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Statistical Machine Vision
Convolution Kernel
Weights v o

W > w, wg fw
3x3

weights 4 neighbor 8 neighbor 12 neighbor 24 neighbor

Larger more homogenous images use larger kernels.
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Statistical Machine Vision

Convolution Kernel
Welghts T w =1
Wg » w, fwg fw, Z !

3x3

There are different sizes and weightings to perform different functions.
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/25 /9365

weights 5x5 average 4 neighbor Binomial Gaussian

Smoothing.
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Statistical Machine Vision

Convolution Kernel
Welghts szi xz VV: w. =0
Wg . W7 | Wg | Wo Z |

3x3

weights Gradient Sobel Laplacian Oblique Gradient

Sharpening.
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Smoothing

200

Extract
Car Image
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Smoothing Ke
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Image Smoothing
. Wy JW, | W, 9
nglghts yamD > w =1
3%x3
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Image Smoothind | 200
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Image Smoothind _ 220
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New Image
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W71 Wg | Wo P71 Pg | Py

05 = Zigzlwi P
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Image Smooth | zgo
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Image Smoothi 230
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Image Smoothin
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Image Smoo
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Statistical Machine Vision =6
Image Smoothing
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Image Smoothi
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Statistical Machine Vision =6
Image Smoothi
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Image Smool
Weights

W

Pixel Values
P

New image
processed

B

Play Video carmW 18
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Statistical Machine Vision

Image Smoothing

load cardata.txt

[n,pl=size (cardata);

nx=sqgrt (n);, ny=nx;

fxy=reshape (cardata, [ny,nx]) ';

imwrite (uint8 (fxy), 'CarImage.tif', 'tif', ...
'"Resolution', [300 300], 'Compression', 'none');

mx=200;

figure;
imagesc (fxy, [0,mx])
axis image, colormap(gray), axis off

car=fxy (93:104,27:64);

figure;

imagesc (uint8(car), [0,mx])

axis image, colormap (gray), axis off

[n,m]=size (car) ;
carSm=zeros (n,m) ;
for j=1+1:n-1
for i=1+1:m-1
carSm(j,1)=(car(j-1,1i)+car(j,1i-1)...
+car (j,i)+car(j,i+1l)+car(j+1,i+1))/5;
end
end

figure;
imagesc (carSm, [0, mx])
axis image, colormap (gray), axis off

X
I(X,y) ,1 2 3 4 5 &
1
2
|
4
5
!
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Statistical Machine Vision
Image Smoothing

As you can see, we did not process the edges.
If we had placed the center of the kernel along an edge,
we would be missing some values in the image to use

as pixel values to weight into the new image.

There are a few options that we can pursue.
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Statistical Machine Vision

Image Smoot
1

1) Reweight LTS

A good option.
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Statistical Machine Vision
Image Smoo

2) Zero Pad

The pixels come up short.
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Statistical Machine Vision

3) Wrap

. F _—_— ,

This is what we will eventually do via DFT.
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Statistical Machine Vision =
Image Smoothing

Original Reweight

B

Wrap Around

For large images edges don’'t matter when the focus is the center.
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Statistical Machine Vision =5

Image Smoothing EEEE
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Apply to whole image and examine the difference.
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Image Smoothing Lo
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Statistical Machine Vision
o fofofoo

Image Smoothing o o [ 0]
o [ [re o

Apply to whole image and examine the difference.
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Image Sharpening
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Statistical Machine Vision
Image Sharpening

200,
100,100
et

Original Magnitude Gradient Difference

-100,-300
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Statistical Machine Vision
Image NonLinear Filters

So far we have talked about linear filters where the new pixel value
IS a linear combination of the neighborhood pixels p in the original image.

We can use not linear functions of the neighborhood pixels.
Median, minimum, maximum, sum of squares, exponential, ...

Or more complicated neighborhoods.
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Image NonLinear Filters

Apply to whole image and examine the differen

Original Median 8 Difference 8
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Image NonLinear Filters

Apply to whole image and examine the diffe

Original Median 4 Difference 4
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. . ofofolo o
Image NonLinear Filters o [0 [ws]o 0]
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Apply to whole image and examine the difference
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Image NonLinear Filters

Original Median 4 Difference 4

Salt-N-Pepper
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. . ofofolo o
Image NonLinear Filters o [0 [ws]o 0]

o o] e[

Apply to whole image and examine the difference.

Original Difference
Salt-N-Pepper

D.B. Rowe 37



Statistical Machine Vision

Image NonLinear Filters T ToTo ToTo T T T To To T T T2 1

1 1 1 0 0 0 1 1 1 0 0 0 1 1 1
An issue Is that when we are o 1110 ololololololololsloelsloe
along an edge. nght gets o|o|o|o|ofo|o|o|o|ofo o]0 |o0]oO
averaged with dark. olo|o|o|ofo|o|o]|o|o[|o]|o|o]|o]|o

0 0 0 0 0 0 0 0 0 0
We can have the filter for a 111 o]0 |0 @ 0 oo |11
pixel dynamically change based 1]1]0 o]0 o {o]o |11
upon its neighborhood. tprpegege ojojot e

0 0 0 0 0 0 0 0 0 0

The DAN (directionally averaged [ > |°[°{°[®®®|®]%[®}° /® @ |°]°F
neighborhood) filter.

Average of most similar
neighborhood.
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Image NonLinear Filters

Apply to whole image and examine the differ

Original Smoothed DAN Difference
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Image NonLinear Filters

Apply to whole image and examine the difference.

Original Smoothed DAN Difference 0,-20

Gaussian
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Statistical Machine Vision =G
Image NonLinear Filters

Apply to whole image and examine the difference.

A%

Original Smoothed DAN Difference

Salt-N-Pepper
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Statistical Machine Vision
Discussion

There are many within image filters that we can apply.

Each has it's own properties and scenarios when should be applied.
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Statistical Machine Vision
Discussion

Questions?
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Statistical Machine Vision
Homework 2

1. Modify my smoothing code to smooth border pixels with wrap-around.
Write YOUR own convolution code, do not use a Matlab function!

2. Apply 3x3 4-neighbor filter to grey Fr. Marquette image using YOUR code.

3. Apply another filter to Father Marquette image using YOUR code.

4* Make a 7 x 7 filter and apply It to your own image using YOUR code.

5*.Create your own filter and apply it to your own image using YOUR code.

*For students iIn MSSC 5770.

D.B. Rowe



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44

