Motion Estimation Motion Illusion created by Akiyoshi

Kitaoka
e Lots of uses
— Track object behavior
— Correct for camera jitter (stabilization) ' . . . . .. ". . . . .. “" . . . . .

— Align images (mosaics) .......".‘....“.......

: 100000001000000H06000601
00000000 00IHIN000I
1000000110000 001000000)
1000000110000 001000000)
1000000110000001000000)
000000000 00HINO000

— 3D shape reconstruction
— Special effects
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Figure 12-8. Four frames of a synthetic image sequenceshowing a sphere slowly
rotating in front of 2 randomly patterned background.

12.7 Discontinuities in Optical Flow

There will be discontinuities in the optical flow on the silhouettes, where
one object occludes another. We must detect these places if we are to
prevent the method presented above from trying to continue the solution
smoothly from one region to the other, This seems like a chicken-and-egg
problem: If we have a good estimate of the optical flow, we can look for
places where it changes very rapidly in order to segment the picture. On
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Figure 12-9. Es

i flow shown in
after 1, 4, 16, and 64 iterations of the algorithm.

the other hand, if we could segment the picture well, we would produce
a better estimate of the optical flow. The solution to this dilemma is
to incorporate the segmentation into the iterative solution for the optical
flow. That is, after each iteration we look for places where the flow changes
rapidly.. At-these places we set down marks that inhibit the next iteration
from smoothly connecting the solution across the discontinuities: We first
set the threshold for this decision very high in order to prevent premature
carving up of the image. We reduce the threshold as better and better
estimates of the optical flow become available.

‘We can get some feel for how well our assumption of smoothness holds

Hamburg Taxi Video

Hamburg Taxi Video

Horn & Schunck Optical Flow
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Tian & Shah Optical Flow

Solving the Aperture Problem

Basic idea: assume motion field is smooth

Horn and Schunk: add smoothness term
[ [ @+ VIt DPHN2VulP+IV o) da dy

Lucas and Kanade: assume locally constant motion
— pretend the pixel’s neighbors have the same (u,v)
« If we use a 5x5 window, that gives us 25 equations per pixel!

0 = Ii(p;) + VI(p;) - [u v]

— works better in practice than Horn and Schunk




Lucas-Kanade Flow

* How to get more equations for a pixel?
— Basic idea: impose additional constraints
¢ most common is to assume that the flow field is smooth locally
« one method: pretend the pixel’s neighbors have the same (u,v)
— If we use a 5x5 window, that gives us 25 equations per

PRl — L) + VI - [u 0]
L(p1) Iy(p1) Ii(p1)
Li(p2) Iy(p2) || v | _ _| It(p2)

: H v H
Ix(p25) Iy(p2s) Iy(p2s)
A d b
25x2 2x1 25x1

Lucas-Kanade Flow

* Problem: more equations than unknowns

A d=b _———, minimize ||Ad —b|?
25x2 2x1 25x1
¢ Solution: solve least squares problem

— minimum least squares solution given by solution of:
2x2 2x1 2x1

(AT4) d= AT
SLI: SEL | [u] _ [Tk
AT A ATp

— The summations are over all pixels in the K x K window
— This technique was first proposed by Lukas and Kanade (1981)

Conditions for Solvability

— Optimal (u, v) satisfies Lucas-Kanade equation

Yol SLiy |[v] _ [Tk
SLI, SILI, ||v]| = | SLL

AT A ATy

When is this solvable?
+ ATA should be invertible
+ ATA should not be too small due to noise
— eigenvalues A, and A, of ATA should not be too
small
+ ATA should be well-conditioned
— A4/ A, should not be too large (A, = larger
eigenvalue)

Eigenvectors of ATA

ATA= [ gﬁy gyg ] = [ ﬁy ] [ I,) = S vI(vD)T
 Suppose (x,y) is on an edge. What is ATA?
— gradients along edge all point the same direction
— gradients away from edge have small magnitude
(Evivn") mevrvi?
(X vi(vD") VI =k|VIPVI
— V1 is an eigenvector with eigenvalue E|vI|?
— What’s the other eigenvector of ATA?
« let N be perpendicular to V1

(CvivnT)N=o0

¢ N is the second eigenvector with eigenvalue O
* The eigenvectors of ATA relate to edge direction and magnitude




150

S vivi?
— large gradients, all the same
—large A, small A,

Low Texture Region

S vivi? ~C
— gradients have small magnitude iR
—small A, small A,

High Texture Region

Sy vivn? N
— gradients are different, large magnitudes * -~
—large Ay, large A,

Observation

* This is a two image problem BUT
— Can measure sensitivity by just looking at one of the
images

— This tells us which pixels are easy to track, which are
hard

« very useful later on when we do feature tracking

10



Errors in Lucas-Kanade

* What are the potential causes of errors in this
procedure?
— Suppose ATA is easily invertible
— Suppose there is not much noise in the image

* When our assumptions are violated
— Brightness constancy is not satisfied
— The motion is not small

— A point does not move like its neighbors
* window size is too large
¢ what is the ideal window size?

Improving Accuracy

* Recall our small motion assumption
0=1I(z+wu,y+v)— H(z,y)
~ I(x,y) + Izu+ Iyv — H(z,y)
¢ This is not exact
— To do better, we need to add higher order terms back
in: = I(x,y) 4 Izu 4 Iyv + higher order terms — H (&, y)

* This is a polynomial root finding problem

— Can solve using Newton’s method
¢ Also known as Newton-Raphson method

— Lucas-Kanade method does one iteration of Newton’s method
* Better results are obtained with more iterations

Iterative Refinement

 [terative Lucas-Kanade Algorithm

1. Estimate velocity at each pixel by solving
Lucas-Kanade equations

2. Warp H towards I using the estimated flow field
- use image warping techniques
3. Repeat until convergence

Revisiting the Small Motion
Assumption

* When is the motion small enough?
— Not if it’s much larger than one pixel (2" order terms dominate)

— How might we solve this problem?

11



Reduce the Resolution

. r
« P b “

Coarse-to-Fine Optical Flow
Estimation

u=1.25pixels L.
u=2.5 pixels -

u=10 pixels;

Gaussian pyramid of image H Gaussian pyramid of image |

Coarse-to-Fine Optical Flow
Estimation

- — run iterative L-K <_.

lwarp & upsample

.——’ run |terat|veLK ‘—-

Gaussian pyramid of image H

Gaussian pyramid of image |

Optical Flow Result
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Spatiotemporal (x-y-t) Volumes

Figure B9 Geometry of image acquisition by a camera that is capturing images at
squidistant interval: whi camera s transhling horizontally in a direction
parallel to the camera’s image plane. Three positions of lhe» camera’s center of
projection and its image plane are illustrated, and in each instance, the image
position of the scen puin! p is indicated. The figure illustrates that a fixed scene
point sweeps out a straight horizontal trajectory in the spatiotemporal stack of
images that are captured by a camera at equidistant intervals while the camera is
translating horizontally along a straight line parallel to its image plane. (From
[Bolles, Baker, and Marimont 1987] with permission.)

812 imation Based on Sp poral Coh
to motion-field estimation that we are describing as based on

spatiotemporal coherence a ently originated with Yamamoto [Yamamoto

/

(b) ()

Figure 810 Spatiotemporal image data acuired by a camera that is capturing
images at equidistant intervals while the camera is translating horizontally (from
right 10 left) in a direction parallel to the camera’s image plane. (a) Three frames of
a 125-image sequence (b) Oblique view of the image sequence in (a) after the

ce has been stacked into a three-dimensional spatiotemporal image data
black. () Same as (b), except now the image data block s horizontally sliced; the
top of the last image is shown in conjunction with the bottom of the first image to
illustrate the genesis of horizontal spatiotemporal streaks in the image data block
(Adapted from [Bolles, Baker, and Marimont 1987] with permission,)

(b)

Figure 811 Slices of spatiolemporal image data blocks illustrating the image
motions of scene puints under various camera motions. In each instance, the
individual images in the data block from which the slice is taken are captured at
equidistant displacements of the camera. (a) This horizontal slice from Figure -
8.10(c) illustrates the linear (horizontal) spatiotemporal image trajectories of scene
points under linear (horizontal) translation of the camera parallel to its image plane.
(b) This planar slice illustrates the planar, but not necessarily linear, spatiotemporal
image trajectories of scene points under linear translation of the camera in a
direction not parallel to its image plane—the planar slice here is not horizontal, but
rather is oriented to contain the focus of expansion, which sweeps out a straight
horizontal trajectory orthogonal to the individual image frames. (c) This slice,
which is nonplanar in three dimensions, illustrates the nonplanar (and, therefore,
nonlinear) spatiotemporal fmage trajectories of scene points under motion of the
camera that includes both linear translation and simultancous rofation. (From
[Bolles, Baker, and Marimont 1987] with permission.)

Now, the spatiotemporal image of a scene point is a coherent structure
of one higher dimension: It is a curve. The spatiotemporal image of a scene
curve is a surface, and the spatiotemporal image of a scene surface is a
volume, Whereas we can easily determine the image velocity of a scene
point that maps onto a locally discriminable spatiotemporal image curve by
projecting the tangent to this curve (ie, its time derivative) onto the image
plane, the image velocity of a scene point whose spatiotemporal image can be
determined only to lic on some diseriminable spatiotemporal surface has a

Visual Event Detection using
Volumetric Features

Y. Ke, R. Sukthankar, and M. Hebert, CMU,
CVPR 2005
Goal: Detect motion events and classify actions
such as stand-up, sit-down, close-laptop, and
grab-cup

Use x-y-t features of optical flow

— Sum of u values in a cube

— Difference of sum of v values in one cube and v values
in an adjacent cube

13



3D Volumetric Features

Optical Flow Features

Approximately 1 million features computed

Optical flow of stand-up action (light means positive direction)

Classifier

» (Cascade of binary classifiers that vote on the
classification of the volume

* Given a set of positive and negative examples at a
node, each feature and its optimal threshold is
computed. Iteratively add filters at each node
until a target detection rate (e.g., 100%) or false
positive rate (e.g., 20%) is achieved

* Output of the node is the majority vote of the
individual filters

Action Detection

* 78% - 92% detection rate on 4 action types: sit-
down, stand-up, close-laptop, grab-cup

* 0 - 0.6 false positives per minute

* Note: while lengths of actions vary, the first
frames are all aligned to a standard starting
position for each action

¢ Classifier learns that beginning of video is more
discriminative than end because of variable length

* Relatively robust to viewpoint (< 45 degrees) and
scale (< 3x)

14
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Structure-from-Motion

e Determining the 3-D structure of the world, and the motion
of a camera (i.e., its extrinsic parameters) using a sequence
of images taken by a moving camera

— Equivalently, we can think of the world as moving and the camera
as fixed

» Like stereo, but the position of the camera isn’t known
(and it’s more natural to use many images with little
motion between them, not just two with a lot of motion)
and we have a long sequence of images, not just 2 images

— We may or may not assume we know the intrinsic parameters of
the camera, e.g., its focal length
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Figure 4.5: A view of the computed shape {rom approx-

fmately above the building (eompare with figure 4.6). Figure 4.7: For a quantitative evaluation, distances be-

tween the featunes shown in the pieture were measured
on the actual model, and compared with the computed
results. The comparison is shown in figure 4.8.

Extensions

Paraperspective

— [Poelman & Kanade, PAMI 97]
Sequential Factorization

— [Morita & Kanade, PAMI 97]
Factorization under perspective
— [Christy & Horaud, PAMI 96]

— [Sturm & Triggs, ECCV 96]
Factorization with Uncertainty
— [Anandan & Irani, IJCV 2002]
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Fig. 3. Image matches (my.,, m;) are found as described before. Since the image points, m._,, relate
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Fig. 4. () a priori search range, (b) search range along the epipolar line and (c) search range around the
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Figure 5.1: Image matches (my—1,m;) are found as described before. Since the image points, m;-, relate to
object points, K, the pose for view i can be computed from the inferred matches (M, m;). A point is accepted
as an inlier f its line of sight projects sufficiently close to all corresponding points.
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Sequential structure and motion
recovery
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estimating matches and epipolar geometry
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Pollefeys’ Result

Object Tracking

* 2D or 3D motion of known object(s)

* Recent survey: “Monocular model-based
3D tracking of rigid objects: A survey”

available at http://www.nowpublishers.com/
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