Edge Detection

Introduction to Computer Vision
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Edge Detection

Convert a 2D image into a set of points where image intensity
changes rapidly.

Topics:

1. What is an Edge?

2. Edge Detection Using Gradients.
3. Edge Detection Using Laplacian.
4. Canny Edge Detector.



What Iis an Edge?

Rapid change in image intensity within small region

Edges convey vital
visual information

The Real Photograph The Sketch by an Artist
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Edges created by Surface
normal discontinuity
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Causes of Edges

e.g.: Two surfaces made of the
same material, having different
surface orientations where they
meet, they will likely receive
different amounts of light from
the light sources in the scene,
and hence will have different
brightness value



Edges created by depth
discontinuity

lias TOUGUI

Causes of Edges

e.g.: If one object is located in
front of another, there will likely
be a sudden change in intensity
along the boundary between the
two objects



Edges created by surface
color discontinuity
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Causes of Edges

e.g.: Happens when a single
surface changes reflectance
properties, like texture or
material.



Edges created by
illumination discontinuity
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Causes of Edges

e.g.: The wall casts a sharp
shadow on the background,
resulting in a significant
difference in the amount of light
falling within and outside the
shadow
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Types of edges
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Edge Detector

We want an Edge Operator that produces:

« Edge Position
« Edge Magnitude (Strength)
« Edge Orientation (Direction)

Performance Requirements:

« High Detection Rate
« Good Localization

« Low Noise Sensitivity
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Edge Detection Using Gradients



1D Edge Detection

Edge is a rapid change in image intensity in a small region.

o [

Edge Edge




1D Edge Detection

Edge is a rapid change in image intensity in a small region.

o [

Edge Edge

Basic Calculus: Derivative of a continuous function represents the
amount of change in the function.



Edge Detection Using 1% Derivative

f(x) .
The derivative is positive :
because we have a rising \: !
edge A :
_ L af i : Local Extrema
First Derivative: = :

v Indicate Edges

\ The derivative is negative

because we have a falling
edge

llias TOUGUI 14



Edge Detection Using 1% Derivative

f(x) } :\

of [\ Local Extrema
First Derivative: — : V Indicate Edges

dx
The magnitude of the peaks

The peak of an edge : :
reveals the maxima \: : / reveals the strength of the edge

First Derivative (af A A]» Local Maxima
Absolute Value: ‘a Indicate Edges

Provides Both Location and Strength of an Edge
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2D Edge Detection

Edge

Edge

Basic Calculus: Partial Derivatives of a 2D continuous function
represents the amount of change along each dimension.



Gradient (V)

Gradient (Partial Derivatives) represents the direction
of most rapid change in intensity

VI =

Pronounced as “"Del 1”

dl 61]
d0x’ 0y

b, -

al dI

VI =|=,0] vl = [0,2—3’, vl = laﬁ
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Gradient ( V ) as Edge Detector

o1\*
Gradient Magnitude S = ||VI|| = (_) +(
V dx
Gradient Orientation 0 = ta —1(61/61)
= tan
radient Orientation 3y x

Note: I represents the image intensity function

ol
dy

;
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Discrete Gradient ( V ) Operator

1. Moving rightfrom I; ; to I;, ; :
 ilincreases, j fixed, this is the x direction "
o iisthe x — index Iijv1 | Liv1j1

2. Moving up from I; ;to I; ;. :
* jincreases, i fixed, this is the y direction Ii,j Ii+1,j
* jisthe y —index /

3. €is the vertical and the horizontal spacing / X

The pixel intensity at position (i,j)
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Discrete Gradient ( V ) Operator

Finite difference approximations:

a_1
ox 28
a_1
dy 2€E
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( i+1j41— Ii,j+1) + (IHL}' . Ifrf)]

(': i+ T IH»L}') T (Ifs,f” . Ifrj)]

L i1

Lij | Lt

s

The pixel intensity at position (i,j)
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Discrete Gradient ( V ) Operator

Finite difference approximations: ) <
o 1 " _
Pk (I F1,j+1 If,j+1) 2 (If+1,_;-' = Ii,j)] Ii,j+1 ‘[!._:_.1{],_:_,1
y &
o 1
ay 7€ ( i+1,7+1 .+1,.;) ( Lj+1 z,])] 11,] II+1,]
Can be implemented as Convolution! g
X
-1 | +1 +1 | -1 +1 | +1 o S
oI _ 1 - .- o _ 1 - H,-
ox 2E dy 2E |
=1 | <1 i | =9 -1 | -1 1 | £
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Finite difference approximations:

a_1
ox 28
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a1

ox 28

oa_1
dy 28

(
(

+1

~Lijia) + (Livaj = Lij)|

- Ii+1,j) T (Ii,i+1 B Ii/f)]

H

+1

Discrete Gradient ( V ) Operator

&

A A
Ii,j+1
y c

Li; | Liv1; ||

X
-1 | -1

o 1 1 - H,=

dy 2€ 11 1 1
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Comparing Gradient ( V ) Operators

Gradient | Roberts Prewitt Sobel (3x3) Sobel (5x5)
i 8 g # 9
1 D 1 4 0 1 2 3 B 3 B
a_I “ i f 0 A 2 o 2 3 5 B § 2
1 0
ox 4 0 1 4 0 1 2 28 9 a8 2
o2 w8 1
4§ 2 3 2 9
1 31 4 {1 2 " é v 0 4 @
ol 1 0
— 0 0 0 0 0 0 0 0 0 0 O
0 -1
dy 1 1 -1 £ 88 & 5 P
1 @ 3 & =
 Good Localization  Poor Localization
» Noise Sensitive — » Less Noise Sensitive
 Poor Detection  Good Detection

llias TOUGUI



llias TOUGUI

Gradient ( V ) Using Sobel Filter

The Lena Image

ol i i
/ay Gradient Magnitude
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Gradient ( V ) Using Sobel Filter

The Lena Image

How to declare that a pixel
IS an edge ?

aI . .
/ay Gradient Magnitude
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Edge Thresholding

Standard: (Single Threshold T)

VI, )| <T

IVICo Il =T

Definitely Not an Edge
Definitely an Edge

Hysteresis Based: (Two Thresholds T, < T;)

VI(x,y)

VI(x,y)
To < ||VI(x,y)|

| < To
| =Ty

o

Definitely Not an Edge

Definitely an Edge

Is an Edge if a Neighboring Pixel
is Definitely an Edge
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Sobel Edge Detector

al /ox

Gradient Magnitude

Thresholded Edge

al /oy
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Edge Detection Using Laplacian
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Edge Detection Using 1% Derivative

f(x) J \

. . of /\ Local Extrema
First Derivative: = M Indicate Edges

What is the derivative of the derivative ?
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Edge Detection Using 2" Derivative

f(x)
When the derivative is increasing

it’s derivative will be increasing too \

Local Extrema
First Derivative: o t \ .

ax dlcate Edges
' When the derivative is decreasing

it’s decreasing will be increasing too

2 i :
Second Derivative: 2/ Zero-Crossings
dx? Indicate Edges
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2
Laplacian ( V) as Edge Detector

Laplacian: Sum of Pure Second Derivatives

el @l
\72] = — 4+ — Pronounced as "Del Square [”

0x? 0y?

« Edges are “zero-crossings” in Laplacian of image

« Laplacian does not provide directions of edges
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Discrete Laplacian ( V?) Operator

E
Finite difference approximations:
I; .,

) 1,j+1
8121[1;_1'—211"4‘ ] 4 &
a2 g2t g

Lig; | I
%1 1 y
=L i1 2L;; +1; 4]
) 2[ ¥ o | 1,] 1,7+1
dy® & Iij1
X
: I 9’1 1
Laplacian = V?I = = + » = = [Bica it Ripg — 4L+ + X5l
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Discrete Laplacian ( V?) Operator

Convolution Mask:

Finite difference approximations:
0 +1 0

21 1
= = [Tiagy— 20+
Jx2 &2 [ i—1; 1] ] 1 : g i
21 1 €2
[1”_1 ZI,-J- + 1,},4]

21 9?1 1
o = [1, 14
Ix2 dy? &2

Laplacian = V?I =

llias TOUGUI



Discrete Laplacian ( V?) Operator

Convolution Mask:
More Accurate Version — ldea:

» The basic kernel only measures curvature along x and y 1 4 1
» Extend to all 4 directions: horizontal, vertical, and both

diagonals 1 :
» Apply the same 3-point formula along each diagonal @ 4 - 20

(step = EV2)

» Average all four estimates
« Scale to integer weights, axis neighbors get weight 4,
diagonal neighbors get weight 1, center = -20
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Laplacian Edge Detector

B o
£ ..f._:;?,.f jl
7

e \

Image (1) Laplacian Laplacian
(0 maps to 128) “Zero Crossings”
 Since the output contains negative values, a level of 128 is At a zero-crossing, the pixel value is exactly 128,
used as zero — pixels below 128 are negative, above 128 surrounded by large positive and negative values

are positive
» These zero-crossings are detected to produce the final

* At an edge, the Laplacian crosses from positive to negative binary edge map
(or vice versa) — this is called a zero-crossing
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Effects of Noise

dha I“Mﬂfm‘m

Vf(x)

(Gradient)

Where is the edge??
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Solution: Gaussian Smooth First

s

ng * f

V(ng * )

2

\ Gaussian

P

N
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Derivative of Gaussian V (170-)

Ving xf) =Vng) * f

...Saves us one operation.

e T

V(ng)

Ving) * f

A -

J

\

Derivative of
Gaussian
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Derivative of Laplacian V2 (T]g)

V2(ng * ) =V(ng) * f

...saves us one operation.

e T

2 (ng)

/\/L

Laplacian of —
Gaussian

Ve(ng) * f o

A
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Gradient

Derivative of Gaussian (VG)

VS.

Laplacian

Laplacian of Gaussian (V2G)

62
T (na) : i a—yz (na)

Inverted “Sombrero”
(Mexican Hat)
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Gradient

Provides location, magnitude
and direction of the edge.

VS.

Laplacian

Provides only location of the
edge.

Detection using Maxima
Thresholding.

Detection based on
Zero-Crossing.
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Non-linear operation.
Requires two convolutions.

Linear Operation.

Requires only one convolution.

An operator that has the best of both?
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Canny Edge Detector



Canny Edge Detector

« Smooth Image with 2D Gaussian: n, * [
« Compute Image Gradient using Sobel Operator: Vn, * I

Find Gradient Magnitude at each pixel: ||Vn, * ||

llias TOUGUI
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Canny Edge Detector

« Smooth Image with 2D Gaussian: n, * [
« Compute Image Gradient using Sobel Operator: Vn, * I

Find Gradient Magnitude at each pixel: ||Vn, * ||

Find Gradient Orientation at each Pixel:

Vng, x 1
Vg + Il

n=

llias TOUGUI
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Canny Edge Detector

« Smooth Image with 2D Gaussian: n, * [
« Compute Image Gradient using Sobel Operator: Vn, * I

- Find Gradient Magnitude at each pixel: ||[Vn, * ||

+ Find Gradient Orientation at each Pixel:

Vng, x 1
Vg + Il

n=

« Compute Laplacian along the Gradient
Direction n at each pixel

0*(ng * I
on2
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Canny Edge Detector

Smooth Image with 2D Gaussian: n, * [
Compute Image Gradient using Sobel Operator: Vn, * I

Find Gradient Magnitude at each pixel: ||Vn, * ||

+ Find Gradient Orientation at each Pixel:

Vng, x 1
Vg + Il

n=

« Compute Laplacian along the Gradient
Direction n at each pixel

0% (ng * I)
an?
« Find Zero Crossings in Laplacian to find

the edge location
llias TOUGUI
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Canny Edge Detector Results: Lena
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anny Edge Detector Results: Cells




Canny Edge Detector Results: Mont Cervin




Edge lllusions: Hering lllusion

Ewald Hering, 1861
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Edge lllusions: Hering lllusion

Ewald Hering, 1861
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Edge lllusions: Café Wall lllusion

Gregory and Heard, 1979
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Edge lllusions: Café Wall lllusion

Gregory and Heard, 1979
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Edge lllusions: The Kanizsa Triangle

N

¢

9

Kanizsa, 1955



Edge lllusions: The Kanizsa Triangle

v
¢

2

Kanizsa, 1955



Edge lllusions vs Edge Detectors

lllusion What Fools Human Vision What Edge Detectors Do

Hering Acute angle expansion distorts | Correctly detect straight lines
straight lines (gradient-based)

Café Wall Context-dependent border Detect gray lines as perfectly
locking warps gray lines horizontal

Kanizsa Triangle | Top-down completion creates Detect no edge — no gradient
edges from nothing to compute




