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Initial motion estimation and inliers detection based on
particle swarm optimization for stereo visual odometry

XU Yun-xi, XIANG Zhi-yu†, LIU Ji-lin
(Department of Information Science & Electronic Engineering, Zhejiang University, Hangzhou Zhejiang 310027, China)

Abstract: Initial motion estimation and inliers detection have an important impact on the accuracy of stereo visual
odometry. At present, random sample consensus (RANSAC) method based on the 3-points linear motion estimation is
widely used to obtain initial motion parameter and inliers in stereo visual odometry. In this paper, we analyses the per-
formance of RANSAC. It is very effective to eliminate outliers, but the probability which RANSAC have sampled the
matching points with low error of feature extraction and error of stereo matching is very low. Therefore, the initial motion
parameter and matching inliers computed by RANSAC method are not precise. We propose a new initial motion estimation
and inliers detection method based on particle swarm optimization in this paper. Our method has a good performance with
the fast convergence and strong global searching ability. Our method can obtain accurate motion parameter and matching
inliers. Stereo visual odometry experiments with simulated data and outdoor intelligent vehicle showed that our algorithm
outperforms RANSAC method according to run-time, accuracy.

Key words: visual odometry; visual navigation; particle swarm optimization; autonomous robots

1 ÚÚÚóóó(Introduction)
3���¸¥gÌ�Ê´�«£ÄÅì<A^�

'�?Ö��.Åì<3Ù�ål1?L§¥I�¢
�/¼�g��½ &E[1–4]. 8c,duÀúDaì
�5d'FÃJp±9ÀúO��uÐ,ÄuÀú�
�Ê½ �{�m©2�$^u���'+�.Àú
�Ê½ �{�6M����,éNÈ!õÑ!1Ö�
�¦$,·^u�«E,���¸,¿U
WÖ
GPS¥(½ �_«,k�Å�Óªp§OÚ.5�
Ê�\OØ�. Ïd,Àú½ �{�5�¤�Åì
<�Ê��+�ïÄ�9:.

ÄuÀú�¢�½ �{,�¡Àúp§O(d©
z[3]ÄkJÑ),Ù=�6ÀúÑ\?1$Ä�O,¤
�¢½�´!�¥!Ye!�	gÌ�Ê��«°(

�°��½ �{. ÚÀúp§O�'�ïÄ+��
l$Ä¡E(�ÚÀúSLAM(=�½ �/ã�ï).
�¦�¦^�1?nEâØÓ,Àúp§O�¢
�!$�ò!Oþª���Å$Ä�O�{. duü
8Àú½ [5]�3ºÝ�
5,Ïd,8c2�æ^
áNÀú�½ �{(=áNÀúp§O)[1–4],T�{
3/]í0Ò�/Å�0Ò»(�[6]þ���
¤õ

�A^.
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áNÀúp§O�{Ì��¹A�J�9�lÚ

$Ä�Oü�Ú½. Ù¥,A�J�9�lq�¹A
�J�!áN��ÚvmA��l;$Ä�Oq©�
üÚ: 1)��S:uÿÚÐ©$Äëê�O. 2)3
11Ú�����S:ÚÐ©$Ä�OÄ:þ2?1
$Äëê��5`z. ù´8c¤kÌ6áNÀúp
§O�$Ä�OÚ½[2, 7–8]. du3A�J�!áN�
�±9vmA�:�l��L§¥J�¬Ñy�Ø

ÚØ�,¤±üØ�Ø����Ø�����S:±
9��°��Ð©$Ä�Oëê´7L�. Ò�[¤
�,8c�áNÀúp§OÑæ^éÜ�Åæ���
5�{(random sample consensus, RANSAC)Ú3:4
��5$Ä�O�{�)û�{[2–9]. 'u$Ä�O
12Ú,��Ñæ^DÕ8åN�(sparse bundle adju-
stment, SBA)[10–12]���5$Ä`z�{. ÙéëY
AvÓ�`z(�(3D:�I)Ú$Äëê. T�{¦
A�:�ã�2ÝKØ���,3VÇÚOþ´�Z
�. T�{´8c�°(!�61�áNÀúp§O
$Äëê��5`z�{. �DÕ8åN���5`
z�{���6uÐ©��°(Ý±9��S:,Ù
=�yuyÛÜ�`:,¤±��S:uÿÚÐ©$
Äëê�Oé��áNÀúp§O�½ °Ý´�

'­��.

Äu3:4��5$Ä�O�{��Åæ���
5�{���S:uÿÚÐ©$Äëê�O,k2�
8�: 1)Ø��üØ. 2)p°ÝS:uÿÚÐ©$Ä
ëê�O.±c�ïÄÑ'5uØ��üØ,�Ñ

RANSAC3p°ÝS:uÿÚÐ©$Äëê�O
þ�5U.�©é�Åæ���5�{3$Ä�O¥
�5U?1
©Û:ù«�{éüØØ��´k��,
�T�{3¼�p°Ý$Ä�OëêÚûÐ©Ù�

�S:�¡5UjZ.du$Ä�OÚ��S:�6
uæ���3é��A�, 3é��A�Ø���K�
��$ÄëêÚ��S:�°(,
æ�gê�õ�
�Ø����3é��A��VÇ��,¤±O�(
J���6u�Åæ��gê. �Ø������A
�¤Ó'Ç���,Kù«�Åæ��Çé$. ¤±,
�
¼�p°Ý�S:ÚÐ©$Äëê,áNÀúp
§OXÚ¥�RANSACÏ~Iæ�AZg. Cc5,
kïÄöJÑ
U?��Åæ��{: PROSAC[13]

ÚGroupSAC[14]�Åæ��{. �PROSACÚGroup-
SAC�Åæ��{ÑI�A����k�&E,
3
áNÀúp§O¥ù«A����k�&EJø�

&Eþé�,¤±�U3áNÀúp§OXÚ¥��
A^.

Äu�Åæ���5�{3Ð©$Ä�OÚS:

uÿ¥�5U©Û,�©JÑ
æ^�â+`z�Ð
©$Ä�OÚS:uÿ#�{. |^3:4��5$

Ä�O�{Ú��CÉö��Å�)Ð©âf+,2
ÏL�â+`z|¢�p°Ý�$ÄëêÚ��S

:. �â+�{�ëê��ÏL$Ä�O¢�ÚnØ
©Û�{��,�{Âñ�Ý¯,|¢°()�Uå
r. áNÀúp§O�ý¢�Úý¢�U�¢�L²:
ÚÄu�Åæ���5�{�',�©�{3$1�
m!½ °Ý�¡Ñ�`�.

2 áááNNNÀÀÀúúúppp§§§OOOXXXÚÚÚ(Stereo visual odome-
try system)

2.1 áááNNNÀÀÀúúúppp§§§OOOXXXÚÚÚOOO���666§§§(Computation
process of stereo visual odometry system)
�©�áNÀúp§OXÚO�Ú½©�: 1)J

��ã��CenSurEA�:[8, 15]. 2)?1Äu"þ�
8�zp�'Xê(zero mean normalized cross corre-
lation, ZNCC)«����DÕáN��A�:3m
ã��éA �. 3)¦^ÛÜ£ãÎU--SURF[16]��

�c�v�ã��A�:. 4)(½��S:ÚÐ©$
Äëê. 5)|^SBA��5`z�{`z$Äëê.

2.2 $$$ÄÄÄëëëêêê(Motion parameter)
3áNÀú½ �{¥,$ÄcáN�Å¼��

|ã�A�m1,$Ä�áN�Åq¼��|�m1é

A�ã�A�m2,=m1Úm2�Ó�­.:8P�Ý

K,Xã1¤«. dm1�±­�*ÿ8I3D(�X(=
A�:3D�I),dm2��±­ïA�:3D�IY .
æ^Äu$Äc�n�:XÚn�:Y�3D–3D4
��5$Ä�O�{O�áN�Å�$ÄëêRÚt.

ã 1 ü���Åm�^=Ú²£

Fig. 1 Rotation and translation between two cameras

2.3 SBA������555`̀̀zzz���{{{(SBA nonlinear optimi-
zation algorithm)

SBA��áNÀúp§O�����5`zÚ½,
���~�½ Ø�[7–8]. ßÀÝKØ�¼ê�




F (a) =
M∑

j=1

N∑
i=1

(fj,i(a)− x̃j,i)×
Σ−1(fj,i(a)− x̃j,i)T,

fj,i(a) = PjXi,

(1)
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Ù¥: Pj���Åj�ßÀÝKÝ
, Xi�­.�I

XA�:i�3D�I.�a��`z�ëê,�)A�
:�3D�IXiÚ��Å� ^ëêθj(�)^=ë
êRÚ²£ëêt),��Å� ^ëêθj�¹3ÝK

Ý
Pj¥. fj,i(a)L«A�:i3$ÄS�¥��

ÅjþÝK¼ê, x̃j,i = (uj,i, vj,i)T�1i�­.A�

:ÝK3��Åvjþ�ÿþã��I, F (a)L
«N�A�:3M���Åþ�2D2ÝKã� �
Ú¢Sÿþã� ��m�Ø�. duÀúp§O�
¢�I�,DÕ8åN�±ÛÜOþª[7–8]?1,zg
=é��Avëê?1`zN�.

�ã�ÿþD(÷v"þ�pd©Ù�,@on
Øþ8åN�U
é��ÅëêÚ(�ëê?1�

`�O.ÚÙ¦��5S�`z�{��,8åN�
�6u��Ð�Ð©�O[10, 12]. ¤±S:(½ÚÐ©
$Äëê�Oé­�,���S:ÿþD(A¦�U
÷v"þ�pd©Ù,$Äëê�OA�U°(.

3 ÄÄÄuuu���ÅÅÅæææ������������{{{���ÐÐÐ©©©$$$ÄÄÄ���OOO

ÚÚÚSSS:::uuuÿÿÿ(Initial motion estimation and
inliers detection based on RANSAC)
K�$Ä�O(J�Ï�kü«: A�:ã�Ý

K � lý¢�,dA�:J�Ø�½áN��Ø
���,TØ���¥"þ��pd©Ù,��3
1, 2����S,TØ�¬Úå�½��S�$Ä�
OØ�;dáN��½£ãÎvmA�������
Ø��,T�Ø¬Úå���Ø�$Ä�O.DÕ8
åN�é�Ø��´Ø°��,¿�UÄÂñ��Û
�`��6uÐ©�,¤±(½��S:ÚÐ©$Ä
ëêéáNÀúp§O�½ °ÝK���.8c�
)û�{´æ^(Ü�Åæ���5�{Úþã$

Ä�O�{�°�$Ä�O.�Åæ���5�{|
^¦�U�þ���:[Ü$Ä�.,2O���÷
vT$Ä�.���f8,TL§O�eZg.

1) 3��:8¥�Åæ�3é��:.

2) |^3:3D–3D$Ä�O�{O�T3é��
:�$ÄëêRÚt.

3) |^T$ÄëêRÚtO�¤k��:3áN

�Åþ�2ÝKØ�:

|ml − proj[RX + t]| < τ,

|mr − proj[RX + t + (B 0 0)T]| < τ,
(2)

Ù¥: mlÚmr©O�$Ä�A�:3áN�Å�¢

Sã�ÿþ �, proj[ ]L«$Ä�A�:2ÝK¼
ê. �öØ�Ñ�u�½z�τ���:¡�S:.

4) Ú½1)–3)­EeZg,À�S:ê�õ���
S:Ú$Äëê�������S:Ú$Äëê.

lª(2)�±wÑ:$Äëê�°(,S:�õÙ
©Ù���Cpd©Ù.

3áNÀúp§O¥,8I�3D(�Ú$ÄÓ�
l2Dã�¥¡E.¤±,3$Ä�O¥$Äc�A�
:3D�IÚ$Ä��3D�IÑäkØ�. 
3D:�
IØ�5
uA�:J��ã� �Ø�(δu, δv)Ú
áN���À�Ø�δd.

éw,,��éA�:$Äc�3D�IÚ$Ä�
�3D�I�°(,K$Ä�O�°Ý�p,¤±Ð©
$Ä�OÚS:�°Ý���6u3é��:�A�
J�Ø�ÚáN��Ø�. 3áNÀúp§OXÚ¥,
�(��Óo���'ÇÏ~��(=Ø���'Ç
��),
$Äc�ã��A�J�Ø�(δu, δv)Úá
NÀ��OØ�δdÓ�Ñ�����:Óo���

'Ç´é$�.

b��kNé��:,Ù¥kn1ép°Ý��:,
ylNé��:¥�ÅÀ�3é��:,K3é��:
�Ü�p°Ý��:VÇ�

p=
C3

n1

C3
N

=
n1(n1− 1)(n1− 2)
N(N − 1)(N − 2)

≈(
n1
N

)3 =(pacu)3.

(3)

y�ÅÄ�mg,Kvk�g3é��:�Ü�p°
Ý��:�VÇ�η = (1− p)m,æ�gêm��,
VÇη��,Kæ��ÎÜ°(�.���é��&
Ý�p.

pacu´$Äc�ã��A�J�Ø�ÚáNÀ�

�OØ�Ó�Ñ�����:Óo���'Ç.
pacu����,K(pacu)3��ò�~�. b�pacu =
0.2,K�Åæ��3é��:�Ü�p°Ý��:V
Ç�p = 0.8%. XJ=�Äpacu��(��:�VÇ.
b�pacu = 0.7,K�Åæ��3é��:�Ü��(
��:�VÇK�p = 34%. ¤±RANSAC�{éu
ÈØØ��:�Ç�p,�3O�p°ÝÐ©$Ä�
OëêÚ��S:þ��Ç´é$�.

4 ÄÄÄuuu���âââ+++`̀̀zzz���ÐÐÐ©©©$$$ÄÄÄ���OOOÚÚÚSSS:::uuu

ÿÿÿ(Initial motion estimation and inliers dete-
ction based on PSO)

4.1 ���âââ+++���{{{(Particle swarm optimization)
âf+`z(particle swarm optimization, PSO)�

{[17]´�«Äu+N|¢��U`z�{,3Åì<
ïÄ+���
2�A^[18]. PSO¥z��â�L�
�),kgC� ��þ!�Ý�þÚd�`z¯K
8I¼êû½�·AÝ.�1i��â��Ý��

þVi,§²{L��` �P�Pi,�¡��N�`
 �pbest. ��âf+�c|¢���` �P
�Pg,�¡��Û�` �gbest. PSO´�«ÄuS
���{,âfUª(4)–(5)5N�gC� �[17]:

Vi+1 = Vi + c1× r1× (Pi −Xi) +

c2× r2 × (Pg −Xi), (4)
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Xi+1 = Xi + Vi+1, (5)

Ù¥: Vi+1��#���â�Ý; Xi+1��#���

â �; Vi��c�â�Ý; Xi��c�â �;
r1Úr2���3[0, 1]SCz��Åê; c1Úc2�\
�~ê. IOPSO�O�Ú½Xe:

ÚÚÚ½½½ 1 Ð©z�+�â,�)âf�Å �Ú
�Ý.

ÚÚÚ½½½ 2 O�z��â�·AÝ.

ÚÚÚ½½½ 3 éz��â,ò·A��Ù�` �
pbest�'�,XJ�Ð,KòÙ���c�pbest.

ÚÚÚ½½½ 4 éz��â,òÙ·A���Û�` 
�gbest�'�,XJ�Ð,KòÙ���c�gbest.

ÚÚÚ½½½ 5 �â�§(4)–(5)O�z��â��Ý
Ú �.

ÚÚÚ½½½ 6 X���(å^�,K�£Ú½2.

EberhartÚShiJÑ�«.5�­�{[19–20],òª
(4)?U�

Vi+1 = wVi + c1× r1× (Pi −Xi) +

c2× r2× (Pg −Xi), (6)

Ù¥w��­.

4.2 $$$ÄÄÄ���OOO¥¥¥âââfff+++   ���???èèè(Position encod-
ing of PSO in motion estimation)

^=Ý
�d÷3��I¶�^=�ÝL«:

R(α, β, γ) =




cosβ cos γ − cosβ cos γ sinβ

sinα cosβ cos γ + cosα sin γ − sinα sinβ cos γ + cosα sin γ − sinα cosβ

− cosα sinβ cos γ + cosα sinβ cosα sinβ sin γ + sinα cos γ cosα cos γ


 . (7)

²£�þL«�t = (X,Y, Z).z��â� �L
«��d3),�L«�6��þ(α, β, λ, X, Y, Z).

4.3 $$$ÄÄÄ���OOO¥¥¥âââfff+++···AAAÝÝÝ¼¼¼êêê (Fitness func-
tion of PSO in motion estimation)
ª(2)¥�z���3�½��,U�yS:ê

8�õ,$Ä�Oëê�°(. ù´duA�:Ý
KØ�¥"þ��pd©Ù,K$Äëêlý¢�
�C,÷v2ÝKØ��½z��S:êÒ�õ.
��Åæ���5�{��,�©rS:ê8��
âf�·AÝ,S:�õ,·AÝ�p.

4.4 $$$ÄÄÄ���OOO¥¥¥âââfff+++   ���ÐÐÐ©©©zzz(Position
initialization of PSO in motion estimation)
�©æ^3:3D–3D4��5$Ä�O�{Ú

¢D�{���CÉö��Å�)âf+Ð© 

�.Äk|^3:3D–3D4��5$Ä�O�{�
Å�)N�$Ä�Oëê. ÀJ�Ð�M1�$Ä
�Oëê���Ü©âf+Ð© �.�X,é
M1�âf+?1¢D�{���CÉö�.éu
âfX1,lÙ¦âf+¥�ÅÀ�1�âfX2,K
��CÉ��#âf�k ×X1 + (1− k)X2,
k�0�1�Å�)�ê. Kâf«+5��2×M1
�.éuÀúp§O,��Ün�âf«+��é
$Äëê�O�¢�5é­�.nÜ�Ä�{�5
UÚ¢�5,�©¥N = 100, 2×M1 = 64.

4.5 $$$ÄÄÄ���OOO¥¥¥���âââ+++���{{{���SSS���gggêêê(Number
of iterations of PSO in motion estimation)
S�gêé�O°ÝÚ¢�5K����,�

��S��U¦��{ØU¿©Âñ,
�õ�S
�¬O\éõØ7��O�Kú,AO´Àúp§

OA^|Ü,é¢�5�¦ép. �©éPSO�{
�$Ä�OØ�ÚS�gê�'X?1
¢�,'
X­�Xã2¤«.

ã 2 ²£Ú^=Ø��PSOS�gê�m�'X
Fig. 2 Translation and rotation error versus the

number of generations of PSO

lã2�±wÑ, 35gS�O��,$Ä�O�
S�gê�O\Ø�~�C��ú. ¤±�©
¥PSOS�gê�½�35g.
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4.6 $$$ÄÄÄ���OOO¥¥¥âââfff+++...555���­­­������(Inertia
weight settings of PSO in motion estimation)
âf+.5�­Jø�«��«+&¢UåÚ

muUå�Å�[17–18],��âf�.5,ïþc�
����Ýéueg£Ä�K�.����wk|

u&¢,¿O\«+õ�5,
����wJ,ÛÜ

muUå. �©é�­���$Äëê�OØ��
m�'X?1¢�,Xã3¤«. lã3wÑ, w��

�0,=âf+Ã.5�,$Äëê��OØ���,
=Ã.5��PSO3�½S�gêe�´|¢�°
(). Ã.5��PSO|¢�m���uk.5�
�PSO�{,¤±�©�Ã.5�PSO�{Âñ�
Ýé¯.

ã 3 ^=Ú²£Ø��PSO.5�­�m�'X
Fig. 3 The errors of the rotation and translation

parameters versus w of PSO

4.7 $$$ÄÄÄ���OOO¥¥¥PSOÂÂÂñññ555©©©ÛÛÛ(Convergence
analysis of PSO in motion estimation)
$Ä�OØ�dA�:J�Ø�ÚáN��Ø

�Úå,ã4�Ñ
Ð©âf+ ����éÜØ
�©Ùã. lã4�±wÑ,��éÜØ�ÑCqp
d©Ù3(0, 0)�NC,âf+Ð© ��¤�«�
�¹ý¢���&Ý�~p. ¤±3ù�«�?1
ÛÜ|¢��ý¢���&Ý�A/��~p.
w = 0L²�{�ÛÜmuUår. k.5��
PSO�{�Û|¢Uår,|¢L§UO\«+�

õ�5,�|¢�`)��Ý9Âñ�Ý¬éú.

ã 4 Ð©âf+ ����éÜØ�©Ùã
Fig. 4 Two-dimension joint error distribution of

initial particle swarm position

lã4�±wÑ,�©�Ð©âf+õ�5®²
ér,ÛÜ|¢�m�¹ý¢���&Ý�~p,
¤±Ã.5��PSO�{Âñ�Ý¯,|¢�`)
�Uår,ùÚ14.6!¥�^=Ú²£Ø��PSO
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.5�­'X�¢�(J´���. e¡lnØþ
©ÛÃ.5�âf+`z�Âñ5¯K.

éu���¹.5��{zPSOXÚ,âf+
Âñ�^�[21–22]�

1 > w >
1
2
(φ1 + φ2 − 1) > 0, (8)

ª¥: φ1 = c1× r1, φ2 = c2× r2.

�©æ^©z[21–22]�{zPSOXÚÂñ5©
Û�{��Ã.5�PSOÂñ�^�.

Vi+1 = φ1(p−Xi) + φ2(g −Xi), (9)

Xi+1 = Xi + Vi+1, (10)

K��eª48'X:

Xi+1 = (1− φ1 − φ2)Xi + φ1p + φ2g.

�Xiå© ��X0,K

Xi =

(1− φ1 − φ2)iX0+[(1−φ1−φ2)i−1 + · · ·+
(1−φ1−φ2)+1] · (φ1p+φ2g)/(φ1 + φ2) =

(1−φ1−φ2)iX0−(1−φ1−φ2)i/(φ1+φ2) +

(φ1p + φ2g)/(φ1 + φ2). (11)

�‖1−φ1−φ2‖<1�, lim
i→+∞

Xi =(φ1p+φ2g)/(φ1 +

φ2).¤±,Ã.5��{zPSOÂñ�^��

‖1− φ1 − φ2‖ < 1. (12)

þ¡Ñ´Äuφ1Úφ2Ñ´~ê,,
ùü��¢S
þ´�Å\�Xêc1Úc2��§��þ�,=

maxφ1 = c1, maxφ2 = c2.

3φ1Úφ2´�Å��^�e,²þ1���ÄÙÏ
"�5©Û: E[φ1] = c1/2, E[φ2] = c2/2.

�©¥c1 = 1.2, c2 = 0.55,÷vÃ.5�{z
PSOÂñ�^�.

5 ¢¢¢���(Experiments)
5.1 ���ýýý¢¢¢���(Simulated experiments)
L1�Ñ
PSOÐ©$Ä�O�{Ú�Åæ�

��5Ð©$Ä�O�{�ëê��9$1�m.
�
¦¢�3�Ó^�e?1, RANSACÚPSO�
Ó�ëêÑ���Ó��.S:z������Ü
n��,áNÀúp§O½ Ø�ÚS:K�´v
k'X�,�©RANSACÚPSO�S:K��½�
Ó���: 1.8��. PSOS�gê�35g, RANSAC
�Åæ�gê�1300g. ã5�Ñ
^=Ú²£Ø
��RANSAC�Åæ�gê�m�'Xã. lã5
�±wÑ: 1300g�Åæ��,2O\æ�gêé
$Ä�OØ��~�é�.

L 1 $1�m
Table 1 Run-time

�{ $Äëê�O /g $1�m / ms

PSO 64× 35 9

RANSAC 1300 14

ã 5 ²£Ú^=Ø��RANSACæ�gê�m�'X
Fig. 5 Translation and rotation error error versus

the number of random

�
�yPSO$Ä�O�{�`�5,Äkï
á
áNÀúp§O�ý¢�. ¢�^��:áN
�Å����å�490,Ä��Ý�0.12,ã���
�640× 480��.A�:ÝK �\\0.5���
pdD(±930%�Ø��. ¢�3�©�{µe
e?1,duêâd�ý�),¤±vkA�:u
ÿÚ��Ú½. 1?´���/��.0,�600v,
�180 m. 1?ª:?3D ��þ��Ø�½Â�√

(∆X)2 + (∆Y )2 + (∆Z)2,^��Ý�þ��Ø
�½Â�

√
(∆α)2 + (∆β)2 + (∆λ)2.

L2�Ñ
ØÓ�{�áNÀúp§O½ (
Jé'. �
w«RANSACÚPSO3Ð©$Ä�O
¥�5U,L2��Ñ
�æ^ÛÜDÕ8åN
�(NO--SBA)�½ Ø�. lL2wÑ:ÃØæ^½
Øæ^SBA, PSO�{Ñ²w`uRANSAC�{.
ã6�Ñ
2«�{�$Ä�O;,�é'ã(æ
^SBA).
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L 2 ØÓÐ©$Ä�O�{eáNÀú½ 
(Jé'

Table 2 Stereo visual localization comparison
with different initial motion estima-
tion algorithms

Ð©� 3D �þ� ^��þ�

O�{
SBA

�Ø� / m �Ø� / (◦)

No--SBA 1.25 2.09
PSO

SBA 0.78 1.29

No--SBA 3.27 5.37
RANSAC

SBA 2.32 3.33

ã 6 �ý¢�$Ä�O;,

Fig. 6 Estimated motion trajectories of simulated experiment

5.2 ¿¿¿			ýýý¢¢¢���UUU���¢¢¢���(Outdoor real intelligent
vehicle experiments)
¿	ý¢¢�1æ^
/Karlsruhe Dataset0?

1�U�áNÀúp§O¢�. �U�áN�Å�
Ä��Ý�0.57 m,ã����1344× 391��,X
ã7¤«. Têâ8Jø
ÄO�$Ä;,ã.

ã 7 Karlsruheêâ8��éæ�áNã�

Fig. 7 Karlsruhe dataset: sample stereo pair

ã8�Ñ
ÄO�$Ä;,ãÚØÓ�{$Ä
�O;,ã,é²w, PSO�{'RANAC�{�b
CÄO;,. 3ª:?, PSO�{½ Ø��4.5 m,
RANSAC�½ Ø��6.1 m.

¿	ý¢¢�2æ^
C0dAû�Æ�UX
Ú¢�¿��åláNÀúêâ8. �U�1?


��4�´�,�800 m. áN�ÅÄ��Ý�
0.4 m,ã����640× 480��,Xã9¤«. Tê
â8vkÄO�$Ä;,,�
��°(�ÄOê
â,�©�4�ã�S�O�áNÀúp§O�4
�Ø�,=ª:ã����å:ã�,�yå:Ú
ª:���Ó.L3�Ñ
�[�4�Ø�(J:
PSO�{� �½ Ø��13.5 m,�Ý½ Ø�
�11.8◦, RANSAC�½ Ø��23.3 m,�Ý½ 
Ø��14.4◦. ã10�Ñ
ØÓ�{�$Ä�O;,
ã,é²w, PSO�{�4�Ø���,½ 5U�
�/`uRANSAC�{.

ã 8 Karlsruheêâ8�$Ä�O;,

Fig. 8 Estimated motion trajectories of Karlsruhe dataset

ã 9 C0dAû�Æêâ8��éæ�áNã�

Fig. 9 Amsterdam university dataset: sample stereo pair

L 3 C0dAû�Æêâ8�4�Ø�é'
Table 3 Loop closure error comparison of

Amsterdam university dataset

Ð©� 3D �þ� ^��þ�

O�{ �Ø� / m �Ø� / (◦)

PSO 13.5 11.8
RANSAC 23.3 14.4
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ã 10 C0dAû�Æêâ8�$Ä�O;,
Fig. 10 Estimated motion trajectories of Amsterdam

University dataset

6 (((ØØØ(Conclusions)
�©JÑ
æ^�â+`z�Ð©$Ä�OÚ

S:uÿ#�{. áNÀúp§O�ý¢�Úý¢
�U�¢�L²: ÚÄu�Åæ���5�Ð©$
Ä�OÚS:uÿ�{�',�©�{�$1�
m!½ °ÝÑ�`�. duÂñ�ÝÚ|¢��
�m�gñ,�©��â+`zÌ��ÄÙ¢�5,
¤±3�½S�gêe�©�{��O°ÝÚ�Å

�)�Ð©âf+E�3�½��6'X.(ÜÙ
¦+�U`z±Jp�â+`z�Û|¢�UåÚ

Âñ�Ý´e�ÚïÄ�­:.
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