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BW = edge (I, ‘Method', thresh,direction)

I = imread('circuit.tif');
BW1l = edge (I, 'sobel',0.02);
BW2 = edge (I, 'sobel',0.1);
imshow (I, []) ;
figure,imshow (BW1) ;

figure, imshow (BW2)

[BW th] = edge (I, ‘Method') ;
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Canny, J., A Computational Approach To Edge Detection, IEEE Trans.
Pattern Analysis and Machine Intelligence, 8(6):679-698, 1986.
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I = imread('barb.gif');
W=[0 -1 O0; -1 5 -1;0 -1 O0];
gd=imfilter (I,w) ;imshow (I)
figure, imshow(gd, []):
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I = imread('lena.gif'); -
w=[0 1 0;1 -4 1;0 1 0];
imshow (I) ;

f2=im2double(I) ;
g2=imfilter (f2,w, 'replicate');
figure;imshow (abs (g2),[]1):
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I = imread('lena.gif');

w=[010;1-41;010];

imshow (I) ;

f2=im2double (I) ;
g2=imfilter (f2,w, 'replicate');
figure;imshow(g2,[]) ;

g=£f2-g2;

figure;imshow(g) ;
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I = imread('lena.gif');

w4 = fspecial('laplacian',b0);
w8=[111;1-81;111];
f=im2double (I) ;
g4=f-imfilter (f,wd, 'replicate')
g8=f-imfilter (f,w8, 'replicate')
imshow (f) ;

figure;imshow (g4)
figure;imshow (g8)
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High-boost yis =—

fox,y)=Ff (x,y)—f (x,y)
foo O, Y)=AF (X, y)-f (X,y)

o (O, Y)=(A-DF (x,y)+F,(x,y) &
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High-boost yihe =-—

foo (X, y)=(A-Df (x,y)+f (x,y)

1S ©3)910 @y oAb 333 a3

f (x,y)=V* (x,y) ifthe center of Laplacian

mask IS negative
g(x,y)=

f (x,y)+V?f (x,y) ifthe center of Laplacian
mask IS positive
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High-boost yilis =—
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High-boost y3lys =—
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D

de
FIGURE 3.49 (a) Original image of size 600 x 259 pixels. (b) Image blurred using a 31 x 31 Gaussian lowpass filter with
o = 5. (c) Mask. (d) Result of unsharp masking using Eq. (3-56) with k = 1. (¢) Result of highboost filtering with
k=45.
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Laplacian of Gaussian LoG =-—
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= imread('lena.gif'");
Id=im2double (I) ;
hl= fspecial ('gaussian',
ITl=imfilter (Id,hl, 'replicate

h2= fspecial ('gaussian',
I2=imfilter (Id,h2, "replicate'
imshow (I1-I2,1[1):

RY3 (J0jls)



DoG =

DC2G, — G, = — [t @Al _ 1 )

m[gl O3

Expl—x¥e 2 ol ol el — -
expl—u¥n 2 el od n ol
/2 0l e d o —enpl a2 el Aiely el —

0.8 F

0.6 F

0.4 F

20103 (30jls)



Laplacian of Gaussian
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A

imread('wheel.png') ; A
aw(ds

% Marr/Hildreth edge detection
% with threshold forced to zero
MH1 = edge(A,'log',0,1.0);
MH2 = edge(A,'log',0,2.0);
MH3

[C1, Ctl] = edge(A,'canny',[],1.0);

edge (A, 'log',0,3.0) ;

MH4 = edge (A, 'log',0,4.0); WeZ, GEn | = G, (R L a2ty
[C3, Ct3] = edge(A,'canny',[],3.0);
EFGH = [C4, Ct4] = edge(A, 'canny',[],4.0);

[ MH1 MH2; MH3 MH4];
imshow (EFGH) ;

[o)

% Recompute lowering both
automatically computed

% thresholds by fraction k

k = 0.75

Cl = edge (A, 'canny' ,k*Ctl1,1.0) ;
C2 edge (A, 'canny' ,k*Ct2,2.0);
C3 edge (A, 'canny' ,k*Ct3,3.0);
C4 edge (A, 'canny' ,k*Ct4,4.0);

ABCD =[C1C2; C3C4];
imshow (ABCD) ;

vy

https://www.cs.ubc.ca/~woodham/cpsc505/examples/edge.html
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Global Processing -

Using the Hough Transform
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Developed by Paul Hough in 1962 and patented by IBM
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Hough Transform =
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the normal representation of a line -
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https://docs.opencv.org/3.4/d3/de6/tutorial_js _houghlines.html



Hough Transform

a
b

FIGURE 10.30

(a) Image of size
101 = 101 pixels,
containing five
white points (four
in the corners and
one in the center).
(b} Corresponding
parameter space.
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Hough Transform
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Hough Transform JOo —

Input Image Rendering of Transform Results
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Hough Transform
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Hough Transform
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Hough Transform

1. Image - Canny

s

CSE 185 Introduction :Computer Vision




Hough Transform JOo —
2. Canny > Hough votes.

2. Canny - Hough votes

2T Bls) CSE 185: Introduction to Computer Vision



Hough Transform

3. Hough votes - Edges
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Hough Transform

= ek b ) . b g‘b

cde
E)
FIGURE 10.31 (a) A 502 x 564 aerial image of an airport. (b) Edge map obtained using Canny’s algorithm. (c) Hough proi I8
parameter space (the boxes highlight the points associated with long vertical lines). (d) Lines in the image plane
corresponding to the points highlighted by the boxes. (e) Lines superimposed on the original image. Qe
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SISl -—
(X, y) = 1 Iff(x,y)>T (object point)
Y0 iff(xy)<T (background point)
T : global thresholding

Object point Background pint
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T = 1 L]
Ty I

Multiple thresholding
a itfOGy)>T, IG5
g(x,y)=<b ifT, < f(X,y)<T, [
C IFf(x,y)<T, »
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FIGURE 10.33 (a) Noiseless 8-bit image. (b) Image with additive Gaussian noise of mean 0 and standard deviation of

10 intensity levels. (c) Image with additive Gaussian noise of mean 0 and standard deviation of 50 intensity levels. %
(d) through (f) Corresponding histograms.
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FIGURE 10.34 (a) Noisy image. (b) Intensity ramp in the range [0.2, 0.6]. (¢) Product of (a) and (b). (d) through (f) J
Corresponding histograms.
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FIGURE 10.35 (a) Noisy fingerprint. (b) Histogram. (¢) Segmented result using a global threshold (thin image border
added for clarity). (Original image courtesy of the National Institute of Standards and Technology.).
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Optimum Global Thresholding

Otsu’s Method (1979)
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FIGURE 10.36

{a) Ongmal
Image.

(b) Histogram
(high peaks

were chpped to
highlight details in
the lower values).
(¢) Segmenta-
tion result using
the basic global
algorithm from
secton 1003,

(d) Result using
Otsu’s method.
(Onginal image
courtesy ol
Professor Danmiel
A. Hammer, the
Umversity of
Pennsylvama. )
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FIGURE 10.37 (a) Noisy image from Fig. 10.33(c) and (b) its histogram. (c) Result obtained using Otsu’s method.) >

(d) Noisy image smoothed using a 5 x5 averaging kernel and (e) its histogram. (f) Result of thresholding using
Otsu’s method.
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FIGURE 10.38 (a) Noisy image and (b) its histogram. (¢) Result obtained using Otsu’s method. (d) Noisy image
smoothed using a 5 x5 averaging kernel and (e) its histogram. (f) Result of thresholding using Otsu’s method.
Thresholdine failed in bath eages to extract the ahiect of interest (See Fio 1039 for a hetter solution )
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FIGURE 10.39 (a) Noisy image from Fig. 10.38(a) and (b) its histogram. (c) Mask image formed as the gradient mag-
nitude image thresholded at the 99.7 percentile. (d) Image formed as the product of (a) and (c). (e) Histogram of
the nonzero pixels in the image in (d). (f) Result of segmenting image (a) with the Otsu threshold based on the
histogram in (e). The threshold was 134, which is approximately midway between the peaks 1n this histogram.
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IGURE 10.40 (a) Image of yeast cells. (b) Histogram of (a). (¢) Segmentation of (a) with Otsu’s method using the
ustogram in (b). (d) Mask image formed by thresholding the absolute Laplacian image. (¢) Histogram of the non-

:ero pixels in the product of (a) and (d). (f) Original image thresholded using Otsu’s method based on the histogram “w Vo
n (¢). (Original image courtesy of Professor Susan L. Forsburg, University of Southern California.)
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