Filtering/Convolution/Gradient



IMAGE SPATIAL FILTERING ~ CORRELATION
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BOUNDARY
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CORRELATION VS. CONVOLUTION

Image correlation: Image convolution:
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Flip the filter in both dimension (bottom to top, right to left)



Denoised image




STRATEGY: DENOISE AND DIFFERENTIATE




STRATEGY: DENOISE AND DIFFERENTIATE




ASSOCIATIVITY




COMMUTATIVITY




SOBEL FILTER

Sobel filter: derivative of Gaussian filter, e.g., -2 0 2




SOBEL FILTER
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Sobel filter: derivative of Gaussian filter, e.g., 0O 0 O




IMAGE GRADIENT MAGNITUDE







LAPLACIAN
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Second order derivative of Gaussian,
a.k.a., Laplacian of Gaussian



LAPLACIAN
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Edge /ero crossing at edge



Pyramid



AGE RECONSTRUETION: UPS







AN Y2 subsampling
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GAUSSIAN IMAGE PYRAMID 416 3



REDUNDANT REPRESENTATION OF GAUSSIAN PYRAMID




LAPLACIAN OF GAUSSIAN (LoG) ~ DoG

FT
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Laplacian of Gaussian




LAPLACIAN OF GAUSSIAN (LoG) ~ DoG
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IMAGE LAPLACIAN



IMAGE LAPLACIAN
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(_b Upsample
and blur

Laplacian pyramid




Image Transformation



HIERACHY OF TRANSFORMATIONS

Euclidean (3 dof) Similarity (4 dof) Affine (6 dof) Projective (8 dof)
» Length * Length ratio * Parallelism * (Cross ratio
» Angle » Angle * Ratio of area « Concurrency
» Area « Ratio of length * Colinearity
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HomoGRAPHY COMPUTATION

The image can be rectified as if it is seen
from top view.




HomoGRAPHY COMPUTATION

AX=b —» x=(ATA)‘1 ATb




Optical Flow



IMAGE ALIGNMENT

. Brightness constancy

| (W(x;p))=T(x)

ex) affine transform

- U U+ p,v+
= _ W (x: p) = N U+ p,vV+ P,
Template Target image Vv PU+ PV + Py

T ') B :(p1+1)U+ P,V + pg}

| Pu+(ps +1)v+pg




IMAGE ALIGNMENT

Brightness constancy

| (W(x;p))=T(x)

Objective: to find the optimal warping parameter p
that minimizes warping error.

Template Ta;e image )
T(x) | (X) i = minignizeZ( LW (x; p)—T(x))

Template




IMAGE ALIGNMENT

Brightness constancy

| (W(x;p))=T(x)

Objective: to find the optimal warping parameter p
that minimizes warping error.

Template Ta;e image )
T(x) | (X) i = minignizeZ( LW (x; p)—T(x))

Warped image Template




IMAGE ALIGNMENT

| Brightness constancy

| (W(x;p))=T(x)

Objective: to find the optimal warping parameter p
that minimizes warping error.

Template Taéjef image )
T(x) | (X) i = minignizeZ(l(\N(x; P)-T(x))

Error image




IMAGE ALIGNMENT OBJECTIVE

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

T L

2. Find Ap that minimizes the
obj. function at p

Ap=H lz(w%j (T(x)— W (x:p))

v

3. Update p <« p+Ap




CNN



CONVOLUTIONAL LAYER

H xW xC.
' H xW xC,

Multi-channel input Multi-channel output
Feature map



Conv+RELU+PooL

/ — —
Operations: Conv Relu Max-pool
# of units: H xW xC, H xW xC, H xW xC, H, xW, xC,
# of weights: F, xF,xC,xC, 0 0
# of biases: 1xC, 0 0



FC+RELU
y o(y)

Units %




ALEX NET
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ERROR MEASURE (L0SS)

~ L
xeR" ye [O,l]L Y€ {0,1} L : # of class labels
B
B
=
= Cross-entropy loss (matching prob. distribution)
max L=>y,logy,
Soft ‘

Prediction Ground truth
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ENTROPY L0OSS DERIVATIVE
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ENTROPY L0OSS DERIVATIVE
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Deep learning . = function [L, dLdx] = Loss(x, y)
blackbox Shit - -
Pred.  GT
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Output: L=Zyilog)7i where . = ¢
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FuLLy CONNECTED LAYER

Deep learning

blackbox

Input: X eR"
Trainable var.: weR™"

Output: y =wx
yeR"
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o, 22y, w, =y X; 1X(hm)

function [y] = FC(x, w)
function [dLdx, dLdw, dLdb] = FC_back(dLdy, x, w, )



RELU {4
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MAX-PooL
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function [y] = Maxpool(x, size, stride)
function [dLdx] = Maxpool_back(dLdy, x, size, stride, y)

—> ax
Soft
|npUt XERHXWXC
Trainable var.: None
E><Vl><C
2 2

Output: yeR



CONVOLUTIONAL OPERATION

X

|npUt XERHXWXCl
Trainable var.: w e R™F ¢

Output: Yy =X=*w

y c RHXWXCZ

function [y] = Conv(x, w, b)

function [dLdx dLdw dLdb] = Conv_back(dLdy, x, w, b, y)

ax
pft




Epipolar Geometry



o X
Bob’s image / Alice’s image
Alice from Bob’s view
v Epipolar constraint between two images:
B2 1. A point, u, in Bob’s image corresponds to an
\ L epipolar line 1, in Alice’s image.

2. The epipolar line passes the corresponding
point in Alice’s image, v: v, =0

3. Any point along the epipolar line can be a
candidate of correspondences.
Bob Alice 4. Epiploar lines meet at the epipole: ¢l =0 e | =0

dice’v



EPIPOLAR LINE

o X

Epipolar plane

Bob Pbob = K[|3 03><1:| Palice = K|:R t] Alice

vV

| =Fv

Fundamental matrix



FUNDAMENTAL MATRIX

o X
Bob’s image Alice’s image
Properties of Fundamental Matrix
y vV « Transpose: if F is for Pes, Paice, then FT is for Paice, Poos.
 Fe

ebob

Bob Pbob = K[|3 03><1:| Palice = K|:R t] Alice



FUNDAMENTAL MATRIX

o X
Bob’s image Alice’s image
Properties of Fundamental Matrix
y vV « Transpose: if F is for Pes, Paice, then FT is for Paice, Poos.
l,=Fu 1, =F'v
* Epipolar line:
 Fe

ebob

Bob Pbob = K[|3 03><1:| Palice = K|:R t] Alice



FUNDAMENTAL MATRIX

o X

alice
ebob

Bob’s image Alice’s image
Properties of Fundamental Matrix
Vv * Transpose: if F is for Pow, Paice, then FTis for Paice, Pooo.

* Epipolar line:
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B’ * Epipole: --vIFe, =0, uF'e
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Bob Pbob = K[|3 03><‘|:| Palice = K|:R t] Alice



FUNDAMENTAL MATRIX

o X
ebob eaIice
Bob’s image Alice’s image
Properties of Fundamental Matrix
y vV » Transpose: if F is for Pes, Paice, then FT is for Paice, Pros.
l,=Fu I, =F'v
* Epipolar line:
/| Febob =0 FTealice =0
€oot Caiice * Epipole:
* rank(F)=2:

Bob 8 P =K[l; 0., ] P =KR t]™ aice DoF 9 (3x3 matrix)-1 (scale)-1 (rank)=7



