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No intensity valuesat r and p:

Interpol atethese intensitiesusing neighbor pixels.
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Where is next edge point?
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Where is next edge point?

we construct the tangent to the edge curve (which isnormal to the gradient at
that point) and use this to predict the next points
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Where is next edge point?

we construct the tangent to the edge curve (which isnormal to the gradient at
that point) and use this to predict the next points
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Edge Linking: Hysteresis

* Check that maximum value of gradient value
Issufficiently large
— drop-outs? use hysteresis

 use a high threshold to start edge curvesand a low
threshold to continuethem.



Edge Linking: Hysteresis

* Check that maximum value of gradient value
Issufficiently large
— drop-outs? use hysteresis

 use a high threshold to start edge curvesand a low
threshold to continuethem. threshold_high
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Edge Linking: Hysteresis

threshold high threshold low
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Edge Linking: Hysteresis

threshold high threshold low hysteresis
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Canny Edge Detection

1. Filterimageby derivativesof Gaussiar [/

2. Compute magnitude of gradient
3. Compute edge orientation
4. Detect local maximum

5. Edgelinking

Property of University of Pennsylvania, Jianbo Shi

10



0w

~- Penn
z‘, Engm eering

|ONLINE LEARNING

Video 3.2
Janbo Shi



Canny Edge Implementation

img = imread (‘image.png);
img = rgb2gray(img);
img = double (img);

% Vaue for high and low thresholding
threshold low = 0.035;
threshold _high =0.175;

%% Gaussian filter definition (https://en.wikipedia.org/wiki/Canny _edge detector)
G=[24,5,4,2,4,9,12,9,45, 12, 15, 12,54, 9, 12,9, 4,2, 4,5, 4, 2];
G =1/159.* G;

%lFilter for horizontal and vertical direction
dx =[1-1];
dy =[1; -1];

F 10.06

o 40.05

Property of University of Penns,
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Canny Edge Implementation

% % Convolution of image with
Gaussian

Gx = conv2(G, dx, 'same);

Gy =conv2(G, dy, 'same);

% Convolution of image with Gx and

13



Canny Edge Implementation

angle = atan2(ly, I1x);
mag = sgrt(ly.*2 + 1x.22);
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Canny Edge Implementation

%% Non-Maximum Supression
edge = non_maximum_suppression(magnitude, angle, edg E NMS n

_— ——f

B0 DED

gradient

threshold high threshold low

n hysteresiﬂ n
O O 0B O

low = threshold low * max(edge(:));

high = threshold _high * max(edge(®)); L ocalized edge
linked edge = hysteresis thresholding(low, high); ho Shi




Property of University of Pennsylvania, Jianbo Shi



0w

~- Penn
z‘, Engm eering

|ONLINE LEARNING

Video 3.3
Janbo Shi



% % Convolution of image with
Gaussian

Gx = conv2(G, dx, 'same);

Gy =conv2(G, dy, 'same);

% Convolution of image with Gx and
Gy
IX = conv2(img, Gx, 'same');

I conv2(img, G




Canny Edge Implementation

angle = atan2(ly, Ix);
mag = SQ”('Y}"
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angle = atan2(ly, I1x);

Canny Edge Implementati O = sytgy2 + 1x22)
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Canny Edge | mpI ementatl O ocaize e

%% Non- MaX|mum8upresson e Q“\ [
%&dge = non /giefmum suppression(magnitude, angle, edge),\\ . I
_,_______—:Ff-»‘;//

/
/{
»
|
|
!ll
\x
=) ‘\\\ "v:. !.!L

low = th‘ré’shold low * max(edge(:));
high = threshold | high * max(edge(:));
linked- edge ~xhystere3|s thresholding(low, high);
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lmage Pyramids

Idea: Represent NxN image as a “pyramid” of
1x1, 2x2, 4x4,..., 2¥x2X images (assuming N=2)

level k (= 1 pixel

R
]udk-l/ / V

Y, R
ooy g g
PO A g K
P A, R §

level O (= original image)

Known as a Gaussian Pyramid[Burt and Adel son, 1983]
* |In computer graphics, a mip map [Williams, 1983]
» A precursor to wavel et transform
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Figure from David Forsyth



Image sub-sampling

Throw away every other row and

columnto createa 1/2 sizeimage
- calledimage sub-sampling
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_Image

-

1/2 1/4 (2x zoom)

Why does thislook so bad?
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sub-sampling

1/8 (4x zoom)
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Samnlinn

Good sampling:
«Sample often or,
«Sample wisely

Bad sampling:
*see aliasing in action!




Gaussian pre-filtering

Gaussian 1/2

Solution: filter the iImage, then subsample
» Filter size should double for each 2 sizereduction. Why?

Property of University of Pennsylvania, Jianbo Shi
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Subsampling with Gaussian pre-filtering

Gaussan 1/2 Gl4
Solution: filter the iImage, then subsample

» Filter size should double for each ¥ sizereduction. Why?
¢ HOW Can we Speed thys‘gp’aniversity of Pennsylvania, Jianbo Shi
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Canny Edge Implementation

img = imread (‘image.png);
img = rgb2gray(img);
img = double (img);

% Vaue for high and low thresholding
threshold low = 0.035;
threshold _high =0.175;

—~—— N T

[ \§

%% Gaussian filter (https://en.wikipedia.org/wiki/ Canny_edge_detecor)
G=[24,5,4,2,4,9,12,9,45, 12, 15, 12,54, 9, 12,9, 4,2, 4,5, 4, 2];
G =1/159.* G;

%lFilter for horizontal and vertical direction
dx =[1-1];
dy =[1; -1];
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Canny Edge Implementation

% % Convolution of image with Gaussian
Gx = conv2(G, dx, 'same);
Gy =conv2(G, dy, 'same);

% Convolution of imagewith Gx and Gy
Ix = conv2(img, GXx, 'same');
ly = conv2(img, Gy, 'same);
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Canny Edge Implementation
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Canny Edge Implementation

%% Non-M ammumﬁupr Tolg
edge = non maxm)tp; ‘s&gbpron(magnltude
angle, edge) "'|| . s"a*-i:'*

NMS
mﬁu 10

gradient

threshold high threshold low

E n hystereSIE n

0.0 0[N, 0 1 0

l 2

,,?I'I.! 1z .ﬂ““, a'.g;:-,. 7 IR E RSN |Ovw = threshold_low * max(edge(:));
W2 IR high = threshold high * max(edge(®));
% linked_edge = hysteresis thresholding(low, high);

4%>f Pennsylvania, Jianbo Shi 53
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% % Convolution of image with Gaussian
Gx = conv2(G, dx, 'same);
Gy =conv2(G, dy, 'same);

% Convolution of imagewith Gx and Gy
Ix = conv2(img, Gx, 'same');
ly = conv2(img, Gy, 'same);




Canny Edge Implementation

angle = atan2(ly, Ix);
mag = sgrt(ly.*2 + 1x.22);

Gradient Magnitude
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Canny Edge Implementation

%% Non-Maximum Suprpm T
edge non_ maxmﬁum Supptes&on(magmtyde angle

low =threshold low * max(edge(:));
high = threshold_high * max(edge(:));
linked_edge = hysteresis thresholding(low, high);
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Edge Implementation ~ xgesaxy 1)

mag = sgrt(ly."2 + 1X."2);
Gradient Angle

roper"ty of nlver5|ty or r’ennsylvanla JIanDO Shi
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% % Convolution of image with Gaussian
Gx = conv2(G, dx, 'same);
Gy =conv2(G, dy, 'same);

% Convolution of image with Gx and Gy
Ix = conv2(img, Gx, 'same);
ly = conv2(img, Gy, 'same');
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2 1

= §
% % Convolution of image with Gaussian "———/
Gx = conv2(G, dx, 'same); 7 seen - -
Gy =conv2(G, dy, 'same);

. P o

% Convolution of image with Gx and Gy E:Jj/ ‘ ?
Ix = conv2(img, Gx, 'same); rl -—5-"—";/—_
ly = conv2(img, Gy, 'same);
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lmage Reduce

Jgo = Image

91 = REDUCE[ g 1]

[Burt & Adelson, 1983]
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lmage Reduce

g2

g, = Image

g1 = REDUCE[g)-4]
2 2

aG) =) > winmwg ,Q@i+m2j+n)

m=—2n=-2 ]
w(m,n) = w(im)w(n) z w(m) =1 w(m)=w(—m)
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lmage Reduce

g2
g1
O O O 8o
g, = Image
g1 = REDUCE[g;_4]
2 2
9:G,)) = z z w(m,n)g;—1(2i+ m,2j +n)
m=—2n=-2

g = lgi-1 @w| | 2
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Choice in weighting function

a

0.6

w(0) =a
w) =w(-1) =1/,

0.5

wl) =w(-1)= 1/4 /2 Gaussian

N
A

0.4

0.3

/\
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|mage Expansion

AR

/ O O O 9

©O O O

91-1 = EXPAND|[g]
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|mage Expansion

ke .

/ ©O O O Y%

©O O O

g1—1 = EXPAND|g]

9Lj) =4 ZZ: 22: w(m,n) - g1 (i _Zm,j;")

(i—m)/2 and (j—n)/2 areintegers
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|mage Expansion

(i=m)/ and U=/, areintegers
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|mage Expansion

C

® 92

a

C

O O O O

© @ O wxn

C

O O O O %

g1—1 = EXPAND|[g]

91(0,j) =4 22: ZZ: w(m,n) - gj_1 (i _zm’j ; n)

(i—m)/2 and (j—n)/2 areintegers
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2D Image Expansion (partl)

J1 g1 padded with Os

9o

2D Gaussan kernel

Property of University of Pennsylvania, Jianbo Shi

89



2D Image Expansion (part2)

J1 g1 padded with Os

9o

2D Gaussan kernel
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2D Image Expansion (part3)

J1 g1 padded with Os

9o

2D Gaussan kernel
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2D Image Expansion (part4)

J1 g1 padded with Os

2D Gaussan kernel

Property of University of Pennsylvania, Jianbo Shi
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What does blurri ng take away?

original

Property of University of Pennsylvania, Jianbo Shi
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What does blurring take away?
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smoothed (5x5 Gauss an)
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Difference as result of smoothing

original - smoothed
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What does blurring take away?
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1x smoothed (5x5 Gaussian)
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What does blurring take away?

2x smoothed (5x5 Gaussian)
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Diffen of G

1x smoothed — 2x smoothed
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What does blurring take away?

2x smoothed (5x5 Gaussian)
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Difference of Gaussian

i

2X smoothed — 3x smoothed
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I \

4x smoothe@®x5 Gaussi an)
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3X SMootheg=MTX smoothed

Property of University of Pennsylvania, Jianbo Shi 107



L aplacian Image

Ly = g, — EXPAND[g;44]
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N xN

N|Z
N|Z
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Save only thelast picturein Gaussian pyramid, and theentireLaplacian

L aplacian pyramid has narrow band of frequency=> compressed
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Laplacian Reconstructed Reconstructed

Pyramid Laplacian Gaussian

S I
I
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| : +

L2 : —:—" CZ T‘z
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I : V+
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e e e e — s

g1 = L; + EXPAND|[g;4]
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Pyramid Blending

Property of University of Pennsylvania, Jianbo Shi 113



top pyramid bottom pyramid
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top pyramid bottom pyramid
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laplacian
level

laplacian
level

laplacian
level

top pyramid bottom pyramid
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top pyramid bottom pyramid  blended pyramid
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top pyramid bottom pyramid  blended pyramid
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laplacian
level

laplacian
level

laplacian
level

top pyramid bottom Eyramid blended pyramid B
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L aplacian Pyramid: Blending

General Approach:
1. Build Laplacianpyramids LA and LB from images A
and B

2. Build a Gaussian pyramid MASK from selected region
R

3. Form acombined pyramid LS from LA and LB using

nodes of GR asweights:

LS(i,j) = MASK(i,j) «LA(i,j) + (1 — MASK(i,j)) = LB(i,j)

4. Collapsethe LS pyramidto get the final blended image
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Horror Photo

© prof. dmartin
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