COSC579: Edge Detection
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Outline

|. Edge Detection

l. Gradient

II. Laplacian

[Il.  Marr - Hildreth
V. Sobel

V. Canny

VI. Harris Structure
VII. Smooth first ( ... ask questions later). Witkins

Il. Filtering as Matrix Multiplication

Ill. (Detection) Thresholding Schemes
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Readings

 Read
— Marr and Hildreth Theory of Edge Detection
— Witkins: Gaussian Smoothing
— Skip* Cipolla (on edge detection)
— Szeliski 3.4.1 -3.4.2
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Edge detection

 Convert a 2D image into a set of curves

— Extracts salient features of the scene
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Origin of Edges

surface normal discontinuity

- < depth discontinuity
AO ./_(\h surface color discontinuity
uz illumination discontinuity
~—___

« Edges are caused by a variety of factors
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Characterizing edges

* An edge Is a place of rapid change
(discontinuity) in the image intensity function

zero-crossings” o
second derivative.

intensity function
image (along horizontal scanline) first derivative

\
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Image derivatives

* How can we differentiate a digital image F[x,y]?

— Option 1: reconstruct a continuous image, f, then
compute the derivative

— Option 2: take discrete derivative (finite difference)

of

ooyl ~ Flo+1,9] = Flz,y]

How would you implement this as a linear filter?

of of .
or’ oy
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Image gradient

* The gradient of an image:V [ = [gia gi]

The gradient points in the direction of most rapid increase in intensity

v =950 _l_ ¢ vi=[3.¥]

Vi =09

The edge strength is given by the gradient magnitude:
— [(OFN2 1 (Ofy?
1Vl =\ (GD)° + &)
The gradient direction is given by:

9 =tan—! (%/%)

e how does this relate to the direction of the edge? GEORGETOWN
Source: Steve Seitz _,R_SI TY




Image gradient
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Effects of noise

f(x)

0 200 400 600 800 1000 1200 1400 1600 1800 2000

Noisy input image

L f(z)
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Where is the edge? GEORGETOWN(,
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Solution: smooth first

Sigma =350

Signal

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

-
Kernel

1800 2000

f*h

Convolution

—~
=
.X.
~
~
Differentiation

R I | I |
0 200 400 600 800 1000 1200 1400 1600 1800 2000

To find edges, look for peaks in %(f x )
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Associative property of convolution

e Differentiation is convolution, and convolution Is
associative: 4, . 9y,
dax

 This saves us time:

...................................................

i 1 i | | 1 | 1 |
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Derivative of Gaussian filter

2" 2

x-direction y-direction
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Side note: How would you
compute a directional derivative?

ﬂf (From vector calculus)
Vaf(Z) =V f(Z)-u

Directional deriv. is a
v’l,_l:f = ? linear combination of
partial derivatives
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2D edge detection filters
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V2 is the Laplacian operator:

Vef =

0% f
ox2 ' 9y?
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The Sobel operator

« Common approximation of derivative of
Gaussian

ool
N
N
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o
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e The standard defn. of the Sobel operator omits the 1/8 term
— doesn’t make a difference for edge detection
— the 1/8 term is needed to get the right gradient value
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Sobel operator: example
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Example

 original image (Lena)
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Finding edges

gradient magnitude
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Finding edges

where is the edge?

thresholding
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Differentiation

Non-maximum supression

S PR : ; —

I I I | I ] 1
200 400 600 800 1000 1200 1400 1600 1800 2000

Check if pixel is local maximum along gradient direction
— requires interpolating pixels p and r
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Finding edges

thresholding
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Finding edges

thinning

} i - FORGETOW:
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Canny edge detector

MATLAB: edge (image, ‘canny’)

1. Filter image with derivative of Gaussian
2. Find magnitude and orientation of gradient

3. Non-maximum suppression

4. Linking and thresholding (hysteresis):
— Define two thresholds: low and high

— Use the high threshold to start edge curves and
the low threshold to continue them

GEORGETOWIN_,
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Canny edge detector

« Still one of the most widely used edge detectors in computer
vision

J. Canny, A Computational Approach To Edge Detection, |EEE Trans. Pattern
Analysis and Machine Intelligence, 8:679-714, 1986.

« Depends on several parameters:

() : width of the Gaussian blur

high threshold
low threshold
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http://ieeexplore.ieee.org/xpls/abs_all.jsp?isnumber=4767846&arnumber=4767851&count=16&index=4

Canny edge detector

x,
N
[~ R
original Canny with 0 = 1 Canny with ¢ = 2
e The choice of O depends on desired behavior
— large O detects “large-scale” edges
— small O detects fine edges
GEORGETOWIN(.
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Images as vectors

'l e e

* Very important idea!

' e

-

» »

2D image Scanline (1D signal)

o
) Wy W T W mry

(A 2D, n x m image can be represented by a vector 1

of length nm formed by concatenating the rows) ;/ec&é‘ORGETOWN
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Multiplying row and column vectors

0 0 02 02 02 02 02 0]

—_ === O O OO
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Filtering as matrix multiplication
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Scale Space

* Recall: Edges can be identified by zero-crossings of first derivative.

» Observe derivative filter may be “fixed” (in size). e

* But edges may exist at various levels of fineness.
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Scale space witkin sz

first derivative peaks Fy; =0, F,,, 740

Nind.
A

* Properties of scale space (w/ Gaussian smoothing)
— edge position may shift with increasing scale (o)
— two edges may merge with increasing scale

— an edge may not split into two with increasing scale FORGETOW.
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larger O

i

Gaussian filtered signal




Interval Tree Representation

« Each entity or event may have “a |
beginning and an end” P

— Interval bounded by zero-crossings

— The scale of the event can be determined “D {I}n mnnﬂm mn, nﬂ ﬂ,{fmﬂ {Jﬂ ﬂﬂ,{}h
by the zero-contour representation.
— Zero-contours can be reduced to a WM

hierarchical representation or a simple
partition of the contour space.

— Tree representation: each interval Is
simply a node In a tree.

R

e Uses: El

— Image characterization
— Course to fine localization
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Some times we want many resolutions

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

level k(= 1 pixcl@\

|

lewel k=1

level k-2

v
\
x
|
Ill./ | i
— "\

level 0 (= onginal image)

Known as a Gaussian Pyramid [Burt and Adelson, 1983]
« A precursor to wavelet transform

Gaussian Pyramids have all sorts of applications in computer vision
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Gaussian pyramid construction

na

#o*ofl

«— filter kernel
(@) (@) IT (@) (@) (@) TI (@) (@)

Repeat
« Filter
« Subsample
Until minimum resolution reached
« can specify desired number of levels (e.g., 3-level pyramid)
« Can find edges (or features) at fine and gross scales.
« Analyze an image at multiple scales
« Referred to as Scale Space analysis

Observe: The whole pyramid is only 4/3 the size of the original image!
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Subsampling with Gaussian pre-

Gaussian 1/2

Filter the image, then subsample
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Subsampling with Gaussian pre-

Gaussian 1/2 G 1/4 G 1/8
Filter the image, then subsample
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- Salin

o~ —

1/2 1/4 (2x zoom) 1/8 (4x zoom)
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Summary
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