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Why Mosaic?

* Are you getting the whole picture?
Compact Camera FOV =50 x 35°
Human FOV =200 x 135°
Panoramic Mosaic =360 x 180°

Slide from Brown & Lo
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Motion Modeling
Image reprojection -

\ mosaic PP

* The mosaic has a natural interpretation in 3D
The images are reprojected onto a common plane
The mosaic is formed on this plane
Mosaic is a synthetic wide-angle camera

Alexei Efros,



Presenter
Presentation Notes
Before we do any image registration, we must first establish mathematical relationships that map pixel coordinates between images. These maps are called parametric motion models. 


Motion Modeling: 2-D
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Presenter
Presentation Notes
The simplest of mapping is a 2-D translation.


Motion Modeling: 3-D

A pencil of rays contains all views

real
camera

synthetic
camera

Can generate any synthetic camera view
as long as it has the same center of projection!

Alexei Efros,


Presenter
Presentation Notes
In 3-d, similar motion models exist as in 2-D.  One important case for modeling panoramas is when we have a fixed camera that only rotates about its vertical axis.  All rays converge at the fixed camera. If we capture all possible rays, then we can map onto any synthetic camera view.  Now, we can generate mosaics.  The next slide shows how we can use projections/homographies to create panoramas.
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Presenter
Presentation Notes
Now that we have a mapping of coordinates between images, we can align them.  There are two types of alignment: direct (pixel-based) and Feature-based.


Direct (Pixel-based) Alignment

Use search technique to

Determine Error Metric : : ,
find possible alignments

Complexity of error metric depends on complexity of motion
model


Presenter
Presentation Notes
Direct alignment method has two steps: select an error metric and then use a search technique to find possible alignments.  Complexity of error metric
depends on complexity of motion model, i.e. how many parameters to consider when comparing images (should I consider rotation in my model, what about varying exposure?).  The image below has many parameters to consider in the error metric, including pixels that are not included in other images, exposure differences, rotation and scaling (zooming), etc.  


Example of Simple Error Metric &
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Presenter
Presentation Notes
Here we try to find where a pixel in Io is in I1, u is the displacement, ei is the residual error (displaced frame difference).  Problems with this error metric: doesn’t account for pixels not included in image and very sensitive to outliers because it’s quadratic.  Also, a linear search is slow.  Other search algorithms are used for speed and subpixel accuracy.


Feature-based approach

Detect local features
Extract feature descriptor
Match feature between two images
Estimate homography using RANSAC
Warping

o Uk wh =

compositing

http://www.di.ens.fr/willow/teaching/recvis10/assign



Feature-based approach

1. Detect local features
a simple single scale Harris corner detector

The Hessian and eigenvalue images can be efficiently
evaluated using a sequence of filters and algebraic

operations
5 G, is a noise-reducing pre
Gplx) = aG%(m) « I(x), smoothing “derivative” Ga
G, (e) — 9 . (x) % I(a) filter.of wio!th ad(=. 1)
Y oy ¢ ’ Gy, is the integration Gaus

Gi(z) Gyp(x)Gy(x) filter whose scale g;(= 1.5

B(z) = :
() Gol(T)Gy(x) Gz (x) controls the effective
A(z) = Gy (z) * B(z), patch size.
_ 2
Mo (&) = apo + a11 F \/(Clog a11)? + ﬂo1fl10?

Szeliski, Richard. "Image alignment and stitching: A tutorial." Foundatio
Trends® in Computer Graphics and Vision 2.1 (2006): 1-104.



Feature-based approach

1. Detect local features

detA(x,y) A,
tr A(x,y) N A+ A
e |[nterest point are located w
corner strength is a local
maximum in 3*3 neighbour
e Non-maximal supresion for
spreading out interest point

fum(x,y) =

Brown et.al, "Multi-image matching using multi-scale oriented patches." Computer Vis
Pattern Recognition, 2005. CVPR 2005. |[EEE Computer Society Conference on.\Vol. 1. |E



Feature-based approach

2. Extract feature descriptor

8x8 pixel patches patch around each detected feature to form a
64-dimensional descriptor (image intensity itself).

sample from the larger 40x40 window to have a nice large
blurred descriptor.

bias/gain-normalize intensity.
Invariant to intensity change,
but sensitive to scalechange, . s
rotation, not a problem for - k
the basic case.

Mikolajczyk et al, "A performance evaluation of local descriptors.” Pattern
and Machine Intelligence, IEEE Transactions on27.10 (2005): 1615-1630.




Feature-based approach

3. Match feature descriptors between two images

distance(i,j) = ||d{(i) — d»(j)||, Fixediinimage 1 and search
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Figure 6. Distributions of matching error for correct and incorrect matches. Note that the distance of the closest match
(the 1-NN) is a poor metric for distinguishing whether a match is correct or not (figure (a)), but the ratio of the closest
to the second closest ( 1-NN/2-NN) is a good melric (figure (b)). We have found that using an average of 2-NN distances
from multiple images (INN/(average 2-NN)) is an even befter metric (figure (c)). These resulls were compuled from
18567 features in 20 images of the Abbey dataset, and have been verified for several other datasets.

Lowe, David G. "Distinctive image features from scale-invariant

keypoints."International journal of computer vision 60.2 (2004)




Feature-based approach

3. Match feature descriptors between two images




Feature-based approach

4. Estimate homography using RANSAC

To Hiyw Hio His L1

yo | = | Ha1 Hao Hog y1 | & Xe=Hxy
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note written by David Kriegman for Computer Vi
252A, UCSD, Winter 2007




Feature-based approach

4. Estimate homography using RANSAC

RANdom Sample Consensus, or RANSAC
e Basic idea: first find a good starting set of inlier correspondences,
i.e., points that are all consistent with some particular motion
estimate
1. random selecting a subset of k correspondences
use it to compute a motion estimate H
3. counts the number of inliers that are within of their predicted
location, i.e., ||rl-|| < €
4. repeated S times, and the sample set with largest number of
inliers is kept as the final solution.
 In ourimplementation k=4,5S=50, € = 3

N

Fischler et al "Random sample consensus: a paradigm for model fitting with applications to
analysis and automated cartography." Communications of the ACM 24.6 (1981): 381-395.




Feature-based approach

4. Estimate homography using RANSAC

all the matched features

Note the robustn
pick out the real
features

only inliers
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Feature-based approach

5. Warping and compositing

using the estimated homography matrix H to warp
Choose the maximum value where pixels overlap
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Feature-based approach

6. Speed up
Use the Adaptive Non- Control (use all the
Maximal Suppression features)
algorithm
# of Features ~ 100 # of Features ~ 5000

time: 8.97 s time: 128.85 s




Compositing: putting everything
together

 Select final compositing surface and reference image

» Select which pixels contribute to final composite and optimally
blend them to minimize visible seams (exposure differences), blur
(mis-registration), and ghosting (moving objects)



Presenter
Presentation Notes
After have all images registered, decide how to produce final mosaic.  First, we select the final compositing surface, which can be a flat surface, spherical, etc.  and reference image around which all other images will be stitched.  





Summary

* Image stitching

* Choice of algorithms depends on complexity of image
differences

* Trade off between robustness, accuracy, computation time
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