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An Improved Method for Camera Location Estimation Through

Convex Optimization

XIE Li-Xiang1 WAN Gang1 CAO Xue-Feng1 WANG Qing-He1 WANG Long2

Abstract As a core module of structure from motion (SfM), location estimation of cameras in a global framework has

been a research hotspot of computer version. State-of-the-art methods for location estimation are sensitive to outliers,

especially for large scale, unordered images. The incremental SfM reduces the influence of outliers through an iterative

optimization. The global SfM does not have an efficient strategy to remove mismatch, so the result of estimation is

influenced deeply by outliers. Therefore, we introduce an improved method for location estimation. First, combined with

the epipolar constraint we propose a new pairwise direction estimation algorithm. Then, we make the problem well-posed

by introducing a new preprocessing method based on parallel rigidity. Finally, we propose a robust linear estimation model

based on convex programing. We can get a global optimum solution by resolving this model. The method can integrate

well with state-of-art global SfM pipeline. Multiple group experiments have proved the robustness of our methods without

any loss of efficiency and common precision.

Key words Structure from motion (SfM), global position estimating, parallel rigidity, convex optimization, epipolar

geometry
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SfM) ´õÀãn�­ïEâ�'�SN, ��Ñ´O�ÅÀú+��Ä:¯K. SfM 3J[y¢!Ory¢!$ÄJl!_�ó§!¢½|µï���¡Ñk2�A^. SfM �{)û�´��l��ã�¡Eû����Å$ÄÚ|µn�DÕ(��¯K.

SfM �{Ï~d±en�Ú½|¤: 1) ã�AÆ��9�Å�é ^�O (�é²£Ú�é^=); 2)�Å$Ä�O, =�â�Å�é ^�O�Å��Û^=Ú�Û �. 3) |^²L��z­ÝKØ�`z��Åëê?1|µDÕ(�¡E, ~^1å{²�[1] (Bundle adjust, BA) �Ǒ`z�{. 38
 SfM �{¥é1 1) Ú1 3) Ú½�ïÄ��Ǒ



3Ï �n��: Äuà`zU?��Å�Û ��O�{ 507¤Ù, Ñy
�Ǒ���nØÚ�{. �é
ó, é1 2) Ú½�ïÄÿØ
¤Ù, 
Ù´�Å�Û ��OÜ©, yk� ��O�{õé	:¯a.yk� SfM �{���©Ǒüa. �a´Oþª�{[2−8] (Incremental method), À�üÜã��Ǒ�©�é?1�©­ï, ,�Øä\\#�ã�±*�­ï���, ��¤k�ã��Ü­ï�.. 3ù�S�L§¥, Ï~¬?1õg BA ?n±`z�Å$Äëê9­ï�|µn�DÕ(�. ,�a´�Ûª�{[9−11] (Global method), �éuOþª�{5`, �Ûª�{Ø´��Åì\\�L§, 
´�é¤kã�Ó�?1�O, �g5)�¤k��Å$Äëê, ëê)��.�2?1|µn�DÕ(���O, ���?1�g�Û5� BA`z, �ª���ÅëêÚDÕ|µ(�.Oþª�{Äk|^�©�é�O�Å$ÄÚÛÜ|µn�DÕ(�, �Y�S�­ï´Äu�©�é�­ï(J?1�, �ª�O�(Jé�©�éÀ���65�p. d	, 3Øä�S� BA L§¥, Ø�¬Øä\È, ���Yã�­ï�O�Ø��u
ö, �ª�U�)|µ¤£y�. �Ûª�{é¤k�ã�Ó�?1?n, �?1�g� BA`z. ùØ=Uk�/;�Ø�\È, òØ�²þ©�, ¿���
Ñ��E�S� BA L§. ,	�Ûª�{¥��Å$Ä�OÚ|µn�DÕ(�¡E´©m?1�, 3¤k�Å$Ä�Ü�O�.�2?1|µn�DÕ(�¡E, �Ì~�
zgI��O�ëê�ê, ùǑl,��¡J,
�{�Ç.Ǒ,�Ûª SfM �{A:âÑ, �yk� SfM�{¥, Oþª�{²wõu�Ûª�{. ù´duyk��Å$Ä�O�{�õé	:¯a, ùp�	:Ì��)
©Ú½ 1) ¥ã�AÆ��L§¥�)�Ø���±93�Å$Ä�OL§¥duØ���3�)�	: (~X�Å�é²£���O(J¥�	:). Oþª�{ÏL�ES� BA L§�±k�/GØ�Ü©�Ø��, ü$	:é�O(J�KǑ. 
�Ûª�{¿vkù�GØL§, �	:�õ��O�°Ý�{�y. ù«�¹3?n�5�!�Sã��Ly�
Ǒ²w. Ïdé	:°���Å$Ä�O�{äkép�ïÄd�, �±¿©u��Ûª SfM �{�`³, Jp SfM ?n�ÇÚ°Ý.3�Ûª SfM L§¥�é$Ä�O©Ǒ�Å�Û^=Ú�Å�Û ��OüÜ©, Ï~ùüÜ©m?1. C 20 
, �Å$Ä�O�ïÄ��
²w�?�, Ù¥�Å�Û^=�O�¡®²ÑyØ�¤Ù­½��{[12−15] . ,
, 3�Å�Û ��O�¡, 
Ù´3?n�5�!�Sã�8�,

yk��Å�Û ��O�{�3A�¯K: �O(JØ­½[7, 16−17]!é�é²£��¥�	:�¯a[18−19] ±9�à�§´�\ÛÜ�`)[11] . Ïd,°�!p�¿�U�yÂñu�Û�`)��Û ��O�{Òw�é­�.�Ï��Û ��O�{[16, 20] ´Äu�Åm�é²£���ï�5�§¿���§�����)5?1�Û ���O. ùa�5�{äkép�O��Ç, ��YïÄuyÏLùa�{¼��)¿Ø­½, 3�ê ��U¬�) lý���) (Spectral solution). ©z [7] ÁãÏL�O�Å�m�é²£�'~5�Øù«�), �¿�k�J,�O(J�°Ý. ©z [11] JÑ Lie �ê²þ{, �k�)û�)�¯K, �ÏǑæ^�à�`z�§, ���O(JÂñ�ÛÜ�`)
�{�y�Û�`. ©z [18] JÑ
�«Äu�ê�[à`z�{. ù«�{�±é�/)ûÛÜ�`)�¯K, ��êÏ~´É	:KǑ, �O(JJ±�y.Ó�©�{��q�´©z [10] JÑ��{, ©z
[10] �ï
��ÄuAÛål�å��5�§, �æ^�´�ê�å, ��é	:¯a. ,��Ú�©�'�´©z [21] JÑ�Äu�é²£���¤�5�§����z�ê)��{, ©z [21] ÏL\\�å5k��Øf�)¯K, �Ï�é²£��*ÿ�¥	:�KǑ, �O(J�°Ý¬ü$. ,	, ©z [22] ¥JÑ
�«Äu²;fN²£nØ��Û ��O�{. Ó©z [22] �', �©æ^�´²1fNnØ, ���O�§�,ØÓ. ©z
[23] JÑ
�«¡Ǒ 1DSfM ��{, ÄkÏLý?nGØ�é²£��ÿþ¥�	:, 2�O���à�`z�§é�Û �?1�O.�éyk�Ûª SfM �{¥�Û ��O�3�Øv, (Ü²1fNnØ!à`z�{±94�AÛnØ, �©JÑ�«#�p�°���Û ��O�{. ¿��©�{�±é�/KÜuyk��Ûª SfM �{6§¥. �©SN(�Xe: 1 1 !{ü0�
�Ûª SfM �{. 1 2 !Ú1 3 !´é�Å�Û ��O�{�U?. 1 2 !�ã
�«(Ü4��å��é²£���O�{. 1 3 !Ú\²1fNnØ, �ã�«Äuà`z�°�5�Å�Û ��O�{. 1 4 !´¢�Ü©, �^ 8|úmêâ8é�©�{ÿÁ¿Ú�';.�{?1'�.

1 �Ûª SfM�{{0du�©ó�´3�Ûª SfM �{Ä:þéÙ¥��Å�Û ��OÜ©?1
U?, ¤±Äké�Ûª SfM �{?1{�0�.



508 g Ä z Æ � 44ò�Ûª SfM ���¹±e 5 �Ú½:Ú½ 1. ã�AÆJ����.Ú½ 2. �Å�é ^�O.Ú½ 3. �Å�Û^=�OÚ½ 4. �Å�Û ��O.Ú½ 5. 1å{²� (BA).Ù¥�Å�Û ��OÚ½�¹�Å�é²£���OÚÄu�é²£����Û �)�üÜ©.du3�Ûª SfM ?nL§¥, �?1
�g BA`z, ¥mL§¥vkaqOþª�{�S� BA?n, ØUk�/GØØ���KǑ. Ø����3¬�����Å�é²£���O(J¥�	:�). 
�Å�é²£���O(J¥�3�	:¬��KǑ�Å�Û ��O��ª°Ý, $���O�(J�{Âñ.ÏdO\�Å�Û ��O�{é	:�°�5, Jp�O(J�°ÝÚ­½5�±lü��¡�Ä: ~�Ø��é�Å�é²£�OL§�KǑ,�~�Å�é²£���O(J¥�	:, ±93�é²£���O(J�3	:��¹e?1�Å�Û ��°�5�O. �éùü�¡, �©é�Ûª SfM ¥��Å�Û ��O�{�Ñ±eü:U?: ÄkJÑ�«#�Äu4��å��Å�é²£�O�{. ,�Ú\²1fNnØò�Å�Û ��O¯K=�Ǒ��·½5¯K¿JÑ�«Äuà`z�UÂñ��Û�`�°�5�Å ��O�§. ¿�U?���Å�Û ��O�{�±é�/KÜ�DÚ��Ûª SfM 6§¥, Xã 1 ¤«.ã 1 ¥�J�µÜ©Ǒ�©¤��U?.

ã 1 KÜ�©U?��Ûª SfM �{6§ã
Fig. 1 The processing pipeline of global SfM fusion our

modifying

2 Äu4��å��é²£���O�é²£���O��´é�Û�IXe�Å

�m�é²£����O. �Ûª SfM �{¥, �Å�é²£����O´�Å�Û ��O�Ä:,�é²£���O�(J��KǑ�
�Y��Û ��O�°Ý.Ï~, �O�é²£��´ÏLé��Ý
 Eij©)¼��é^=ëê Rij Ú²£ëê tttij (ùp��é²£Ú^=´3�Å�IXe�). ,��é^=ëê Rij ��Ñ�Û^= Ri, U
âd)�Ñ�é²£���O� γγγij = Ritttij/||tttij ||. 3Ø���3½ö��:L���¹e, |^ù«�{�OÑ��é²£��Ï~Úý��3�� �. �Ûª
SfM �{¥vkÓOþª�{¥���S�`zL§, ¤±Ø��:�3¿ë�$��¯K�{;�,Ïd�^ù«�O�{é�Ûª SfM L§¥�é²£��?1�OÏ~ØU¼���é°(�(J,�?n�5�!�Sã�8�ù«�¹Ly�
Ǒ²w.éd, �©JÑ�«Äu4��å��é²£���O�{, �3��3ã�Ø���¹�EU�±�O(J�°�5 (~��O(J¥�3�	:, Jp1 3 !¥��Û ��O°Ý). �{6§Xã 2 ¤«.ã 2 �©U?��é²£���O�{6§

Fig. 2 The processing pipeline of relative translation

estimation based on our modifying�Û^=��O¬3é�§ÝþKǑ��é²£����O°Ý. ©z [14] JÑ
�«p�!é	:°���Û^=�O�{, ÙÌ�g�´Äk|^���Ý�é�ú�´p°�� L1 �ê`z�§��z�é^=Ø�, ,��^���Ý�¯�Äu L2 �ê�`z�§é(J?1?�Ú�`z. Ïd, Ǒ
Jp�é²£���O�°Ý, �©Äk^©z [14] �{�OÑ�Û^= Ri, ,�(Ü°�5��O�.)��é²£���.Ǒ
Lã�B, ^ {Ii}
n
i=1 L«ã�8Ü. PPP L«n�|µ:. {Ri}

n
i=1!{ttti}

n
i=1!{fi}

n
i=1 ©OL«���Å��Û^=! �±9�Å�å. PPP i L«|µ:3±1 i ��ÅǑ¥%��IXe� �, pppiL«|µ:ÝK�1 i ��ÅéA�ã�²¡þ� �. PPP!PPP i!pppi �m�ÏL�m�qCzÚÝKC��p=�, äN=�úªXe:

PPP i = Ri(PPP − ttti) = (Xi, Yi, Zi)
T (1)

pppi = (fi/Zi)PPP i = (xi, yi, fi)
T (2)Xã 3 ¤«�ã� I!J �m���Ý
Ǒ Eij =
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[ttt]×Rij (Ù¥ Rij = RT
i Rj, tttij = RT

i (tttj − ttti) ©OL«ã� i, j �m��é^=Ú�é²£, [ttt]× Ǒ²£�þ���).

ã 3 ã��m�4�'X
Fig. 3 Epipolar relationship between image pairsã� I, J �4��å�L«Ǒ

pppT
i Eijpppj = 0 (3a)- p′

i = (xi, yi)
T L«n�:ÝK�1 i ��²¡þ�²¡�I, K (3a) �U�Ǒ




xi

fi

yi

fi

1




Eij




xj

fj

yj

fj

1




= 0 (3b)




p′
i

fi

1


 Eij




p′
j

fj

1


 = 0 (3c)Ǒ
¼�d�é²£����5�O�., Äké�k�4��å�§ (3) ?1C/, ¼�L�ª (4):

pppT
i Eijpppj = pppT

i [RT
i (ttti − tttj)]×RT

i Rjpppj =

pppT
i RT

i ((ttti − tttj)×Rjpppj) =

(Ripppi×Rjpppj)
T(ttti − tttj) = 0

⇐⇒ vvvT
ij(ttti − tttj) = 0

⇐⇒ vvvT
ijγγγij = 0

vvvij = (Ripppi×Rjpppj) =



Ri




p′
i

fi

1







×





Rj




p′
j

fj

1










(4)òª (4) í2� k é��:, ��e¡�Äu L1 �ê��5�O�.:

minimize
{γγγ′

ij
}ij

mij∑

k=1

δ

subject to |(γγγ′
ij)

Tvvvk
ij| ≤ δ, ∀i, j

||γγγ′
ij || = 1, ∀i, j (5)éª (5) ?1S�\�����{ (Iteratively

reweighted least squares, IRLS)[24] ?n, �±¼�ÎÒØ(½��é²£���O� γγγ′
ij.äNÚ½Ǒ:Ú½ 1. ���©��Ú��S�gê;Ú½ 2. O��åÝ
¿éÝ
©)¼��é²£���O�;Ú½ 3. O�í�¿�#��;Ú½ 4. �ä�O(J´ÄÂñ, eØÂñ, ­EÚ½ 2 Ú 3, ÄK(å$�.3S�L§¥ë�O��zé��:���´�âzgS�(J�í�©��, éí��z����:©������, ��©������.�� γγγ′

ij �,l�ª�O γγγij ���ÚÎÒ=�:

γγγij = sγγγ′
ij, s ∈ {−1,+1} (6)ª¥, s L«²£���ÎÒ. ­ïÑ5�DÕ|µ:7½ u�Å²¡
�ù�Q½¯¢´(½ÎÒ

s �K�Ì��â[25] . äN�{´: Äk- s = +1,,�O�Ñ u�Å²¡
��|µ:�ê nf , XJ�u¤k|µ:oê� 1/k, K�±ÎÒØC (�� k � 2, ÏǑ|µ:k�� u�Å²¡
¡v±`² s ÎÒǑ�); ÄK, - s = −1. �ª¼��é²£���O� γγγij , l
¢y�é²£���°�5�O.�éuDÚ�²£���O�{, �©Ø´��|^��Ý
©)�� Rij , tttij ?
¼��é²£���, 
´ÏLd4��åC/�E���5�`z�§, ��(á�é²£��Ó��:é pppi, pppj9ýé^= Ri �m�'X. ù«�O�.Äu L1�ê�, ¿�ÏLO�L§¥�#��:ééA����±k�ü$Ø��é�O(J�KǑ, ~��é²£���O(J¥�	:, Jp�Y�Å�Û ��O�°Ý.

3 Äuà`z�°�5�Û ��O3�Ûª SfM �{6§¥, �Å�Û ��O´�3�Û�IXeéë�­ï�ã�¤éA��Å ���O. Ǒ
Lã�B, ©¥�^é4ã Gl = (Vl, El) 5L«ã�û���Å�m��é'X (�Å�Û �Ú�é²£��), Ù¥º:
Vl = {1, 2, 3, · · · , n} éAu n ��Å3�Û�IX�m � ttti (1 ≤ i ≤ n), º:�më����
(i, j) ∈ El éA�´�Û�IXe�Å�m��é²£�� γγγij.
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¼�p�!°�!�Û�`��Å�Û ��O�, �©�ï
��Äu L1 �å�à`z�5�O�. (1 3.2 !). du�I��O�µe��Ø��� (=ÑyXã 5 (a) ¤«�/�, ��1
3.1 !), ��|^à`z�O�.?1)�¿ØU�y¼���). Ïd3ò®�þ�\�.?1��ëê)��
�I���
ý?nÚ½. ý?nÚ½�8�3uò�O¯K=�Ǒ��·½5¯K.©z [10, 26] ¥JÑ�¼�nÀãmn�Üþ��{�±k�)ûù«¯K, �n�Üþ�O�¬�Ñ�	��m¿O\
�Y ��O�.�E,Ý.�©Äu²1fNnØJÑ�«#�p�ý?n�{.

ã 4 �é²£��Ú�Å�Û �
Fig. 4 Relative translation direction and cameras′

global position

ã 5 ²1fN«~
Fig. 5 An example of parallel rigid

3.1 ²1fN²1fNnØ3Äu� ÿþ� (Bearing-

based) Daì�ä½ !Åì<gÌ½ ��Ê!8I�l��¡kéõA^[27−32] . �©ÄgòÙÚ\��Ûª SfM �{��Å�Û ��OïÄ¥.�é�Å ���Û�O, Äk�Ä±e¯K:®��Å�m��é²£�� γγγij �, UÄ��(½¤k�Å� � ttti (1 ≤ i ≤ n) (ùp���5Ø�Ä�Û�²£Ú �, Xã 2 ¤«)? �é4ãk�o��á5�, ���(½�Å �? XJØU��(½�Å� �, ´Ä�±lé4ã¥J�Ñfã,l
��(½¤k�Å��Û �?þãA�¯KÎÜ²1fNnØ¤ïÄ�SN:®�ã G ¥¤k>���, � G ´²1fN�, U��(½ã¥¤kº:� �; � G Ø´²1fN

�, ÏLJ� G ¥���²1fN¤©���(½ã¥¤kº:� �. Ïd�ò�Å�Û ��OÓ²1fNnØk�(Üå5, l
ò�Å�Û ��O=�Ǒ��·½5¯K.±eǑ(½²1fN�35�½n:½n 1
[28]

. ®�ã G = (V,E), - (d − 1)EL« E � d − 1 ��°, ��=���8Ü
D ⊆ (d − 1)E ��3 |D| = d|V | − (d − 1) �
G Ǒ²1fN. D �f8 D′ ⊆ D ÷ve¡�Ø�ª:

|D′| ≤ d|V (D′)| − (d + 1) (7)ª¥, V (D′) L« D′ ¤éA�º:, | ∗ | L« ∗ ¥����ê.éu½n 1, �±(Üã 5 ?1n). � d = 2�, =3���/e, d� D = E, �÷v½n
1 ¥��/7L�3 |D| = 2|V | − 3. ã 5 (a) ¥
|D| = 6, |V | = 5 w,Ø÷v^�. ã 5 (b) Ǒlã
5 (a) ¥J�Ñ�fã |D| = 3, |V | = 3, ÷vT^�. ã 5 (c) ¥ |D| = 7, |V | = 5, ÷vT^�. ¤±� d = 2 �, ã 5 (b) Ú (c) ¥£ã��/Ǒ²1fN, 
ã 5 (a) KǑ�²1fN.²1fN�)�����5��±lã 5 ¥�*�n), 3ã 5 (a) ¥®�ã G = (V,E) ¥�º:Úº:më����. éuã 5 (a) ¥��/�±¼�õ�Õá�), ~X {t1, t2, t3, t4, t5} Ú
{t1, t2, t3, t

′
4, t

′
5}. 
ã 5 (b) Ú (c) ¥��/�¬�����).d½n 1 û)
�X�uÿ²1fN��{.©z [33] 0�
�«�mE,ÝǑ O(n2) � Peb-

ble game C«�{uÿ²1fN´Ä�3±9©z
[34] 0�
�«�{^5l�²1fN(�¥J�ÑÙ¥���²1fN¤©, Ù�mE,ÝǑõ�ª�m.��	:��¹e (�Å�é²£��*ÿ�þǑý�), (Ü²1fNnØÚÄ�� ��O�. (ª (8)) �O(/¡E�Å��Û �. �éuý¢�ã�, 	:´ÊH�3�, 
Ù´¡é�5�!�Sã�� (ÏǑØ��J±;�). ²1fNnØA^u�Å�Û ��O�¿Â3uò����O¯K=�¤��·½5¯K, �Ødu��OµeØ���5��O(JÜÂ5, �y�Å ��O�­½5.ò²1fNnØÚ\��Ûª SfM ¥, ?1�Å�Û ��OÄ�g´´Äk(½é4ã
Gl = (Vl, El) ´Ä²1fN, XJ´K��?1°�5��Å�Û ��O (1 3.2 !), ÄKJ�ÑÙ¥��²1fN¤© (|^©z [32] ¥�{),,�2?1�Å�Û ��°�5�O.
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3.2 °�5�Û ��O��é²£���O(J¥�	:�, �±lé4ã Gl = (Vl, El) ¥J�Ñ���²1fN, ,�ÏLeª°(¡EÑ�Å�Û �.

γγγij =
ttti − tttj

||ttti − tttj||
(8)ª¥, γγγij L«�Å i, j �m��é²£�� (�Å�é²£���°�5�O�1 2 !), ttti, tttj L«�Å i, j ��Û �.,
du	:�ÊH�3, ��|^ª (8) ?1�Û ��O�(JÏ~�ý�ké� �. XÛ3	:�3��¹e°���O�Å�Û �´�é­��¯K, ùǑ´�!&?�SN.�®��Å i, j �m��é²£��*ÿ�Ǒ

γγγij, Óý��m���Ǒ εεεij �, éuz� γγγij ÷vXe�ª:

γγγij =
ttti − tttj

||ttti − tttj||
+ εεεij (9)Ǒ
Ø� εij �3��¹eU¯�°��OÑ�Å��Û �, òª (9) U�ǑXe�5/ª:

εεε′ij = ttti − tttj − λλλijγγγij (10)ª¥, Ǒ
{zO�!JpO��Ç, - λij = ||ttti −

tttj||. ��^�Åm�ål�Ø� εεε′ij 5�O�é²£��Ø� εεεij , �ª|¤��d εεε′ij, ttti, tttj, λij ,γγγij�¤��5�§. �Å�m�ålØ� εεε′ij Ú�é²£��Ø� εεεij ¤�5'X (εεε′ij = −λλλijεεεij), ¤±��z�é²£��Ø� εεεij �¯K�±=zǑ��z�ÅmålØ� εεε′ij �¯K. Ǒ
Jpé	:�°�5, �©Äu L1 �ê�åéålØ� εεε′ij ?1��z.dd�±¼�Xe�Äu�å��O�.:

minimize
{ttti}i,{λij}ij ,{εεε′

ij
}ij

∑

(i,j)∈El

εεε′ij

subject to ||ttti − tttj − λijγγγij || ≤ εεε′ij∑

i∈Vl

ttti = 0

λij = ||ttti − tttj|| ≥ c,∀(i, j) ∈ El (11)ª (11) ¥�O�.´��5��à�, ���^T�.?1�Å�Û ���O¬�3)�E,Ýp,�)(J�¯K. Ïd�ï�à�å λij = ||ttti−tttj||,ò λij �ǑÕá�ëê�) (d� λij L«�´éAuz��Åé���ºÝÏf). ù«?nüÑ��¡�±òª (11) ¥�O�.�5z (ù«�5z�{2�A^u�Å�Û ��OL§¥, ©z

[10, 17, 20] �þæ�ù«üÑ��ò λij �Ǒ��Õá���ºÝÏf, Ù¥©z [20] ÄgJÑ|^�5�O�.?1�Å�Û ���O). ,��¡�±òª (11) ¥��O�.=�Ǒäkàá5��O�..ÏLþã�ï�à�å�üÑòª (11) ¥�O�.l�à��5�O�.=�Ǒäkàá5��5�O�., U
Jp�OL§��ÇÚ°Ý. XJ�^�©��à��5�.=�3êâþé���¹eǑ¬ÑyO�E,ÝLp�¯K.3�Å�Û ��OL§¥k�þ�õ{*ÿ (Redundance data), �âª (11) �±�Ñõ�Ó�Å i �'��åë�S�)� (�å�ê�u� i �'��Åé�oê, ~X�Åé
i, j!i, j + k!i, j + n·, nØþ�õ�� N − 1 ��å, Ù¥ N Ǒë��O��Åoê). 3ù«�¹eò λij �Ǒ��Õá���ºÝÏf�±ü$ëê�m�ÍÜ5, {zO�, ¿Ø¬ü$�ª�O�°Ý. �ª¼�XeÄu L1 �å�à`z�5�O�.:

minimize
{ttti}i,{λij}ij ,{εεε′

ij}ij

∑

(i,j)∈El

εεε′ij

subject to ||ttti − tttj − λijγγγij|| ≤ εεε′ij∑

i∈Vl

ttti = 0

λij ≥ c,∀(i, j) ∈ El (12)ª¥, �å∑
i∈Vl

ttti = 0 Ú λij ≥ c ©O´Ǒ
�Ø�O(J¥²£ÚºÝ��Â5 (Ó©z [10] ��,�©� c �Ǒ 1). ,	�å λij ≥ c �±;��X
λ ≡ 0, ttt ≡ 0 �a�²�).éuþã(��à`z�O�., Ï~�^�g5y (Quadratic programing, QP) �). Ǒ
Jp�O(J�°�5, �©(ÜS�\�����
(Iteratively reweighted least squares, IRLS) é�.?1�).

IRLS Ì�g�´: é8I�.?1S��),3zgS�L§¥�#*ÿ��­. �­����ûuþ�gS�(J�í�, éí��z��*ÿ��u�p��­, ���$. �A^u�!¥�Å�Û ��O¯K�, Xeª (13) ¤«.

minimize
{ttti}i,{λij}ij ,{γij}ij

∑

(i,j)∈El

wij||ttti − tttj − λijγγγij || (13)éí��z���é²£���*ÿ�������­. ù«�ª�k�/Jp�{é	:�°�5.



512 g Ä z Æ � 44òÌ��{Ú½Xe:Ú½ 1. �� QP Ú IRLS �S�gê±9�©�­.Ú½ 2. �âª (12) O��åÝ
 A.Ú½ 3. �^ QP �)Ý
�§.Ú½ 4. O�í�¿�#�­.Ú½ 5. ­EÚ½ 4 Ú 5 ����S�gê�þ�.Ó©z [10] �{�', �©�^
Äu L1 �ê
Ø´ L∞ �ê��O�., é	:�äk°�5.Ó©z [23] 1DSfM �{�', �©�^
�5�
Ø´��5�`z�§, 3O��Ç�¡�p, ¿��©�^�´à`z�O�.U
�yÂñ��Û�`, 
 1DSfM �UÂñ�ÛÜ�`.

4 ¢�¢�êâǑ©z [23] Jø� 8 |úmã�êâ8. ù 8 |êâÑäk�5�!�S�A:. Ǒ
�

y�©�{��ÇÚ°Ý, éù 8 |êâ?1?n¿Ó©z [20, 23] �¢�(J?1'�. e¡�Ñ¢�(J9(J©Û
4.1 ¢�(J¢�(J©ǑüÜ©, 1�Ü©´�Û ��O°Ý�'� (�L 1), 1�Ü©´?n�m�'�
(�L 2), ,	�Ñ
|^�©�{é 8 |êâ?n¼��|µn�DÕ(� (ã 11).Ǒ
��Ù�Ï��KǑ, �y¢�¤æ^�AÆJ����!�é$Ä�O��{Ó©z
[20, 23] �±��, æ^©z [23] �Ñ��é$Ä�O(J�Ǒ�©�{�Ñ\. Ǒ
�yú²5, §S��^
ü�§?1?n.L 1 ¥ x, x̃ ©OL«�OålÓë�ål�m���²þ�Ú¥ � (ü CqǑ�) Ù¥
1DSfM Ú©z [20] �¢�(JÚ^g©z [23]

(1DSfM (J¥��Ñ BA 
�²þ�, ©z [20](J¥��Ñ
 BA ��¥ ê).L 1 �©�{Ó 1DSfM!©z [20] ?n°Ý'�
Table 1 Comparison of accuracy: our method!1DSfM and [20]êâ �©�{ 1DSfM[23] [20]�© BA � �© BA � BA �¶¡ º� (��) ê8 x̃ x N x̃ x x̃ N x̃ x N x̃

Tower 1 600×1 064 1 576 3.4 19 461 1.3 22 11 414 1.0 40 306 44

Montreal 1 349×1 600 2 298 0.6 1 454 0.4 1 2.5 427 0.4 1 357 9.8

Madrid 1 600×1 081 1 344 2.3 5 337 1.0 4 9.9 291 0.5 70 240 18

Piazza 1 600×2 390 2 251 1.8 5 318 1.0 3 3.1 308 2.1 200 93 16

Yorkminster 1 600×2 129 3 368 2.7 6 406 1.4 4 3.4 401 0.1 500 345 6.7

Library 1 067×1 600 2 550 2.3 6 321 0.7 5 2.5 295 0.4 1 271 1.4

Vienna 1 600×2 400 6 288 6.5 16 821 2.2 10 6.6 770 0.4 2E4 652 12

Alamo 1 600×2 133 2 915 0.5 2 554 0.4 2 1.1 529 0.3 2E7 422 2.4L 2 �©�{Ó 1DSfM!©z [20]!Bundler ?n�m'�
Table 2 Comparison of efficiency: our method!1DSfM!Bundler and [20]êâ �©�{ 1DSfM[23] [20] Bundler

TR TO TS TBA Σ TR TO TS TBA Σ Σ Σ

Tower 1 29 9 351 390 9 14 55 606 648 264 1 900

Montreal 2 66 24 352 444 17 22 75 1 135 1 249 424 2 710

Madrid 1 12 7 158 178 15 8 20 201 244 139 1 315

Piazza 1 14 11 95 121 14 9 35 191 249 138 1 287

Yorkminster 1 31 12 128 172 11 18 93 777 899 394 3 225

Library 1 13 6 199 219 9 13 54 392 468 220 3 807

Vienna 6 344 50 1 206 1 606 98 60 144 2 837 3 139 2 273 10 276

Alamo 4 153 49 847 1 053 56 29 73 752 910 1 403 1 654



3Ï �n��: Äuà`zU?��Å�Û ��O�{ 513Oþª Bundler �{[3] �Ǒ?n�5��Sã��²;�{, 3�Å ��O°Ý�¡'���.Ïd, Ó©z [23] ��, Ǒ
é¢�(J�°Ý?1þz'�, �^ Bundler �?n(J�Ǒë� (T(Jl©z [23] �Ñ��Õ¼�), ©O'��O�Óë������²þ�!¥ ê (æ^
�«Äu RANSAC (Random sample consensus) �ýé½ �{, ò¢�(Jéà�ë�µe¥l
¼�²þ�Ú¥ ê). ÀJ²þ�Ú¥ ê�Ǒ'�þ��Ï3u: ²þ��N�´�Nêâ�²þY²,²þ����´É4à��KǑ, Ïd�±�N�{é	:�°�5; ¥ ê�N�´�Nêâ�8¥ª³, ØÉ�ê4à�KǑ, ¥ ê����±�N�O(J�ÊH°Ý.L 2 ¥'�
�©�{Ó 1DSFM!©z [20]!9DÚ�Oþª Bundler �{�?n�m (ü Ǒ�). L¥ TR L«ýé^=¤I��m, TO L«é�é²£��?1`z¤I�m, TS L«�Û ��O¤I��m, TBA L«?1 BA ¤I��m,∑ L«���ã�m�oÚ.

4.2 (J©Ûêâ?n°Ý�¡, lL 1 �±wÑ, �©�{3 BA `z�
�²þ�' 1DSfM �{²L BA`z�²þ��$, 3�©�{²L BA `z�üö��å?�Ú*�. Ù¥ Vienna Ú Alamo ü�êâ�¥ ê�´��
 2E3!1E7 � (ã 7, lã
6 ¥Ǒ�±wÑéuêâ Alamo �^�©�{�k�þ: lë���é��). ùL²
�©¢�(J¥äk��� lë���4à�, ¿©�N
�©�{é	:�°�5. ¿�Ó 1DSfM �', 3
BA `z
��©�{Ñäk�
öCq½ö�$�¥ ê (ã 9 Úã 10). Ó©z [20] �', �©�{w,äk�$�¥ ê (ã 8). ùL²
�©�{

ã 6 �Å�Û �Ñ:ã (êâ Vienna, �Å�ê 821)

Fig. 6 Global location of cameras represented by

scatter diagram

ã 7 BA `z��©Ó 1DSfM ¢�(J²þ�'�ã
Fig. 7 Comparison result of mean between our

method and 1DSfM after BA

ã 8 BA `z��©Ó©z [20] ¢�(J¥ ê'�ã
Fig. 8 Comparison result of median between our

method and [20] after BA

ã 9 BA `z
�©Ó 1DSfM ¢�(J¥ ê'�ã
Fig. 9 Comparison result of median between our

method and 1DSfM before BA°Ý�¡���5.êâ?n��Ç�¡, lL 2 �±wÑ, �'�DÚ�Oþª�{, �©�{k 6∼ 10 �\�; �' 1DSfM, äk�Cu 2 ��J�. éu�Ü©¢�êâ, �©?n�ÝØ$u©z [20] �{. Ïd,
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ã 10 BA `z��©Ó 1DSfM ¢�(J¥ ê'�ã
Fig. 10 Comparison result of median between

our method and 1DSfM after BA

�©��{3?n�Çþ`u½ö�Cuyk�;.�{.nþ, ¢�(JL²: �©�{é	:äk���°�5, ¿�?n(J�ÊH°ÝÚ?n�ÇÑØ$u;.�{, ÏL�©�{�±p�!°�/?1�Å�Û ��O.

5 (Ø�éyk�Ûª SfM �{6§¥��Å�Û ��OÜ©�3�Øv, �©JÑ�«U?��Å�Û ��O�{. �©ó�Ì�Ny3ü��¡: 1) (Ü4��å, JÑ�«#�éØ��°��é²£���O�{; 2) Ú\²1fNn

ã 11 |^�©�{é 8 |úmêâ8?n¼��|µn�DÕ(�
Fig. 11 The experimental result with 8 groups of datasets based on our method
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