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Non-Consecutive Feature Tracking

« How to efficiently match the common features
among different subsequences?

frame 3 frame 101 frame 102 frame 103




Non-Consecutive Feature Tracking
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Framework Overview

1. Detect SIFT features over the entire sequence.
2. Consecutive point tracking:

2.1 Match features between consecutive frames
with descriptor comparison.

2.2 Perform the second-pass matching to extend
track lifetime.
3. Non-consecutive track matching:

3.1 Use hierachical k-means to cluster the

constructed tracks.
3.2 Estimate the matching matrix with the

grouped tracks.
3.3 Detect overlapping subsequences and join the

matched tracks.



Two-Pass Matching

 SIFT Feature Extraction

Comparison

PN (xt)) — p(xe)
PN (%)) — p(xt)

C < € Global distinctive
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Two-View Geometry




Not Enough!

« How to handle image distortion?

« Naive window-based matching becomes
unreliable!

« How to give a good position initializaton?

« Whole line searching is still time-consuming and
ambiguous with many potential correspondences.

f)




Second-Pass Matching by Planar Motion Segmentation

» Estimate a set of homographi{#}, |k =1,..,N}
 Using inlier matches in first-pass matching

frame t

Alignment

3 4
Ht,t+1 Ht,t+1



Second-Pass Matching by Planar Motion Segmentation

« Guided matching

1 -k S k 2
br._-ﬁ-|-1(xt-|-1):z |15 (x: +y) — It+1(xr+1 + ¥+
velW

kL 2 o e k 2
Aeld(Xg 412 leep1(X4)) 4 Ap||XE — x5

Epipolar constraint Homography constraint

INES




Second-Pass Matching with Multi-Homographies

First-Pass Matching Direct Searching Our Second-Pass Matching
(53 matches) (11 matches added) (346 matches added)



Non-Consecutive track matching

« Fast Matching Matrix Estimation

« Detect overlapping subsequences and join the
matched tracks.



Fast Matching Matrix Estimation

« Each track has a group of description vectors
Px =A{p(x¢)[t € f(X)}
- Track descriptor p(X)

« Use a hierarchical K-means approach to cluster the
track descriptors
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Fast Matching Matrix Estimation
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Non-Consecutive Track Matching

« Simultaneously Match Images and Refine Matching
Matrix

 Refine the matching matrix after matching the common
features of the selected image pairs.

« More reliably find the best matching images with the
updated matching matrix.

Non-Consecutive Track Matching [llustration

Frame Pair Matching Expansion on Initial Match Marrix
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\\ | hard Hartley and Andrew Zisserman."Multiple View
Geometry in Computer Vision”. Cambridge University Press,
Second Edition 2004.
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Geometry in Computer Vision”. Cambridge University Press,
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CAI=4E, SKEFBEILLEE

« Compute Projection Matrix

P, = arg 11%)111 E |m(P:X;) — x4
i :
j

* Decomposition for Metric Projection Matrix
P=K[R|t]=[KR|Kt] =[M | K{]

Decompose M into K, R by QR decomposition

t= K_l(p14, P24, p34)T



Bundle Adjustment

 Definition
« Refining a visual reconstruction to produce
jointly optimal 3D structure and viewing

parameter (camera pose and/or calibration)
estimates.

-
- “

=S

wgmin > S D(x Py

Pk ’X k=1 i=1 .r”. ‘f,.;f x f
o f X [ _'5” .
‘- ot | '
h, L 1.]'3 / v b / \ .\'_H N |
B. Triggs, P. F. McLauchlan, R. I. Hartley, and A. W. Fitzgibbon. N T : V)

Bundle adjustment - a modern synthesis. In Workshop on Vision ™ ~
Algorithms, pages 298-372, 1999. C




Geometric Ambiguities

Projective

ambiguity | DOF | transformation invariants TP

P11 P12 Pz P4

Tp = Po1 P22 P2z P
f.‘l —

P31 P32 P33z Pia

projective 15 cross-ratio

Pa1 P42 P4z Paa ff
_ _ Affine
[ @11 a2 aiz @iy | relative distances T
a: a2y @23 0 along direction
affine 12 T, = 91  G92 @23 Q24 g 4
@31 Ggzz (33 O34 parallelism
0 0 0 1 plane at infinity

aril aTTr12 o713 tz

relative distances

metric 7 Ty = z:ﬂ g:gz ;:23 ?" angles Metric .
31 32 33 Iz , . — — =
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Ty Tiz Tz lg ’1—41{{
Euclidean 6 T = Tar T2z T2 1y absolute distances

T3 T3z T3z i

0O 0 0 1

Euclidean

Projective  Self-Calibration Metric

»

Reconstruction Reconstruction

Marc Pollefeys. “Visual 3D Modeling from Images”



Self-Calibration

o State-of-the-Art References

* R.l. Hartley and A. Zisserman, Multiple View
Geometry in Computer Vision, second ed. Cambridge
Univ. Press, 2004.

« M. Pollefeys, L.J. Van Gool, M. Vergauwen, F.
Verbiest, K. Cornelis, J. Tops, and R. Koch, Visual
Modeling with a Hand-Held Camera, Int'l J. Computer
Vision, vol. 59, no. 3, pp. 207-232, 2004.

* G. Zhang, X. Qin, W. Hua, T.-T. Wong, P.-A. Heng,
and H. Bao, Robust Metric Reconstruction from

Challenging Video Sequences, Proc. IEEE CS Cont.
Computer Vision and Pattern Recognition, 2007.



Bundle Adjustment



Introduction of BA

« Bundle Adjustment (BA) is to jointly optimize all
cameras and points, by minimizing reprojection
errors

argmin ZHE(CL-,X]-) — xij”2
C1-CN X1 XN




Introduction of BA

« Bundle Adjustment (BA) is to jointly optimize all
cameras and points, by minimizing reprojection
errors 2

., orgmin > llm(Co X = x4




Introduction of BA

« Bundle Adjustment (BA) is to jointly optimize all
cameras and points, by minimizing the reprojection
errors 2

¢, orgmin, > e (Co X = x4




Introduction of BA

« BA is a golden step for almost all SfM and SLAM
systems

v

Bundler (SfM) PTAM (SLAM)



Outline

« Theories in BA
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Nonlinear Least Sqaures

x* = argmin E (x)
X

Linea case
E(x) = ||Ax + b||?
=xT(ATA)x + 2(A"bh)x + b™h
0E (x)
0x
ATAx =—-A"b

= 2(ATAx + ATh) = 0




Nonlinear Least Sqaures

x* = argmin E (x)
X
Linea case Nonlinear case
E(x) = ||Ax + b||? E(x) = lle()|I?
=xT(ATA)x + 2(A"bh)x + b™h

0E (x)
0x
ATAx = —A"Tb

=2(ATAx + ATh) = 0




Nonlinear Least Sqaures

x* = argmin E (x)
X
Linea case Nonlinear case
E(x) = ||Ax + b||? E(x) = lle()|I?
=xT(ATADx +2(ATh)x + bTh X =X+ 0y

0E (x)
0x
ATAx = —A"Tb

=2(ATAx + ATh) = 0




Nonlinear Least Sqaures

x* = argmin E (x)
X
L_inea case Nonlinear case

E(x) = ||Ax + blI? E(x) = lleG)ll?

=xT(ATADx +2(ATh)x + bTh X =X+ 0y

9B e(x) ~ e(®) +] 5

ox
ATAx = —ATbh

= 2(ATAx + ATh) = 0




Nonlinear Least Sqaures

x* = argmin E (x)
X

L_inea case Nonlinear case

Jacobian matrix
E(x) = ||Ax + b]|? E(x) = lle()lI? de

= xT(ATA)x + 2(ATh)x + bTh X =X + 0y / /= O0x

A

X=X

e(x*) = e(X) HJ |6,

0E (x)
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Nonlinear Least Sqaures

x* = argmin E (x)
X

L_inea case Nonlinear case

Jacobian matrix
E(x) = ||Ax + b]|? E(x) = lle()lI? de
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Nonlinear Least Sqaures

x* = argmin E (x)
X

L_inea case Nonlinear case

Jacobian matrix
E(x) = ||Ax + b]|? E(x) = lle()lI? de

= xT(ATA)x + 2(ATh)x + bTh X =X + 0y / /= O0x

A

X=X
OPC) _ o(aTax + ATh) = 0 = enes
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Nonlinear Least Sqaures

x* = argmin E (x)
X

L_inea case Nonlinear case

Jacobian matrix
E(x) = ||Ax + b]|? E(x) = lle()lI? de

= xT(ATA)x + 2(ATh)x + bTh X =X + 0y / /= O0x

A

X=X
OPC) _ o(aTax + ATh) = 0 = enes
ox (A7 Ax + ) = E(x) =6, (JTNS, +2(JTe)s, + €Te
ATAlx = —ATh JT] 6, =) ¢

\ Hessian matrix — /
\ normal equation




Sparse Bundle Adjustment

Sparsity pattern of Hessian

argmin Z”ﬂ(Ci»Xj) - xij”2

C1)-CN X1 XNp/ \ W‘r EEE - E

SEsRes

1 camera 1 point




Sparse Bundle Adjustment

« An simple example
« 3 cameras
« 4 points
« all points are visible in all cameras



Sparse Bundle Adjustment

4 points

3 cameras
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Sparse Bundle Adjustment

3735, =-3"¢



Sparse Bundle Adjustment
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Sparse Bundle Adjustment

JTIS |=-3"¢
/0, A

a= % | o d 4
X




Sparse Bundle Adjustment

3735, =417
JTE_ u — !
- =\ u, u, v, v, vy vV
Y
4
_ T
ui_ZAijeij
j71
3
_ T
vj—ZBijel_]
i=1



Sparse Bundle Adjustment

« In general, NOT all points are visible in all cameras

4
Ui = ) ALA;Y, zBTBU,W = ATB;;
j=1

« A;jj = B;j =01if j-th pointis not observed in i-th camera
« More sparse structure, more speedup



Sparse Bundle Adjustment

1735, =-3"¢

o]

(U—WV'lWT oj/d \ ( 1 j
c || u-wrvy

w' V
S=U - WV_lWT Schur Complement

SO’C — —(u - W _1\/) Compute cameras first (# cameras << # points)

— T
VOIX =-v-W dc back substitution for points



Schur Complement for Cameras

U-wv=whd.=-(u-wv—v)



Schur Complement for Cameras

(U -V wa.=-(u-wr)

( S11 S12 S13 )
WV W' = Ssz S,, S,
KslTs Ssz S33 Y,

S, = YW, VW
=1

iy ] iy |



Schur Complement for Cameras

(U-wVwh)d. = -(u- v )

( )
&1

_1 _
wy e = g,

L &3

4

g = WVt

/N
J=1



Schur Complement for Cameras

« Again, in general NOT all points are visible in all

cameras
4
—1v47T
1112 z le]

* S;i, = 0if i;-th camera has no common points with i,-th
camera

- More sparse structure more speedup



Back Substitution for Points

0

U-WwVwha.=-(u-wyvy)
w'a. +vd, =-v

3
o
— T
o’Xj =-v.-aW, o’q

i=1

« Each point can be solve independently
» Again, W;; = 0 if j-th point is not observed in i-th
camera



Probability Interpretation

(U ”)(dCJ—Eu) d (8¢, 8x) = P(6¢)
= - joint density P(8¢, 8x) = P(8¢)P(8x|6¢)
- a’X , join

(U - WV_lWT)O'C =—(u- WV_lv) marginalize out P(8y) to get P(5,)
WTO' +Vd. =-v conditional probability P(6x|6¢)
C X



Factor Graph Interpretation

u w a, _ u
WT % J -~ . joint density P(6¢, 8x) = P(6¢)P(6x|6¢)
X

(U - WV_lWT)O'C =—(u- WV_lv) marginalize out P(8y) to get P(5,)
WTOIC + VdX =y conditional probability P(6x|6¢)

e o o .

Co “ Ci CZ C3 “Cn—} Cy



Factor Graph Interpretation

u w a, _ u
WT % J -~ . joint density P(6¢, 8x) = P(6¢)P(6x|6¢)
X

(U - WV_lWT)O'C =—(u- WV_lv) marginalize out P(8y) to get P(5,)
WTO' + Vd =y conditional probability P(6x|6¢)

argmmZ”C SANNS TU”




Pose Graph Optimization

u w a, _ u
WT % J -~ . joint density P(6¢, 8x) = P(6¢)P(6x|6¢)
X

(U - W _1WT)0'C = —(u - WV_lv) marginalize out P(8y) to get P(8.)
‘PinL'l"PLD’—:TV conditional probability P(6x|6¢)
C X

argmmZ”C SANNS TU”

Pose graph optimization is an approximation of BA
Co Cq C, C, C..1 C,




Steps in BA

u wl| da
wrh v d,

U-WwVwha.=-(u-wyvy)
w'a. +vd, =-v

1. Construct normal equation

U=0: V=00 W=0u=0;v=0

for cach point j and each camera i € V; do
Construct linearized equation (11)
Ui+ =J¢, Jcy;

end for



Steps in BA

u w | 4.
wrh v d,

(U - Wy w)d,. =-(u-wvy)
w'a. +vd, =-v

1. Construct normal equation
2. Construct Schur complement

S=U
for each point j and each camera pair (if,i3) € Vi xV;
do
Sivia = = Wiy Vi Wi
end for
g=u

for each point j and each camera i € V; do
gi— = ijV}lej
end for



Steps in BA

0

(U- WV WY |=-(u-wyy)
w'd. +vd, =-v

1. Construct normal equation
2. Construct Schur complement

3. Solve cameras
« Sparse Cholesky factorization
« Preconditioned Conjugate Gradient (PCG)

- explicitly leverages the sparseness



Steps in BA

0

U-wVwhd.=-(u-wvry)
C

w'a. + V@: -V

1. Construct normal equation
2. Construct Schur complement
3. Solve cameras

4. Solve points

for each point j do

-1 T
ox; = ij \ Z ijﬁcl.
i€V

end for




Runtime for Each Steps

« Runtime increases with #cameras

=N |

! ! ! ! !
1. Mormal Equation
700 - 2. Schur Complement | .
— 3. Solve Cameras : : ;
ituti : : i
00 F 4. El:ack SLIhStItUtIEIr.'I ............................................................. -

I
1000

Key Frames



Challenge of BA

- Efficiency is the main challenge of BA

« Keyframe or pose graph simplification cannot
completely solve this problem

« Two scenarios

 Large scale STM
« Realtime SLAM



Outline

« BA for large scale StM
« BA for realtime SLAM




Outline

« BA for large scale StM




Challenges for Large-scale SfM

« Global BA

« Huge #variables e
« Memory limit P s -
« Time-consuming { N
- Iterative local BA S
 Large error is difficult to be propagated to whole scene
« Easily stuck in local optimum
« Pose graph optimization
« Approximation of BA
« May not sufficiently minimize the error

« Solutions

« Hierarchical BA
« Distributed BA




Segment-based Hierarchical
BA

Zhang G, Liu H, Dong Z, et al. Efficient non-consecutive feature tracking
for robust structure-from-motion[J]. IEEE Transactions on Image
Processing, 2016, 25(12): 5957-5970.



Segment-based Hierarchical BA

« QObservations

 Incremental SfM results in high local accuracy, but low
global accuracy

« The DoF is unnecessarily large by traditional BA

« Solution
« Split a long sequence to multiple short sub-sequences
« 7-DoF similarity transformation for each sub-sequence
« Only optimize overlapping points
« Hierarchically align sub-sequences

.......




Split Point Detection

« The split point should be at the place where the
relative pose error is large, which is unknown in

advance
« Naive solution
« large re-projection error
« cannot reliably reflect the relative pose error
« Qur solution
« Reuvisit the normal equation

(e )(50)=-()
ZinTjei j

* g; in i-th frame will be best minimized along u;

« The inconsistency between i-th and (i + 1)-th frame

T
.. Ui Ujq
E(i,i + 1) = arccos( IIu-ILIIIu- 1”)
l 14

V
Uu; =




Split Point Detection
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Distributed BA by Global
Camera Consensus

Zhang R, Zhu S, Fang T, et al. Distributed very large scale bundle
adjustment by global camera consensus[C]//Proceedings of the IEEE
International Conference on Computer Vision. 2017: 29-38.



Split Cameras or Points

« Split cameras

« Broadcast overlapping points, huge overhead

« Split points
« Broadcast overlapping cameras, called camera consensus

Camera
ntrinsic
parameters

Camera

extrinsic
parameters

Points




ADMM for Constrained Optimization

 Constrained optimization

minimize f(x)+ g(z)
subjectto Ax+Bz=w

 The ADMM algorithm

Ly(x,2z,y) = f(x)+9g(z)
+yT(Ax—|—Bz—w)

+ 2| Ax+Bz—wl|;

x'"! = argmin L, (x,2",y")
=

t4+1

z'™ = argmin L, (x"*!
=z

,2,y")
yi'-l-l — }rt _'_p[:AKi-I-l _I_ th+1 . W)



ADMM for Distributed BA

 Constrained optimization * Distributed BA

minimize f(x)+ g(z) minimize Zfi(xi)
subjectto Ax+Bz=w i=1

subjecttox; =z,i=1,....,n

 The ADMM algorithm
LP(X,Z, y) = f(x)+g(2z)
+y" (Ax+Bz—w) t+1

* Applying ADMM

+5||Ax+Bz—wll;

i)
x'"! = argmin L, (x,2",y") L+l — 1 ZXHI
x — n i
i=1

t4+1

z'™ = argmin L, (x"*!
=z

,2,y")

t+1 t t4+1 t+1 vi ' =yi+px"
y' =y +p(Ax" + Bz —w)

x;, = a,rgn;_ci{n (fi(x.g:] + (y:)T (x; —2z")

P t2
+ —|[xi — =z
Al 12)

— zH'l),i =1,....n



Large-scale SfM Results
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Outline

« BA for large scale StM




Outline

« BA for realtime SLAM




Significance of BA Efficiency to SLAM

 Higher efficiency of BA means
« Lower hardware requirement & power consumption
« Longer sliding window to improve accuracy & robustness
« Faster map expansion, better robustness

137



Batch VS Incremental BA

Batch BA

Incremental BA



Batch VS Incremental BA

Batch BA Incremental BA
Xl X2 X3 Xl
. . . O



Batch VS Incremental BA

Batch BA Incremental BA
Xl X2 X3 Xl X2
. . .



Batch VS Incremental BA

Batch BA

Incremental BA



Representative Methods of Incremental BA

. |SAM/ ISAM2
Kaess M, Ranganathan A, Dellaert F. iISAM: Incremental smoothing and mapping[J].
[EEE Transactions on Robotics, 2008, 24(6): 1365-1378.

Kaess M, Johannsson H, Roberts R, et al. ISAMZ2: Incremental smoothing and
mapping using the Bayes tree[J]. The International Journal of Robotics Research,
2012, 31(2): 216-235.

https://bitbucket.org/gtborg/gtsam/

. ICE BA

Liu H, Chen M, Zhang G, et al. Ice-ba: Incremental, consistent and efficient bundle
adjustment for visual-inertial slam[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2018: 1974-1982.

https://github.com/baidu/ICE-BA
« SLAM++

lla V, Polok L, Solony M, et al. Fast incremental bundle adjustment with covariance
recovery[C]//2017 International Conference on 3D Vision (3DV). IEEE, 2017: 175-184.

https://sourceforge.net/p/slam-plus-plus/wiki/Home/



https://bitbucket.org/gtborg/gtsam/
https://github.com/baidu/ICE-BA
https://sourceforge.net/p/slam-plus-plus/wiki/Home/

Incremental BA by ICE-BA

Liu H, Chen M, Zhang G, et al. ICE-BA: Incremental, Consistent and
Efficient Bundle Adjustment for Visual-Inertial SLAM. CVPR 2018.



Steps of Standard BA

« Steps in one iteration

1

2.
3.
4.

normal equation
Schur complement
solve cameras
solve points




Observations in Standard BA

« Runtime forsteps 1,2 >> 3,4
« #projections >> #cameras

Tirne (ms)
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700 -
600 |

300

00k
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4. Back Substitution
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Observations in Standard BA

« Runtime forsteps 1,2 >> 3,4

« Most cameras and points are nearly unchanged
« Contribution of most functions nearly unchanged
« No need to re-compute at each iteration



ICE-BA

« Factor graph representation

o G|l ol G
@ @ : marginalize

points o @) C; m |m
> .

- points

O point () camera
B visual factor from X;
B visual factor from X,

[ visual factor from X;



ICE-BA

« Factor graph representation

marginalize

points

ra
-

solve
points

- New cameras or points come

X,

X

X3

066 e

C; [ | [

C, EtE| =

C; [ |

C;

Ly |

H+Hm)

O point () camera
B visual factor from X;
B visual factor from X,

[ visual factor from X;




ICE-BA

« Factor graph representation

« Points have changed after iteration

X X;
H

X

marginalize

points

ra
-

solve
points

(W)

()

(H)+

C; [ | [

C, EtE| =

C; [ |

O point () camera
B visual factor from X;
B visual factor from X,

[ visual factor from X;




ICE-BA

« Factor graph representation

alol| ol
@ e . marginalize |
P :O @ ©

OO0 = of el
; points ;

X G .

- Cameras have changed after iteration © ot O camera
B visual factor from X;

B visual factor from X,
X X; Cy C, C- Cy

< - [ visual factor from X;
Ci| m |m
@9 @) C, m-+(m) |(m)

C- (O (
M : (H)+(m)

-
- o




Step1: Normal Equation

 Batch BA

* |ICE-BA

U=0: V=00 W=0u=0;:v=0

for each point j and each camera i € V; do

Construct linearized equation (11)
U; it = JT JC

Vii+= JX Jx

u;+ = JEUEU

V}'+ = J;E _Efj

ij
_qT
wij = chj JX!-J-
end for

for each point j and each camera i € V; that C; or X is
changed do
Construct linearized equation (11)
ii— ZAE g JT JC i’ S”+ AU
Vij-=AVAY = Jx,—ﬂx Vit = AV
gi— = bl h“ —JT_ eij; gi+ —b“

L V. T _ v

V; _IJIJT U J U,VJ+ b
. T

Wi =, Ix,,

Mark V;; updated
end for




Step2: Schur Complement

 Batch BA

* |ICE-BA

S=U
for each point j and each camera pair (i1,i;) € V; x V;
do
Siyi,— = WiV, W]
end for
g=u

for each point j and each camera i € V; do
gi—= w;jVL.lVJ
end for

for each point j that V;; is updated and each camera pair
(i1.i2) € Vi xV; do

SI”2+ = Pijiyj
_ —lwT
rlrzj' W‘Uv wlzJ’
S; S
i1~ iyizj
end for

for each point j that V j; 18 updated and each camera i € V;
do

gi+ = bg hg =W; V- Tvisgim _b?j
end for




Sub-track Improvement for Local BA

« In LBA, most points may be observed by most
frames in the sliding window
« Dense Schur complement
« A large portion need to be re-computed

« Split the origin long feature track X; into several
short overlapping sub-tracks X;_, X;

ll’ lz,...

split points C:|C|C5|Cy

5 @ G| x| x[x
© © © Ok

e
R ]2

........................................................................................................................



Sub-track Improvement for Local BA

 In LBA, most points may be observed by most
frames in the sliding window
« Dense Schur complement
« A large portion need to be re-computed

« Split the origin long feature track X; into several
short overlapping sub-tracks X; , X;

l2, o0 0

" |——o0-1BA: Total

—— O-IBA: Schur
ST-IBA: Total

—— ST-IBA: Schur

time (ms)

0 500 1000 1500 2000 2500 3000 3500

frame index



Efficiency Comparison

* Local BA (LBA) * Global BA (GBA)
« |ICE-BA (50 frames) * |CE-BA: 0(1)
 Ceres (10 frames) e Ceres: 0(n?)

00000

00000




Efficiency Comparison

* Local BA (LBA) * Global BA (GBA)
« |ICE-BA (50 frames) « |ICE-BA: steady and smooth
* OKVIS (8 frames) * ISAM2: steep and peaks

keyframes



Accuracy Comparison

Seq. Ours w/ loop | Ours w/o loop | OKVIS SVO | 1SAM2
MH_-01 0.11 0.09 0.22 0.06 0.07
MH_02 0.08 0.07 0.16 0.08 0.11
MH_03 0.05 0.11 0.12 0.16 0.12
MH_04 0.13 0.16 0.18 - 0.16
MH_05 0.11 0.27 0.29 0.63 0.25
v1_.01 0.07 0.05 0.03 0.06 0.07
V1.02 0.08 0.05 0.06 0.12 0.08
V1.03 0.06 0.11 0.12 0.21 0.12
v2.01 0.06 0.12 0.05 0.22 0.10
v2.02 0.04 0.09 0.07 0.16 0.13
V203 0.11 0.17 0.14 - 0.20
Avg 0.08 0.12 0.14 0.20 0.13




Open-source Solver & BA

« Bundler:
http://www.cs.cornell.edu/~snavely/bundler

« g20: https://github.com/RainerKuemmerle/g20

« Ceres Solver: http://ceres-solver.org

« SegmentBA: https://github.com/zju3dv/SegmentBA
« ISAM2: https://bitbucket.org/gtborg/gtsam

« |CE-BA: https://github.com/baidu/ICE-BA

« SLAM++: https://sourceforge.net/p/slam-plus-
plus/wiki/Home/



http://www.cs.cornell.edu/~snavely/bundler
https://github.com/RainerKuemmerle/g2o
http://ceres-solver.org/
https://github.com/zju3dv/SegmentBA
https://bitbucket.org/gtborg/gtsam
https://github.com/baidu/ICE-BA
https://sourceforge.net/p/slam-plus-plus/wiki/Home/

KRESIMEBGE

- IBEISIM
+ KAEKE R TIALERSC
- BER, XESE, BEERE
« RFRMELLE

« Bundler: http://grail.cs.washington.edu/rome/
« VisualSFM: http://ccwu.me/vsfm/

« COLMAP: http://demuc.de/colmap/

« ACTS: http://www.zjucvg.net/acts/acts.html

« FoREREEPHE, B TR FERTRBINER
- BERSEEAE
- ARMIE

« ENFT-SFM: https://github.com/zju3dv/ENFT-SfM



http://grail.cs.washington.edu/rome/
http://ccwu.me/vsfm/
http://demuc.de/colmap/
http://www.zjucvg.net/acts/acts.html
https://github.com/zju3dv/ENFT-SfM

KRESIMEBGE

y %}%TSfM
- BEEOKBERNEIRINZ, AREEDENSEREZETTHILKL
- B, (BEREZZEERICECRISN
- ARMETAF
« OpenMVG: https://github.com/openMVG/openMV
.+ ESISTM
- XAERDAETEGRIERE, AREERKREERAE
« KNiIBER/DEZERE, $ERAYCERAR R LANAHEIE
- ARMETAF
« HSfM: Hybrid Structure-from-Motion(Cui et al.,2017)
° 'L:)ZSfM
« BHIENXERHITIREMN
° :Zﬁﬂﬂ.@,mln)iﬁ;u
- ARIME

« Semantic structure from motion (Bao et al.,2011)



https://github.com/openMVG/openMV

