ) O(A � � m � n)

ght 0 O(A � � m ) O(A � � m � n)

cbml O(A � � 4
m ) O(A � � 2

m ) O(A � � 2
m � � � � n)

n

ght and ght-v ha v e a run-time linear in the map resolution and

not dep enden t on � � .

n

ght-v needs additional storage, but less than precomputing

ra y-tracing for the whole searc h space.
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Thanks for y our atten tion.

Slides and draft of the pap ers at:

http://www.dis.uniroma1.it/ � censi/ .
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F ast corresp ondence searc h

W e can mak e gpm faster b y exploiting the radial ordering of the scans

and searc hing for a b ound for � � .

�rst scan

second scan

�

�

( � i ; � i )

� � i � � i
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F ast corresp ondence searc h

In tuitiv ely , the maxim um v ariation o ccurs when the p oin t is (in either

order) translated b y jT jmax p erp endicular to pi , then rotated b y

j� jmax .

tan � 1
�

jT jmax
� i

�

� � i

� i

jT jmax

j � jmax

� i

Therefore

� � i = tan � 1
�

jT jmax

� i

�
+ j� jmax
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F ast corresp ondence searc h

1: ...

2: for all (� i ; � i ; pi ; � i ) do

3: � � i = tan � 1
�

j T j max
� i

�
+ j� jmax

4: for all (� j ; � j ; pj ; � j ) suc h that j� i � � j j � � � i do

5: {Pro ceed as usual}

6: ...

7: end for

8: end for
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Solving a w eigh ted least squares problem

The problem is stated as follo ws:

(�; T ) = arg min � 2

� 2 =
X

k

wk [jTk � T j2 + j� k � � j2 ]

The solution is the w eigh ted mean of the samples

(�; T ) =

P
k wk (� k ; Tk )

P
k wk

An iterativ e (3-4 steps) solutions rejects outliers.

Exp erimen tally , the co v ariance w e obtain is not signi�can t. W e didn't

mo del the matc hing uncertain t y .
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Alternativ e form ulation

W e deriv ed

pj = R � pi + T

and from this w e found

T̂ = pj � R �̂ pi

to sa y w e consider the information useful only along direction � k = � i

w e simply m ultiply b oth sides b y the v ersor (cos� k sin � k ) whic h w e

abbreviate as v(� k ) .

v(� k ) t T̂ = v(� k ) t (pj � R �̂ pi ) := yk

No w the set of h yp otheses is a set of constrain ts f (� k ; wk ; � k ; yk )g.

W e w an t to c haracterize the v ariance of eac h constrain t:

v(� k ) t T = yk + � 2
k � �

T o a higher w eigh t corresp onds a small v ariance:

v(� k ) t T = yk + m=wk � �

Where m represen ts our con�dence in the sensor.
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LSE
New LSE form ulation:

LT = Y + R � �

L =
�
v(� 1) � � � v(� k ) � � � v(� K )

� t

Y = ( y1 : : : yk : : : yK ) t

R = m � diagf 1=w1; : : : ; 1=wk : : : 1=wK g

T = arg min � 2

� 2 = ( LT � Y ) t R � 1(LT � Y )

Note: L is a K � 2 matrix ( K � 4000).

Bew are of the assumptions that will lead to a diagonal noise

co v ariance matrix:

n

no-w orld-mo del assumption

n

eac h constrain t is indep enden t (instead, more than one constrain t

are generated b y the same reading)

n

the wk do not ha v e a probabilistic in terpretation
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LSE solution

The solution to

T = arg min � 2

� 2 = ( LT � Y ) t R � 1(LT � Y )

is

T = ( L t R � 1L ) � 1L t R � 1Y

W e m ust in v ert:

n

the R co v ariance matrix that w e assumed diagonal

n

a 2 � 2 matrix C = ( L t R � 1L ) � 1

(in v ertible if L is full rank).

The solution is

C = m(
X

k

[wk v(� k )v(� k ) t ]) � 1

T =

 
X

k

[wk v(� k )v(� k ) t ]

! � 1 X

k

[wk yk v(� k )]

Not unsurprisingly , the c hoice of m do es not bias the estimate of T.
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Co v ariance

One can assume as the co v ariance for T the C matrix discussed ab o v e:

C = ( L t R � 1L ) � 1

Note that C do es not dep end on the actual observ ation Y . This is

indeed correct if one assumes to kno w the observ ation co v ariance

matrix R.

Solution (not so gross): w eigh t C b y � 2

:

� =
� 2

K
(L t R � 1L ) � 1

Final expression for � :

� = m
� 2

K

 
X

k

[wk v(� k )v(� k ) t ]

! � 1
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Credits

Slides created with

L

A

T

E

X

with the HA-prosper pac k age.

Searc h Go ogle for powerdot or go to

http://stuwww.uvt.nl/ � hendri/Downloads/powerdot.html .
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