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Á�: JÑ
�«Äu&E³U°��Oì5)ûÅì<¿S�Ó�½ �/ã�ï(SLAM)¯K.(�z�

¿S�¸�±^�ãCqL«. ,
Ä��¸¥,ÿåDaìÿ��êâÏ~�v3�þ�D(&Ò¥. �©æ

/̂©��Ü¿0(split-and-merge)�{?1�ã�©a,�â&E³U�5U�Iïþz�æ�êâéT�ã�

&E�zþ.Uì&E`znØ�O�Oì,ÀJ&Eþ�z����:��&ES:J��ãëê,�ïÛÜ/

ã. æ^âfÈÅì?1/ã9Åì<´»��#.æ^4í��{�O&E³U,ü$
é��:�&Eþ�z

��O��E,Ý.�ýÚ¢�(Jy²,�©¤JÑ��{äk�r�°�5,Jp
SLAMüÑ�O(5Ú¢

�5.
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Robust estimator based on information potential and
its application to simultaneous localization and mapping

LIU Yan1, REN Xue-mei1, RAD A B2

(1. School of Automation, Beijing Institute of Technology,Beijing 100081, China;
2. Department of Mechatronic Systems Engineering, Simon Fraser University, Surrey V3T 0A3, Canada)

Abstract: We present a novel robust estimator based on information potential optimization techniques and apply it to

simultaneous localization and mapping on segment-based maps. Structured indoor environment can be efficiently described

with Segment-based maps. Usually, in dynamic environment,sample data collected by range-finders suffer from noises and

disturbances. Sample data are divided into clusters with split-and-merge. Inliers of the segment are selected according

to the information contribution which is measured by information potential. After the local map is built, particle filters

are adopted to update robot poses and maps. The recursive information potential reduces computations of information

contribution of each sample. Simulations and experimentalresults validate the strong robustness of the proposed estimator,

and the accuracy and efficiency of the proposed strategy based on the robust estimator.
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1 ÚÚÚóóó(Introduction)
£ÄÅì<�Ó�½ �/ã�ï(simultan-

eous localization and mapping, SLAM)́Åì<ïÄ
+��9:�K.ÙØ%¯K´ïÄ3���¸¥,
Åì<|^g��Daì&ÿ�¸�ï/ã�Ó

�, ?1¢��½ . SLAM¯KïÄL§¥, XÛ
k�/L«/ã�ï9½ L§¥�Ø(½59

XÛü$ù«Ø(½5´ïÄ�J:. Äu*Ðk
�ùÈÅì(extended Kalman filter, EKF)�SLAM�
{Äk31987cdSmithÚCheesemanJÑ[1] . T�
{b½�¸A�7L´��(½�, 
�XÚ�Ñ
\D(Ú*ÿD(Ñlpd©Ù, ¿æ^EKF5�
#Åì<� ^9�¸A����VÇ. ,
du

SLAM¯K�pÝ��5, EKF��5zL§N´
���O�uÑ,Ó�D(�.�pdb����

T�{�A^[2] .

Cc5, âfÈÅ(particle filter, PF)Eâ[3]Åì

�Ú\SLAM¯K¥. âfÈÅ´�«�Akâ�
{,ÏLlJÆ©Ù�æ�¼�âf8,±Tâf8
L«Åì<� ^Ú´»���©Ù[4] . �,âf
ÈÅ´�«Cq�O,�´ù«�{´�ëê��
�5�,´)ûSLAM¯Kr��óä[3] . ,
âf
ÈÅEâ��3XO�þ�!âf8´«z�¯K.
EKFÚPFÑ´Äu��d�ä�ÈÅEâ, EKFb
�D(Ñlpd©Ù,
PF±âf85%CD(�
©Ù.Ø(½5´¢Só§¥ÊH¡��¯K.

ÂvFÏ: 2010−01−12;Â?UvFÏ: 2010−09−06.
Ä7�8: I[g,�ÆÄ7]Ï�8(60474033, 60974046).
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&E����«Ø(½5�Ýþ, ®²�2�

/A^3Ï&+�.&E�[5,6]dShannonJÑ,§L

«�ÅCþ���&Eþ���. �â¢Só§�

ØÓI�, ØÓa.���ºYJÑ, ?
û)Ñ

�X���`z�{. Cc5, �`z�{Åì�

Ú\SLAM¯K¥. ManyikaÚDurrant-Whyte[7]½Â


���(posterior entropy)!c��(prior entropy)9

q,&E(likelihood information)�ÝþL«Daì

�Ø(½5, ¿ÄudJÑ
�@êâKÜ9D

aì+n�{, ¿¤õ/A^3SLAM¯Kþ. Bur-

gard�<[8]mM5/JÑ
�«��z�5&Ý

�(entropy of future belief)��{¢y
Åì<�Ì

Ä½ . A^&E�L«Ø(½5I�¯k(½�

ÅCþ�VÇ�..

DÚ�Äu&E`zEâ�SLAMüÑÏ~b

½D(Ñlpd©Ù, ¿é�¼ê?1�5%C.

,
ïÄ�Ñ, ù��?n(J¬ü$&E�|

^Ç,¦(J�)òz. Rao-BlackwellizedâfÈÅ

ì(RBPF)Eâ[9,10]�Ú\�Ñ
ù�¯K. RBPF�

3
âf8¥z�âf�´», �±3�OÑ/

ã�&Ý�Ó��OÑÅì< ^�&Ý. ÏL

T�/½Â��/ª, �±ò/ã�Ø(½5�

Åì< ^�Ø(½5Ú��Ä, ?
¢y�Û

`z�SLAM. duÓâ»�(occupancy grid, OG)/

ã[3,11]BuO�»��VÇÚ&Eþ, 8cÄu&

E`zEâ�SLAMïÄÌ�æ^
OG/ã.

OG/ã�êâþ'��,\­
RBPF�#�O

�Kú. (�A�²w�¿S�¸, �±^Äu�

ã�/ã(segment-based map)L«,3�y°Ý�Ó

�, ü$êâ��;þ, JpSLAMüÑ�¢�5.

nØþù,ü�°(�:=�±(½�^��.3Ä

��¸e,3J��ã�.�,I�æ�°��{5

�ÑD(�Z6. l&EØ��nÑu, 5guÓ

�^�ã���:��X'uù^�ã�&E. �

ã�S:(inliers)�éuD(:(outliers)
ó, AT

��k'uù^�ã��õ�&Eþ. Äuù�g

�,)öQJÑ
�«Äu�à��°��5�O

ì[12],^±J�E,�¸e�ã�ëê.

¢�(JL²,T�{U3rD(�¸eJ�Ñ

�ã�S:?
¦��ã�ëê,kér�°�5.

�´T�{I��E/?1�à���O, ¦�O

�þ��.�)ûd¯K,)öæ^&E³U5ïþ

��8�&Eþ. du&E³U�±^Ø¼ê�Ú

�/ªL«,Ïd�±�B/í�Ñ&E³U�4

í'X,��¼�æ�:é��8&Eþ��z,;

�
�E�&E���O,wÍ/ü$
�{�O

�þ,Jp
�{�¢�5. �âdT°��O�{

�OÑÄ��¸e�SLAMüÑ, ¿ÏL�ý9¢

��y
)öJÑ��{�k�5.

2 &&&EEE³³³UUU999ÙÙÙ555���(Information potential
and its property)

&E���ïþ�ÅCþ¤���&Eþ�Ý

þ,®²�2�/A^3��+�.�à½Â
�à

&E�,^±L«Ï&XÚ¥�Ø(½5,Ù/ª�

HS(x) = −
n∑

i=1

filog fi, (1)

Ù¥: x=(x1, x2,· · ·, xn)´n��ÅCþ, fi =f(xi)

´Ù1i����VÇ. lª(1)�±wÑ, O��7

LÄk¼�Cþ�VÇ�Ý�., §�dØ¼êV

Ç�Oì(kernel density estimator, KDE)[13]��l�

�¥�O:

fi =
1

n

n∑
i=1

k (x−xi), (2)

Ù¥k(xi) =
1√
2πσ

exp{− x2

2σ2
}�pdØ¼ê. ò

KDE�OÑ�VÇª(2)�\ª(1),B�¼��ÅC

þ���&Eþ. ,
du�à�¥�éê/ª, J

u?1&E��4íO�,O\
O�&E��E

,Ý.&E´��'��
�Vg,'u&E�½Â

8cÿÃÚ��/ª. Ïd3æ^�`zEâ�, Ä

k�²(¤«&E�¿Â¿�â¢SI�(½��

/ª,,�æ^�A�`zEâ?1�O.

&E³U(information potential, IP)[14]´,�«

&Eþ�Ýþ. ®��ÅCþx = {x1, x2, · · · ,xn},

§¤%¹�&E³U�±L«�

Vα(x) =
w +∞

−∞
fα

x
(x)dx, (3)

Ù¥α�&E³U��ê. ��BO�,Ï~�α=2.

òdKDE�O����VÇ�\ª(3), ���2�

&E³U��ëê�O/ª:

V̂n(x) =
1

n2

n∑
i=1

n∑
j=1

k (xj−xi). (4)

du&E³U�æ^Ø¼ê�Ú�/ªL«, Ïd

&E³U�±éN´�æ^4í/ªL«:

V̂n+1(x) =

1

(n + 1)2

n+1∑
j=1

n+1∑
i=1

k (xj−xi)=

1

(n + 1)2
[

n∑
j=1

(
n∑

i=1

k (xj−xi)+k(xj −

xn+1)) +
n∑

i=1

k(xi − xn+1) + k(0)] =

n2

(n + 1)2
V̂n +

1

(n + 1)2
[2

n∑
i=1

k(xi −

xn+1) + k(0)]. (5)
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-λ =
n

n + 1
,Kþª���

V̂n+1 =λ2V̂n+(1−λ)2[2
n∑

i=1

k(xi − xn+1) + k(0)].

(6)

3 &&&EEE³³³UUU999ÙÙÙ555���(Information potential
and its property)
-1!(B�Daì´;.�S0æ�(sequen-

tial sampling)ÿåDaì. �æ^Äu�ã�/ãL
«¢S�¸�,kü�'�¯KI�)û:

1) ��êâ¥�¹�ã��ê;

2) XÛJ�Ñ�ã�ëê.

3(½��¥��ã�ê�, I�æ^��A
�àa�{. du"�æ��¸�&E, AO´3
Ä��E,�¿S�¸¥, O(/�äÑ�ã�ê
¿?1©aE,´��]Ô.3nÜ'�
�«à
a�{�, ¿(ÜÿåDaì�æ�A:, æ^�
«ÄuSplit-and-Merge�©a�{[15]?1¯�©a,
±Jp�{�¢�5.

3?1
�ã�©a��,e�Úò?1�ã�
ëê�J�. ©a���ãE,¹kD(,ÏdAæ
^°��{±¦þü$D(�Z6. ©a��z�
|�ã8¥���:þ�@�æ�uÓ�^�ã.
°��Oì�8�Ò´�æ^�½��{þOÑ�

ã�S:9D(:,?
^�ãS:J��ã�O
(�ëê.

�â&EØ�Ä�g�,��8¥�z���:
Ñ¹k'ud�ã�&E,�´�ãS:A'D(
:¹k�õ�&Eþ. 3Daì¼��æ�:¥,�
ãS:�ýéêþ�U�uD(:�êþ, �3�
ã�ý¢ �NC,ATà8k�õ�æ�:,=�
�:�ÑyªÇ�p.

æ^KDEEâ,�±��l��8�O��:�
Ñy�VÇ. �1Sl��ã���:8Üdm��

�:|¤,=sl ={(xi, yi), i = 1, 2, · · · , n},K1i�

��:�Ñy�VÇ�d��KDECqL«�

P̂ (sl) =
1

n

n∑
i=1

k(si
l − sl), (7)

k(si
l − sl) =

det(2πΣ)−
1

2 · exp{−1

2
(si

l − sl)
TΣ−1(si

l − sl)}.
(8)

�3ÑyVÇ�������T�ã�Ì(��,
=

p̂(si
l)>β(max P̂(sl))−min(P̂(sl)))+min(P̂(sl)),

Ù¥0 < β < 1�VÇÈÅXê. duKDE��l

æ�8�O��:�ÑyVÇ, ÏdÌ(���/

G��ûu��:�¢S©Ù.3¢SA^¥,��

�¢S �NC��:Ñy�VÇ�p, K���

Ì(��Ì�d�ãS:�¤, Xã1¤«. ã¥�

�:�ÑyVÇd�VÇ�L«. �±w�, ��

:�ÑyVÇ����0.06,����0.Ï~β��

�0.5,ù�ã¥ÑyVÇ�0.03��VÇ����

«��±@�´T�ã�Ì(��. ,
Ì(��

E,É�D(�K�,¦�T«�ØUCX¤k�

�ãS:,Ó�T«�E,�¹k�½þ�D(:.

ã 1 �Ì(���J�

Fig. 1 Extraction of main structure of segment

�
Bu©Û,±Ì(��¥���:J�Ñ�

�ãL«ù�«�.�L«Ì(���ù^�ãë

ê�(γ, θ),Ù¥: γ��:å����Ç, θ�T��

�{�þ���.��:åÌ(���ål�±�

�:åT�ã�ålL«:

dj = ρ(rj − xj cos θ − yj sin θ), (9)

Ù¥: eT:3�ãe�, ρ = 1;ÄKρ = −1. @o

��8���'u�ã�&E�±^ål�&E³

UL«:

V̂n(d) =
1

n2

n∑
i=1

n∑
j=1

k (dj−di). (10)

l&EØ��Ý©Û,du�ã�S:��k�õ

�&Eþ,ÏdXJò���ãS:l����8

¥£Ø,@o����8�&E³U�UCþAT

��u£Ø��S:
Úå�&Eþ�UC.

dª(6)��, 3£Ø����:djc�,��8

�ål&E³U�Czþ�

∆V̂j = V̂n(d) − V̂
j

n−1. (11)

dþ©©Û��,¦&E³U�)��Cz���

:��ãS:,=ÀJ

∆V̂j > η(max(∆V̂j) −min(∆V̂j) ),

0 < η 6 1�&EÈÅëê.
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�
{zO�,�±k£Ø����:dj ,O�

ùn − 1�:�¤�8Ü�&E³U

V̂
j

n−1 =
1

(n − 1)
2

∑
i6=j

∑
i6=j

k(dj−di), (12)

,�O�O\ù���:dj�&E³U�Czþ,

K

∆V̂j = V̂n(d) − V̂
j

n−1 =

λ2V̂n−1+(1 − λ)2[2
∑
i6=j

k(dj−di)+k(0)]−V̂
j

n−1 =

(λ2−1)V̂ j

n−1+(1−λ)2[2
∑
i6=j

k(dj−di)+k(0)], (13)

Ù¥λ =
n − 1

n
<1�~�.Ïd3ÀJ�ãS:�,

�±�âª(13)À���{z�5U�I:

Ij =2(1−λ)
∑
i6=j

k(dj−di)−(λ+1)V̂ j

n−1, (14)

K÷vIj > η(max(Ij) − min(Ij)), 0 < η 6 1��

�:Ò´�ã�S:.

�'u©z[12]¥JÑ��{, ±�à�9&E

³U��&Eþ�ÝþÀ�é��8&Eþ�z�

���:���ãS:,þA^
ùü�Vgg�

�°�5A:. AO´æ^KDE?1
��:VÇ

�Ý��O�,¢Sþ®²ò��l���ål�

mN��
p��Ø�m, ¦�3���m�©E

,�£8¯K=z�3Ø�m±&E³U�Czþ

�5U�I��©¯K.

l©¥�©Û�±w�, KDE±Ú�/ª?1

VÇ�Ý��O,ù¦�§UéÐ/�&E³U�

(Ü. �'u�à�¥�éê/ª, æ^&E³U

�±í�Ñ&EþCz�4í/ª, ¦�O�þd

O(n3)wÍ/ü�O(n2),l
Jp
�{�¢�5.

4 ���ýýý999¢¢¢���(Simulations and experiments)
3�¸&E����¹e, Åì<�SLAMüÑ

¦�Åì<|^g��Daìæ8�&E�ï/ã

¿¢�/�#/ã9Åì<� ^. 3ÏLþ©0

��ÄuIP�°��Oì¼�
ÛÜ/ã¥��ã

�ëê�,ò|^âfÈÅì?1�#3�!,?1

õ|�ý9¢�±�yÄu&E³U�°��Oì

�5U9Ù3SLAM¥�A^.

1) °��Oì�5U��y.

ÄkÀ���É��þD(Z6�êâ8?1

�ý,±�yJÑ��Oì�°�5, Xã2¤«. 3

Tã¥�k165���:,Ù¥: 30���ãS:,±

�[¿S�¸¥�p9,Ù{�´þ!©Ù3�ã

�ý�D(:. ���ãS:¤Ó��'~�u

20%. 3ù��rD(�¸e, �
°�£8�{

X¥�ÈÅì, MM-estimator�,®ØU���((

J[16,17].

ã 2 rD(^�e°��Oìé�ãS:�J�

Fig. 2 Inliers extraction with the proposed robust estimator

under severe noises

�ã�Ì(��dxL«, �±wÑ, ù�«�

 u�ã�ý¢ �NC,�´�¹kDÑ:,ÉÙ

K�Ì(��¥�:æ^���¦£8��ã(d

J�L«)EÑ lý¢ �, �´T«�%�±�

L'uù^�ã�&Eþ�8¥�«�.

ã3¤«�z���:éT�ã�&Eþ��

z,9l��8¥£ØT:�,T��8���&E

³U�Czþ. lã¥�±wÑ�k�þ���:

é����8�&E³U��zÇ��. ±&EØ

��Ý©Û,�ãS:é����8�&Eþ��

zA�uD(:. À�&E³UÈÅëêη = 0.5,

Kù
�ãS:(�ã2)�¤õ/�D(:«©m

5. du�©æ�
4í��{��O�&Eþ�

Czþ, �©z[12]æ^�à��°��O�{�

'�,O�þwÍ/eü. 3�~¥,ld��8¥

¤õJ��ãÑ�2.0255 s,
�éÓ����8,

æ^©z[12]¥�{I�7.2507 s.dd�y
�©

JÑ��{�¢�5k
wÍJp.

ã 3 Äu&E³U�5U�I

Fig. 3 Index based on information potential

2) SLAMüÑ��y.

�Ü©À�
����E,�¢S�¸�y¤

JÑ��{. Xã4¤«,T�¸ºX¡È'��,�

Øä/d<3�¸¥£Ä.



1 7Ï 4$�:Äu&E³U�°��Oì9Ù3Ó�½ �/ã�ï¯K¥�A^ 905

ã 4 ¢��¸

Fig. 4 Environment of the experiments

�¹kp§O�©Ø��/ãXã5¤«. lã

¥�±²ww�,Åì<3¡È����¸¥1r

���,Ù´»ØU¢y­Ü,�3���Ø�.

ã 5 �¹p§O�©Ø��/ã

Fig. 5 Map with odometer error

A^�©JÑ�°��Oì�ïÑz�vDa

ìêâ¥�ÛÜ/ã. ã6w«�´182vL«�Û

Ü/ã.

ã 6 182vL«�ÛÜ/ã

Fig. 6 Local map extracted from 82th frame of data

3æ^RBPF?1/ã9Åì< ^��#�,

�Û/ãXã7¤«. du�¸SýdÀæ�ï, d

(BDaì&ÿ��,æ^J�L«. �¸	ýd-

1Daì¼�,d¢�L«. �Û/ã��
O(/

�ï,�y
�©JÑ��Oì�5U.

ã 7 �Û/ã

Fig. 7 Global map

5 (((ØØØ(Conclusion)

�©�éÄu�ã�¿S�¸�SLAM¯K, J

Ñ
Äu&E³U�°��Oì, ±£Ø����

:c���8���&E³U�Czþ5L�T�

�:é����8�&E��z, ¿ÀJ@
�z

����:���ã�S:J��ã�ëê. du

&E³Uù�Ônþg�äk�r�°�5, Ïd

�©JÑ��OìU3E,�¸e�ÑD(:�Z

6,O(/J�Ñ�ã�ëê,w«Ñ
ûÐ�°�

5. Ó�du&E³UBu?14íO�,ü$
�

{�E,Ý, ÏdÄuT°��Oì�SLAMüÑ

�°(5�¢�5��
wÍJp.

������ 1��öa�I[3ÆÄ7�]ÏÙ

ASimon Fraser University?1üc�éÜ��.
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