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11.1 Linear Image Filters and Convolution

Linear Filtering Process:

Form a new image whose pixels are based on some
function of a local neighborhood of the pixels

Replace each pixel with a linear combination of its neighbors
through a function

This function is called kernel function which gives the prescription
for the linear combination

The process of this operation is called convolution
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11.1 Linear Image Filters and Convolution

Convolution
Centre original of the kernel F at each pixel location
Multiply weights by the corresponding pixels
Set resulting value for each pixel

Rj = I_Ii-u,j-vFuv

u,v
Image, R, resulting from convolution of F with image H,
Where u,v range over kernel pixels

For 2D image, the convolution equation is as follows

flm,nl=1®g=> I[m—k,n—1I[1glk,!]
k.l
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11.1 Linear Image Filters and Convolution

 Mask with positive
entries, that sum to 1.

 Replaces each pixel 1 o i s
with an average of its —]l1(1]1
neighborhood. AP uEEP

o |f all weights are equal,

It IS called a box filter.

Slide credit: David Lowe (UBC)
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11.1 Linear Image Filters and Convolution set
Definition: Correlation
k k
XYY = > Y FU)TX+iY+))
j=—k i=—k
Definition: Convolution
k k
rXY) = Y > Fi)I(X=iY =)
j=—k i=—k
= | CF(—1, =) (X +1.Y +])
j=—k i=—k
NOTE: If F(X.,Y) = F(—X,—Y) then correlation = convolution
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11.1 Linear Image Filters and Convolution 43
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11.1 Linear Image Filters and Convolution

Original Shifted left

By 1 pixel
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11.1 Linear Image Filters and Convolution

Blur (with a
box filter)
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11.1 Linear Image Filters and Convolution
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Original

Sharpening filter
- Accentuates differences
with local average
- Also known as Laplacian
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11.1 Linear Image Filters and Convolution

Sharpening

before
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11.1 Linear Image Filters and Convolution

Gaussian Kernel Slide credit: Christopher Rasmussen
ldea: Weight contributions of neighboring pixels by nearness
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Constant factor at front makes volume sum to 1.
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11.1 Linear Image Filters and Convolution
Gaussian Vs Average

Gaussian Smoothing Smoothing by Averaging
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11.2 Image Sampling

e Constructing a pyramid by simply taking every second
pixel results in a bad misrepresent at top layer
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11.2 Image Sampling
Sampling in 1D

Sample D ¢
ﬁ

Sampling in 1D takes a function, and returns a vector whose elements are values of
that function at the sample points, as the top figures show. For our purpose, it is
enough that the sample points be integer values of the argument. We allow the vector
to be infinities dimensional, and have negative as well as positive indices
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11.2 Image Sampling :
Sampling in 2D
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11.2 Image Sampling :
A continuous model of a sampled signal
/ ad(z)fl(z)dx = alin(l}/ d(z:e)f(z)dx
= alim/ M(ﬂm)}dm
e—0 J_ o € '
—al =, bar(xz:e) . bar( : €))
= afg%._z_: T(f(_ze] ar(x — i€ €))e
= af(0)
sample,p(f) = > Y fXY)d(z —i,y—j)
1=—00 J=—00
—f(x,y){ > D, 6<:x—z'.y—j>}
1=—00 jJ=—00
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11.2 Image Sampling :
Fourier Transform (FT) of a
Sampled Signal
ﬂsamplem{fmy_)'))=F{ﬂr,~y) d ) s@—iy—3) )
\ 1=—00 j=—00
= F(flz,y) = F ({ Y. D i yj)})
1=—00 j=—00
= ) Flu—iv—j)
| =-¥
j=-¥
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11.2 Image Sampling
Fourier
Signal Lransform Magnitude
Spectrum
>
Sample Copy and
Shuft
Sampled  Fourier
Signal Transform Magnitude
_— Spectrum
|1ttt
Cut out by
Accurately multiplication
Reconstructed ~ INVerse with box filter
iy Fourier
Signal Transfor -
ransiorm Magnitude
Spectrum
> < 1 _
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11.2 Image Samplin :
[ ]
Fourier
: -ansfo :
Signal Transform Magnitude
Spectrum
o ol o
Sample Copy and
Shift
Sampled  Fourier
Signal Transform Magnitude
Spectrum
Cut out by
multiplication
[naccurately T with box filter
Reconstructed e
T Fourier
. Transform Magnitude
Spectrum
e - s
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11.2 Image Sampling

Nyquist’s theorem

In order for a band-limited (i.e., one with a zero
power spectrum for frequencies f > B) baseband
(f > 0) signal to be reconstructed fully, it must be
sampled at arate f3 2B .

A signal sampled at f = 2B s known as Nyquist
sampled and f =2B is the Nyquist (NT) frequency.

No information is lost if a signal is sampled at the
Nyquist frequency, and no additional information
IS gained by sampling faster than this rate.
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11.2 Image Sampling

Smoothing as low-pass filtering

What NT means that the high frequencies in the signal
waves lead to trouble with sampling.

Solution: suppress high frequencies before sampling

multiply the FT of the signal with something that suppresses high
frequencies

or convolve with a low-pass filter

Common solution: use a Gaussian

multiplying FT by Gaussian is equivalent to convolving image with
Gaussian.
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11.2 Image Sampling se
Gaussian Filter

Convolving image (l) with Gaussian

GAI

Gs(x,y):?izexp-@ A 2DImage

H* |

H(|’ J): 2p:l:gzexp _ ((I - k- 1)22-;(21 - k- 1)2)

whereH (i, j)is(2k +1)" (2k +1)array
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11.3 Edge detection

Goal:
Identify sudden changes (discontinuities) in an image

This is where most shape information is encoded

What causes an edge?

e Depth discontinuity
e Surface orientation
discontinuity

e Reflectance
discontinuity (i.e.,
change in surface

e Illumination -

discontinuity (e.qg.,

shadow) Slide credit: Christopher Rasmussen
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11.3 Edge detection
Image gradient

The gradient of an image: Vf = [%, g—i]

The gradient points in the direction of most rapid change in
Intensity

| Gl CON v =34
2.3 Edge detection k
Vi=|0 8—f]

) 8y
The gradient direction is given by:
_ —1(9f ,0f
0 = tan (a_y / %>

how does this relate to the direction of the edge?
The edge strength is given by the gradient magnitude

1WAl = D7 + (3D o
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11.3 Edge detection -
Effects of noise

Consider a single row or column of the image
Plotting intensity as a function of position gives a signal

f(x)

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

| | | | | | | | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000

L f ()

| | | | | | | | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Where is the edge?
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11.3 Edge detection secs

Solution: smooth first :

Sigma = 50

Signal

Kernel

hxf 3
8

g f) |
2ol N

i I I I B | T
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Where is the edge?  Look for peaks in-2-(h x f)
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11.3 Edge detection secs

Derivative theorem of convolution :
Ge(hx f) = (G5h) = f

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

-
Signal
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Ox e
o : :
) I 1 I I I 1 1 1 . ]
)] 200 400 600 800 1000 1200 1400 1600 1800 2000
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11.3 Edge detection 35
. . . . ( X )
Smoothing and Differentiation .
e Edge: a location with high gradient (dervative)
* Need smoothing to reduce noise prior to taking derivative
e Need two derivatives, in X and y direction.
 We can use derivative of Gaussian filters
* because differentiation 1s convolution, and convolution 1s
associative:
D*(G*D=D*Q)*1 Ref : Christopher Rasmussen
o o
— G —G
8x  ° Sy *
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11.3 Edge detection

original
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11.3 Edge detection

smoothed
(5x5 Gaussian)

THE UNIVERSITY OF
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11.3 Edge detection
Subtraction | 43

smoothed —
original
(scaled by 4, offset Why does
+128) this work?
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11.4 2-D Transform

1D Discrete Wavelet Transform (DWT)

Separates the high and low-frequency portions of a
signal through the use of filters

One level of transform:
Signal is passed through G & H filters.

Down sample by a factor of two

Multiple levels (scales) are made by repeating the
filtering and decimation process on lowpass outputs

H,

12

e ly[1]

f[n] —>|:

12

12
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11.4 2D Transform
2-D DWT

Step 1: replace each row with its 1-D DWT.
Step 2: Replace each column with its 1-D DWT

Step 3: Repeat steps 1 & 2 on the lowest subband

for the next scale.

Step 4: Repeat step 3 until as many scales as

desired
LL | HL HL
L | H
LH | HH LH | HH
original One scale two scales
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11.4 2D Transform 1
From 1D to 2D
s(m,n) d(m,n)

After row transform:

Note that the order of row/column
transform does not matter

each row is decomposed into
low-band (approximation) and
high-band (detail)
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11.4 2D Transform oo
From 1-level to Multi-level
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11.4 2D Transform ot
Reconstruction

How those components can be assembled back into
the original signal without loss of information?

A Process After decomposition or analysis
Also called synthesis
Reconstruct the signal from the wavelet coefficients

Where wavelet analysis involves filtering and down-
sampling, the wavelet reconstruction process
consists of up-sampling and filtering
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