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Multi-View Geometry

m Structure-from-Motion

Automatically recover the camera

parameters and 3D structure from multiple
Images or video sequences.

o o

Noah Snavely, Steven M. Seitz, Richard Szeliski.
"Photo tourism: Exploring photo collections in 3D". 2016.
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Two-View Geometry
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Two-View Geometry
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Two-View Geometry

3D: Epipolar Geometry
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Structure from Motion

m Pipeline

Feature Tracking
m Obtain a set of feature tracks

-----

Structure from Motion
m Solve the camera parameters and 3D points of tracks

Xij — ?T(Pi){j) P; = K-i[Ri‘Tf-]

m

EPy,...P,. X, ... X,) = Z Z wii||7(PX;) — x5
1=1

J
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SIFT

m Scale-Invariant Feature Transform
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Image gradients Keypoint descriptor

David G. Lowe.Distinctive Image Features from Scale-Invariant Keypoints.
International Journal of Computer Vision 60(2): 91-110 (2004).
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More Invariant Features
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Loopback Sequences and Multiple
Sequences

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

frame 1 frame 2 ~, | |{rame 3 frame 101 frame 102 frame 103




Non-Consecutive Feature Tracking

i i _} Consecutive Feature

S G = g
. & o iy
- e -~ ot oy

Df S o Tracking
a7 ) e T e

!

Non-Consecutive
Track Matching

Structure from
' Motion



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.
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Two-Pass Matching for Consecutive
Tracking

m SIFT Feature Extraction

m First-Pass Matching by
Descriptor Comparison

PN (%)) — p(xi)
P(J\/;H(Xt)) — P(X¢)

¢ < & Global distinctive
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Two-View Geometry

3D7?7?7?
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Two-View Geometry

3D: Epipolar Geometry
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Not enough!

m How to handle image distortion?

Nailve window-based matching becomes
unreliable!

m How to give a good position Initializaton?

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

?




Second-Pass Matching by Planar
Motion Segmentation

m Estimate a set of homographies {H}, |k =1,...,N}
Using inlier matches in first-pass matching

frame t

T T S —

Alignment




Second-Pass Matching by Planar
Motion Segmentation

m Guided matching
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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

m Fast Matching Matrix Estimation

m Detect overlapping subseguences and join
the matched tracks.
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Fast Matching Matrix Estimation

m Each track has a group of description
vectors P = {p(x)|t € f(X)}

m Track descriptor p(X) = 5 .

e?,
[Tisi]

vocabulary fTree

m Use a hierarchical K-means approach to
cluster the track descriptors

:
2
:



Fast Matching Matrix Estimation
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Non-Consecutive Track
Matching

m 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 Illustration

Frame Pair Matching Expansion on Initial Match Marrix




Traditional STM Framework

m Feature tracking over whole sequence

m Structure & motion initialization
Compute F between two initial images
Compute P, and P,
Triangulate 3D points of the matched features

m For each additional view
O Compute the camera pose
O Refine and extend 3D points

m Self-Calibration
Upgrade the projective reconstruction to metric one.

m Refine structure and motion
Bundle adjustment
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\ " nard Hartley and Andrew Zisserman.“Multiple View Geometry in
Computer Vision”. Cambridge University Press, Second Edition 2004.
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Richard Hartley and Andrew Zisserman.“Multiple View Geometry in
Computer Vision”. Cambridge University Press, Second Edition 2004.
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m Cost function

X = arg 11{;11 Z | (P:X) — x|
X &

m " Levenberg-Marquart &y R fif
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Knowing 3D points, Compute
Camera Motion

m Compute Projection Matrix
P, = arg 11%'11_112 |7 (P X;) — x4
J
m Decomposition for Metric Projection Matrix
P = K[R|t]=[KR|Kt]=[M | Kt]

Decompose M into K, R by QR decomposition

t= K_l(pm, P24 p34)T



Bundle Adjustment

m Definition

Refining a visual reconstruction to produce
jointly optimal 3D structure and viewing
parameter (camera pose and/or calibration)

estimates. "‘ ¢
wemin SE00L Ry
k=1 i=l [ >

B. Triggs, P. F. McLauchlan, R. I. Hartley, and A. W. Fitzgibbon. = —

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



Geometric Ambiguities

Projective
ambiguity | DOF | transformation invariants TP
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Marc Pollefeys. “Visual 3D Modeling from Images”
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Self-Calibration

m 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.
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m ENFT-SFM or LS-ACTS
O http://www.zjucvg.net/Is-acts/ls-acts.html

m OpenMVG
O https://github.com/openMVG/openMV

m VisualSFM
O http://ccwu.me/vsfm/
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