9 CAP 4453
Robot Vision




Administrative details

e Homework 2 questions?
* Any Doubts from last classes?



Robot Vision

5. Edge detection |
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Outline

* Image as a function

* Extracting useful information from Images



Edge Detection

* |[dentify sudden changes in an image
* Semantic and shape information
 Mark the border of an object
* More compact than pixels
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Origin of edges

e Edges are caused by a variety of factors

E—i; surface normal discontinuity

e .= depth discontinuity
P

O —= surface color discontinuity
A= illumination discontinuity
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Type of edges

* Edge models

B B BB
S N

Step edge Ramp edge Roof edge
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Why edge detection ?

e Extract useful information from images
* Recognizing objects

* Recover geometry




Close up of edges
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Close up of edges
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Close up of edges
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Close up of edges
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Characterizing edges

intensity function
image (along horizontal scanline) first derivative

edges correspond to
slide Credit: James Hays extrema of derivative

CAP4453 14



400

1w

L

Intensity profile

[
=]

i)
=

Y]
=

- o
(=] =

Ajisuajuj

,..,_
o

=

]

-
[

INIEALIDP E_m_._m.u_.__

(-
Q
>
4—
ol
= n
= o)
=
o | —
e
()
—
—8
W 18
= L
18
18
.,wm
2 23 ® &5 8 B



With a little bit of gaussian noise

Intensity derivative

0 100 200 ELY 40 00 600
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An extreme case

0 200 400 ©00 800 1000 1200 1400 1600 1800 2000

L f(x) o

0 200 400 600 800 1000 1200 1400 1600 1BOO 2000

CAP4453

Where is the edge?
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Solution: smooth and derivate

Sigma = 50

ey,
Signal

1 1 1 1
i 2N A0 Al R inmnn 1800 1400 1R 1R800 2NN
1 ] 1 1 LI E 1 B

i) 200 400 800 BOO 1000 1200 1400 1600 18300 2000
I I I I

_ J/
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LN

| 1 | 1
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Ty
¥
Fis
Convolution

Differantiation

d
E(f *g)

To find edges, look for peaks in di( f*g)
X
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The Sobel filter

0|-1 1 1{01]-1
2102 = 2 * 1D derivative
Of-1 1 filter

Sobel filter Smoothing
01]-1 1{01]-1
210(-2 — k 2
01l-1 1D derivative
filter
Sobel filter

Smoothing



Derivative of Gaussian (DoG) filter

Derivative theorem of convolution: %(1’1 * f) = %h) * f
Sigma = 50

input

0 200 400 600 800 1000 1200 1400 1600 1800 2000

derivative of
Gaussian

Kernel
=
-

| 1 1 1 1 1 L 1
0 200 400 600 800 1000 1200 1400 1600 1800 2000

uh.i../i\\i.;;—
0 200 400 600 RBOD 1000 1200 1400 1800 1800 2000

output (same
as before)

Convolulion




Solution: smoothing

1 pixel 3 pixels 7 pixels

Smoothing remove noise, but also blur the edge
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How to obtain the
edges of an
image?




Several derivative filters

110]-1 11211 310]-3 3 (10] 3
Sobe| 2 10|-2 O]101]O0 Scharr 10| O [-10 O]l]0]O0
110]-1 11-21-1 310]-3 -3 1-10{ -3
110]-1 11111
0|1 110
Prewitt 110/|-1 01010 Roberts
-110 01]-1
110]-1 11-11-1

 How are the other filters derived and how do they relate to the Sobel filter?
 How would you derive a derivative filter that is larger than 3x3?



Edge detectors

* Gradient operators

* Prewit
e Sobel

 Marr-Hildreth (Laplacian of Gaussian)
e Canny (Gradient of Gaussian)



1. Compute derivatives
* In x and y directions Sobel
* Use Sobel or Prewitt filters

2. Find gradient magnitude
3. Threshold gradient magnitude

Prewitt

1 1
0 0
-1 -1
1 1
0 0
-1 -1




Computing image gradients

1. Select your favorite derivative filters.

0]-1 11211
S:=12]0]-2 S,=1(0]0]0
0]-1 1(-2]-1

2. Convolve with the image to compute derivatives.

(;%:Sm®f ﬁzSi@'@f

3. Form the image gradient, and compute its direction and amplitude.

=loral = (afe) () ()

gradient direction amplitude




Sobel edge detector

1. Compute derivatives

average . derivative
smoothinginx filtering In x
2 1o —1]
and %6, _
Ylts 1 0 -1
2 0 -2
I 0 -1
derivative average .
filtering in y smoothinginy
|
0 and L2 I]M—# 0 0 0
-1 -1 -2 -1
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Step 1
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Sobel edge detector

2. Find gradient magnitude

Step 1 1 0 -1 Step 2.
Take each pixel of the derivative of the image and square it

2 0 -2 d /
1 0 —1 dx Add the two resulting images
* - - Take a square root of each pixel

Image |

dy
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Step 2
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Sobel edge detector

3. Threshold
(10 =[]
2 —=2
% 1 0 -1
B - Step 3
» Threshold [ Edges
Image |
* Ji, 2

0 0 0
-1 -2 -1}
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Sobel Edge Detector
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Prewitt edge detector

Image |

» Threshold

— Edges

33



Prewitt edge detector

-1 110 ]-1]+
1]of-1
s I 1101]-1
» Threshold — Edges
Image |
s 11160
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Edge detectors

* Gradient operators

* Prewit
e Sobel

 Marr-Hildreth (Laplacian of Gaussian)
e Canny (Gradient of Gaussian)



Where are the edges ?

|
e First derivative ? ) ‘

e Maxima or minima ﬂ




Where are the edges ?

* First derivative ? ‘
* Maxima or minima ﬂ

e Second derivative? J‘ V

* Zero-crossing

i
]
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Laplace filter

Basically a second derivative filter.
 We can use finite differences to derive it, as with first derivative filter.

| .first—.order (@) = lim f(z 4+ 0.5h) — f(z — 0.5R) i 1D derivative filter
finite difference h—0 h 1{0]-1
second-order (x) = lim flr+h)—=2f(x)+ flz — h) Laplace filter

finite difference h—0 h2 11-211




Laplacian of Gaussian (LoG) filter

As with derivative, we can combine Laplace filtering with Gaussian filtering

Sigma = 50
T

00

T T T
1 I I 1 A I ! I
0 200 400 600 BOO 1000 1200 1400 1600 1800 20
I_ | . f /\I (\
aplacian of o4
T | i ]
: 5 |
Gaussian VA B |
L i 1 Il
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“zero crossings” at edges



Laplacian of Gaussian filtering Laplace filtering
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Laplacian of Gaussian filtering Derivative of Gaussian filtering
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Laplacian of Gaussian filtering Derivative of Gaussian filtering

Zero crossings are more accurate at localizing edges



Marr-Hildreth edge detector algorithm

1. Smooth image by Gaussian filtering

2. Apply Laplacian to smoothed image
* Used in mechanics, electromagnetics, wave theory, quantum mechanics

3. Find Zero crossings



Marr-Hildreth edge detector algorithm

1. Smooth image by Gaussian filtering
e Gaussian smoothing

smoothed image  Gaussian filter iMage 1 _.1-;+_1__-3
o ] - g — e =
S — g * f 2o

2. Apply Laplacian to smoothed image
e Find Laplacian

seclnnd‘ quer sec_onc! or-:jer
derivativeinx  derivativein y * V is used for gradient (first derivative)

2 b » AZ is used for Laplacian (Second derivative)
ps= L5 4 O

5}:2 6.})“ 44




Marr-Hildreth edge detector algorithm

second order second order
derivativeinx  derivative in y
—"— ——

S

* V is used for gradient (first derivative)
» A2 js used for Laplacian (Second derivative)

A
ox” oy~

A°S =

o

moathed image Gaussian filter image 'T:']:'_
et oty ' g= =T

1 _
S = g & I \/EG‘E

NS = N(g*1)=(Ng)*I

\

This is more efficient computationally
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Marr-Hildreth edge detector algorithm

NS =N (g*1)=(Ag)*1 o]

\ 2ro

The second derivative of a gaussian

- 2a°
(&

1 <yl | 03
LoG(x,y)=——|1- e <7
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Marr-Hildreth edge detector algorithm

NS =N (g*1)=(Ag)*1 1

g — E"_ 2a°

2o
The second derivative of a gaussian

1 <yl | 03
LoG(x,y)=——|1- e <7



Marr-Hildreth edge detector algorithm

2
NS =N(g*1)=(Ag)*I R
2o

The second derivative of a gaussian

2 2] JETF
LGG(X?F):_L{I_K Ty :|E 272

4

Given a o, Compute LoG for each x,y to obtain a Kernel



Marr-Hildreth edge detector algorithm

2 I
NS =N(g*1)=(Ag)*I R
2o

%2 437 Foro=1.4
1 x* 4+ y? ;
LoG(x,y)=——|1— e 27

LoG(0,0) = —0.1624

Given a o, Compute LoG for each x,y to obtain a Kernel



Marr-Hildreth edge detector algorithm

2 2 I
NS =N(g*1)=(Ag)*I R
2o

{ :{E-I—}fg _x2+§2 f Foro=1.4

LDG(X,}’)Z——d{I— 2 }E 2.7 0 0 3 2 2 2 3 0 0y

o 20 023 5 5 5 320

3 3 5 3 0 3 5 3 3

2 5 3 12 -23 -12 3 5 2

2 5 0 =23 —-40 -23 0 5 2

Given a o, Compute LoG for each x,y to obtain a Kernel 2 5 3 -12 -23 -12 3 5 2
3 3 5 3 0 3 5 3 3

0 2 3 5 5 5 3 2 0

0 0 3 2 2 2 3 0 0
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Marr-Hildreth edge detector algorithm

1. Smooth image by Gaussian filtering

2. Apply Laplacian to smoothed image
* Used in mechanics, electromagnetics, wave theory, quantum mechanics

3. Find Zero crossings
* Scan along each row, record an edge point at the location of zero-crossing.

* Repeat above step along each column



Marr-Hildreth edge detector algorithm

3. Find Zero crossings
* Scan along each row, record an edge point at the location of zero-crossing.

* Repeat above step along each column

from skimage.filters import laplace

import numpy as np

lap = signf{laplace(image

lap = np.pad{lap, , (8, 1)))

diff_x lap lap|

diff vy lap lap|

edge np.logical or(diff_x iff_y).astype tl
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Marr-Hildreth edge detector algorithm

3. Find Zero crossings
* Scan along each row, record an edge point at the location of zero-crossing.

* Repeat above step along each column

from skimage.filters import laplace

i"l'-“:'f UMDY 25 nNo / returns -1ifx <0, 0 if x==0, 1 if x> 0.
np.sign{laplace(image))
i S R

lap = signf{laplace(image

lap = .pad{lap, ({ , (B, 1)})

diff_x lap lap[

diff vy = lap lap|

edge np.logical_or(d ¥, diff_y).a pe t)
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Marr-Hildreth edge detector algorithm

3. Find Zero crossings
* Scan along each row, record an edge point at the location of zero-crossing.

* Repeat above step along each column

from skimage.filters import laplace

import numpy as np returns -1ifx<0, 0ifx==0, 1if x> 0.
e . e ‘,,/””””’,/,’/”/”/”/’ Add extra row, and extra column
np.sign{laplace(image)) ‘—————______,___————""'——~
n {lap, ({&, 1) , 1))
-1, :-1] 1, 1:] < @&
g |

lap = sig

lap = .pad{lap , (B, 1)))
diff_x lap lap[

diff vy lap lap|
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Marr-Hildreth edge detector algorithm

3. Find Zero crossings
* Scan along each row, record an edge point at the location of zero-crossing.
* Repeat above step along each column

from skimage.filters import laplace

import numpy as np returns -1ifx<0, 0ifx==0, 1if x> 0.
e . e ‘,,/—””””,/”/”/”/”/’ Add extra row, and extra column
sign{laplace(image)) ‘—————______,___————""'——~

lap = np.

lap = np.pad{lap, ({9, 1), (&, 1))) Zero-crossing X direction
diff = = lap[:-1, :-1] - lap[:-1, 1:] < ®© —

diff y = lap[:-1, :-1] - lap[1l:, :-1] < B < Zero-crossing Y direction
edges = np.logical_or(diff_x, diff_y).astype({float)
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Marr-Hildreth edge detector algorithm
3. Find Zero crossings (Another implementation)

e Four cases of zero-crossings :

- {+-}

- {+.0,-}

- {-+}

- {-.0,+}
e Slope of zero-crossing {a, -b} is |a+b|.
e To mark an edge

- compute slope of zero-crossing

- Apply a threshold to slope

56



Example

Zero crossings of A°S
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Example




Edge detectors

* Gradient operators

* Prewit
e Sobel

 Marr-Hildreth (Laplacian of Gaussian)
e Canny (Gradient of Gaussian)



Design Criteria for Edge Detection

* Good detection: find all real edges, ignhoring noise or other artifacts

* Good localization
* as close as possible to the true edges
* one point only for each true edge point

True Poor robustness Poor Too many
edge to noise localization responses -




45 years of boundary detection

[Pre deep learning]
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Questions ?



