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What is scan matching

http://www.dis.uniroma1.it/%7eacensi


Andrea Censi, “La Sapienza” University of Rome S
an mat
hing in a probabilisti
 framework - p. 2/25
What is scan matching

Geometric interpretation: Find a rotation ϕ and a translation t whi
h maximizethe overlapping of two sets of 2D-data.
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What is scan matching

Geometric interpretation: Find a rotation ϕ and a translation t whi
h maximizethe overlapping of two sets of 2D-data.
Probabilistic interpretation:Find an approximation to the probability distribution

p(t, ϕ|xt−1,ut, zt, zt−1)

x: robot pose, z: sensor reading, u: odometry.
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Contribution of the paper�gpm� is a new algorithm that� uses, soundly, an arbitrary evolution model; no random samplingrequired Gaussian assumption: [Minguez&al.’05]; Random sampling: MCL, [Silver&al.’04]� 
hara
terizes the un
ertainty analyti
ally, also in under
onstrainedsituations Sample error function around the estimate: [Bengtsson&al.’03]; analytic, elegant but

bounded estimate of covariance: [Pfister&al.’02]� not iterative: result does not depend on �rst guessWeak points of gpm:� The environment must have some regularity to estimate surfa
es'orientation.� It is more pre
ise than i
p, id
, but not than last generationi
p-like methods. [Minguez&al.’06]
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GPM overviewIt is a dual of Monte Carlo Lo
alization:� In m
l, parti
les are drawn from the evolution model and weightedby the observation model.� In gpm, parti
les are generated (deterministi
ally) from theobservation model and weighted by the evolution model.

Summary of the algorithm:1. Extra
t orientation information from the sensor data.2. Generate a 
loud of parti
les from the observations.3. Weight ea
h parti
le a

ording to the evolution model.4. Turn the parti
les into �
onstraints� to 
hara
terize un
ertainty.

http://www.dis.uniroma1.it/%7eacensi


Andrea Censi, “La Sapienza” University of Rome S
an mat
hing in a probabilisti
 framework - p. 5/25
Extracting the orientationThe input data are two sets of �oriented� points {(pi, αi, )}, where pi is the
artesian point and αi is the dire
tion of the normal to the surfa
e.

Currently using linear regression; there are many alternatives.
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Generating the particlesWe 
reate a set of hypotheses (parti
les) by 
onsidering all possible pairs ofpoints (no correspondence heuristics).

pj = Rϕpi + t

αj = αi + ϕInvert to obtain

ϕ̂ = αj − αi

t̂ = pj − Rϕ̂piEa
h hypothesis (ϕ̂, t̂) is treated as a parti
le (generated deterministically; norandom sampling here).

http://www.dis.uniroma1.it/%7eacensi


Andrea Censi, “La Sapienza” University of Rome S
an mat
hing in a probabilisti
 framework - p. 7/25
Example (1)This is how the set of parti
les looks like:

(green is one of the sensor scans; particles are red)
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les in a �xed ball where the evolution model isnon-zero.
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Example (2)Parti
les with |ϕ| ≤ 20◦, |t| ≤ 20cm.
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⇒ it is a parti
le approximation to p(ϕ, t|xt−1, zt, zt−1)(little arrows represent ϕ̂)
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Using the evolution modelWeight by evolution model:

wk = p(ϕk, tk|xt−1,ut)
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⇒ now a parti
le approximation to p(ϕ, t|xt−1,ut, zt, zt−1).
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Least squares formulationTo 
hara
terize the un
ertainty of the parti
les, we 
onsider the informationuseful only along the dire
tion of the wall.

The result is a set of 
onstraints: a least squares problem.

http://www.dis.uniroma1.it/%7eacensi
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Example (3)From parti
les . . .
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Example (3)

. . . to 
onstraints . . .
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Example (3)

. . . to 
ovarian
e.
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The need for tuningExperimentally, the estimated 
ovarian
e is signi�
ant only up to a 
onstant(good �shape�, bad �area�).
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Two reasons for this:� un
ertainty should be modeled better� all parti
les 
onsidered independent (instead, the global 
ovarian
e matrixis not diagonal)
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Unconstrained situations
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Unconstrained situations
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Mine exampleA robot in a mine - thanks to Dirk Haehnel and the CMU group for the data�les.

Sensor data gpm result

http://www.dis.uniroma1.it/%7eacensi
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Eigenvalues of estimated covariance

Green and red are the eigenvalues of the estimated 
ovarian
e matrix.� One eigenvalue is always small (left and right walls).� The other is big at beginning of 
orridors (1,2,. . . ) then de
reases.� O

lusions are not fatal and dete
ted.

http://www.dis.uniroma1.it/%7eacensi
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Comparison with MbICP, IDC, ICPCited from [Minguez&al. IEEE T-RO'06℄. Real-world data; ea
h s
anis mat
hed against itself; sear
h spa
e is (0.4m, 0.4m, 90◦).errors (m) Mbi
p id
 i
p gpm

< 0.001 80.3% 74.9% 52.2% 58.8%

(0.001, 0.005) 18.8% 16.5% 42.0% 28.5%

(0.005, 0.01) 0 0.3% 0 7.1%

(0.01, 0.05) 0 0.8% 0.01% 5.3%

> 0.05 0.7% 7.3% 5.8% 0� gpm does not have very large errors; error for ϕ is 0 if s
ans are equal.� Mbi
p is more pre
ise when it 
onverges.� Probably [P�ster&al.'02℄, [Biber&al.'03℄ would have results similar to Mbi
p.

http://www.dis.uniroma1.it/%7eacensi
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Conclusion and future work� gpm's strong points:uses, soundly, an arbitrary evolution model (also multimodal)
hara
terizes the un
ertainty analyti
ally, also in under
onstrainedsituationsnot iterative: result does not depend on �rst guess� gpm's weak points:It is not usable in totally unstru
tured environments.Iterative methods are more pre
ise when they 
onverge near the rightsolution.� gpm's future work:Exploit the multimodality of the parti
le distribution.Try some interpolation s
hema to 
ompensate for the sparseness of thesensor data.
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GPM performanceSquare environment, 4m × 4m. Random sampling of poses, uniform

400mm, 20◦.

|biasxy|
√msexy |biasϕ| √mseϕ360 rays 0.6mm 11.1mm < 0◦ 0.10◦180 rays 2.4mm 11.4mm 0.01◦ 0.13◦90 rays 4.5mm 27.4mm 0.09◦ 0.40◦45 rays 12.3mm 36.4mm 0.08◦ 0.59◦
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Fast correspondence searchWe 
an make gpm faster by exploiting the radial ordering of the s
ans andsear
hing for a bound for ∆θ.

first scan

second scan

θ

θ

(θi, ρi)

∆θi ∆θi

http://www.dis.uniroma1.it/%7eacensi
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Fast correspondence searchIntuitively, the maximum variation o

urs when the point is (in either order)translated by |t|max perpendi
ular to pi, then rotated by |ϕ|max.

Therefore

∆θi = tan−1

( |ϕ|max

ρi

)

+ |ϕ|max

http://www.dis.uniroma1.it/%7eacensi
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LSE formulationWe derived

pj = Rϕpi + t ⇒ t̂ = pj − Rϕ̂piTo 
onsider the information only along dire
tion αk = αi multiply both sidesby the versor (cos αk sin αk) whi
h we abbreviate as v(αk).
v(αk)

t
t̂ = v(αk)

t(pj − Rϕ̂pi) := ykNow the set of hypotheses is a set of 
onstraints:
v(αk)

t
t = yk + m/wk · ǫwhere m is a tuning 
onstant.

http://www.dis.uniroma1.it/%7eacensi
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LSE

Lt = Y + R · ǫ

L =
(

v(α1) · · · v(αk) · · · v(αK)
)t

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

R = m · diag{1/w1, . . . , 1/wk . . . 1/wK}

Beware of the assumptions that will lead to a diagonal noise 
ovarian
ematrix:� ea
h 
onstraint is independent (instead, more than one 
onstraint aregenerated by the same reading)� the wk do not have a probabilisti
 interpretation

http://www.dis.uniroma1.it/%7eacensi
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LSE solutionThe LSE solution is

t = (LtR−1L)−1LtR−1YWe must invert:� the R 
ovarian
e matrix (assumed diagonal)� a 2 × 2 matrix C = (LtR−1L)−1 (invertible if L is full rank).The solution is

C = m(
∑

k

[wkv(αk)v(αk)
t])−1

t =

(

∑

k

[wkv(αk)v(αk)
t]

)

−1
∑

k

[wkykv(αk)]

The 
hoi
e of a tuning 
onstant m does not bias the estimate of ϕ.
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Improved covarianceThe 
ovarian
e represents the un
ertainty better.
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GPM vs HSMhsm is a s
an mat
her presented by Censi, Grisetti, Io

hi at ICRA'05 (paperand sour
e 
ode on my website).
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HSM’s pros:� hsm does global sear
hes.� hsm is 
orre
t and 
ompletefor exa
t input.� hsm does not need orientationinformation.
HSM’s cons:� hsm uses a 
ross-
orrelationoperator: time is quadrati
 inresolution.� hsm does not 
hara
terizeun
ertainty.
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