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Edge Detection

Edge detection

> It is a manner for image segmentation with lower computation cost

» There are two gradient magnitude (g) types:
¢ Template matching (TM)

v Prewitt, Kirsch, and Robinson

¢ Differential gradient (DG)

v Roberts, Sobel, and Frei-Chen

TM Method DG Method
g=max(g;: /=1, ..,n) g = (g2 +g§)1/z
or

g = [gxl+lg,| or g = max(lg,l, 19,/



Edge Detection

Edge detection

» How to calculate the g, and g,? On the other word, how to obtain the first-
order derivation at an arbitrary point x of one-dimensional function f(x)

> A Taylor series

e (Ax)* 9% f () _zi(Ax)"anf (x)

jil = ) = ) 5+ e 0x 2! 0x?2 n! dx™

n=0

where AXx is the separation between samples of f and is measured in pixel units

2 °° n
lfAX—l—)f(x+1)_f()+af(x) 1(7f(x) =zlaf(x)

+ —
dx

2! 0x? n=0n! ox™
0 1 92 X (—1)" g
fdx =1 -1 = fl) - D 2Dy N L TS

n=0



Edge Detection

Edge detection

> According to the Taylor series, intensity differences can be computed using
just a few terms

> For first-order derivatives, the difference can be formed in one of three ways
1. Forward difference

ofx) ., | 3
o ff(x)=fx+1)— f(x)
2. Backward difference
ofx) ., 3 3
I =f'(x)=f(x)— f(x—1)
3. Central difference
af (x) fx+D)-f(x-1)

= f'(x) = _



Edge Detection

Edge detection
> For the second order derivative

0%f (x)

02x

= £"(0) = fc+ 1) = 2f () + f(x = 1)

> For the third order derivative
¢ Need the Taylor expansions for f(x+2) and f(x-2)

0°f(x) _ fx+2)—2f(x+ D +0f(x) +2f(x — 1) — f(x — 2)

agx — flll(x) —




Edge Detection

Edge detection
> The first four central derivatives

f(x+2) f(x+1)

2 f(x) 1
f(x) 1
2F"(x) 1 -2

£ () 1 E

f(x=2)



Edge Detection

Edge detection
» For two variables

0%f (x,y)
0%2x

=flx+Ly) —2f(x,y) + f(x—1,y)

0°f(x,y)
92y

f,y+ 1) =2f(x,y)+f(x,y—1)



Edge Detection

Edge detection

» Conclusions
1.  First-order derivatives generally produce thicker edges

2. Second-order derivatives have a stronger response to fine
detail, such as thin lines, isolated points, and noise

3. Second-order derivatives produce a double-edge response
at ramp and step transitions in intensity

4. The sign of the second derivative can be used to
determine whether a transition into an edge is from light

il

g .~ Isolated point g
to dark or dark to light Zs5 e o N Step |
54 o amp .". Line — RN
£3 . |\ Flat segment A 'I
2 . o ;N
1 e, , PN
0 \' .- - o —e—o -4
Intensity values |5]|5]4][3][2[1]oJofJo]e]o]oJofo]1[3][t]oJoofo]7][7]7]7] -]"]
O I O O O O
First derivative —1-1-1-1-10 0 6 600 0 1 2-2-10 00 7 0 0 0
(A O O A O
Second derivative <10 0 0 0 1 0 6-126 0 0 1 141100 7-70 0



Edge Detection

Edge models are classified according to their intensity profiles

» The step edge is a characterized by a transition between two intensity levels
occurring ideally over the distance of one pixel

7 /\
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Edge Detection

Edge detection
> Conclusions

1.

The magnitude of the first-order derivative can be used to
detect the presence of an edge at a point in an image

The sign of the second derivative can be used to
determine whether an edge pixel lies on the dark or light
side of an edge

Two additional properties of the second derivative around
an edge:
a) It produces two values for every edge in an image

b) Its zero crossings can be used for locating the centers of
thick edges

¢

[

Horizontal intensity
profile

First
derivative

Second
derivative

Al
A
)
A
o
Zero crossing "
A
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Edge Detection

» In noisy image
1. Image smoothing for noise reduction
2. Detection of edge points
3. Edge localization




Edge Detection

Basic edge detection Jector
» Image gradient and properties

of (x,y)
Gradient vector  Vf(x,y) = grad[f(x,y)] = lﬁigg - af(a’f' Y)
dy

Magnitude M(x,y) = |IVf(x, »I| = \/gi(x, y) + g5 (x,y)

(0f (x,¥)]
Direction of | 9y

gradient vector G = G of (ax y)
X




Edge Detection

Basic edge detection
» Image gradient and properties

-y

Origin —

ctor

Gr4

idie
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dge
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Edge Detection

Basic edge detection

» Gradient operators in 1-D kernels

af (x,
06 = LoD e 4 1,9) - fx)

— Zg — Zg

gy(x: y) =

9f () _

f,y+1)—f(x,y)

Z1 | £ | 43
Z, | Zc | Zg
Z7 | Zg | 49
= Ze — Zs

16




Edge Detection

Basic edge detection

» Gradient operators in 2-D kernels
Roberts

gx(X,y) = Z9 — Zsg

gy(er) = Zg — Zg

Prewitt
9x(x,y) = (z27+2g + 29) — (21 + 2+ Z3)
9y (x,y) = (23126 + 29) — (21 + Z4+ Z7)

Z1 | £ | 43
Z, | Zs | Zg
Z: | Zg | Zg

— Sobel
9x(x,y) = (2741225 + z9) — (21 + 22, + z3)

gy(x,_')/) = (Z3+ZZ6 + Zg) — (Zl SR ZZ4+ Z7)

- -
0 0
=1l =1 =1 | =1
010(0]|-1
1 11 1-1
-11-21-1] -1
01002
1 11 1-1
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Edge Detection

Edge detection
> Prewitt > Sobel




Edge Detection

Basic edge detection
» The results of Sobel kernel

HE |gX|+|gy|
L]

19



Edge Detection

Laplacian detection
> It is a second-order differential operator for edge detection
» It is very sensitivity to noise

» Processes
¢ Noise reduction (low-pass spatial frequency filtering)
¢ Laplacian mask

V2f(x,y) = 0*f (x,y) N 0°f (x,¥)

=fx+Ly)+fx-Ly)+f,y+D+flx,y—1) —4f(x,y)

d0°%x 0%y

Laplacian mask

1 1 1

1T (-8 1

1 1 1




Edge Detection

Marr-Hildreth edge detection [paper]

» They suggest that an operator used for edge detection have two salient features
1. It should be a differential operator capable of computing a digital approximation of the first or

second derivative at every point in the image

2. It should be capable of being “tuned” to act at any desired scale, so that large operators can be
used to detect blurry edges and small operators to detect sharply focused fine detail

—(x*+y%)
Gx,y) =e 20°

%G (x,y) N %G (x,y)

V%G (x, =
0 —x —(HyH) g —y —(+y?)
= —(— —(— 2
ax(aze )+6y(aze )
X2 1 -G y2 1 =GPy
x% + y? —209% —(x*+y%)

Laplacian of a Gaussian (LoG)


https://www.hms.harvard.edu/bss/neuro/bornlab/qmbc/beta/day4/marr-hildreth-edge-prsl1980.pdf
https://www.hms.harvard.edu/bss/neuro/bornlab/qmbc/beta/day4/marr-hildreth-edge-prsl1980.pdf

Edge Detection

LoG

Mexican hat operator

VG

0 0 -1 0 0
0 -1 =2 [l = 0
-1 -2 16 =2 || =3
, : 0 -1 =2 I =i 0
Zero crossing —\ /— Zero crossing
W - o |0 |=t| o | o
—i 2o i~
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Edge Detection

Marr-Hildreth edge detection summary

g, y) = [V2G (e, )] * f(x,y) = V2[G(x, ) * f(x,¥)]

1. Filter the input image with an nxn Gaussian kernel by G(x,y) = e
2. Compute the Laplacian of the image resulting from step 1 using the 3x3 kernel

3. Find the zero crossings of the image from step 2

~(x%+y?)

¢ Using a 3x3 neighborhood centered at point p -> a zero crossing at p implies that the signs of at least two of its

opposing neighboring pixels must differ
& For cases to test: left/right, up/down, and the two diagonals

v If the values of g(x, y) are being compared against a threshold (a common approach), then not only must the signs of
opposing neighbors be different, but the absolute value of their numerical difference must also exceed the threshold before

we can call p a zero-crossing pixel

23




Edge Detection

Marr-Hildreth edge detection

Intensity values scaled
to the range [0, 1]

Zero crossings using
threshold=0

Results of stepl and
step2 using =4 and
n=25

threshold=4% of the
maximum value

24



Edge Detection

Canny detection

> It is proposed by John F. Canny in 1986 to get rid of mask template for edge detection [paper]
> Three objectives

1. Low error rate

2. Edge points should be well localized

3. Single edge point response

> How to achieve?

¢ Smooth the image (Using Gaussian filter is a good method)
Compute gradient magnitude and angle

Preserve edge points

Edge determination

* o o



https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=4767851
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=4767851

Edge Detection

Canny detection
» Smooth the image (Gaussian filter)

fs(x,y) = G(x,y) * f(x,y)

» Compute gradient magnitude and angle

—(x%+y?)

G(x,y) =e 207

M, = [19£,Go )| = Jg%(»ay) + 2(%,7)

> Preserve edge points
¢ Non-maxima suppression

-157.5°
Edge normal
3
Py | P2 | P3 || P1| P | Ps
ps 73 | o || Pa |ps | Po Edge
P7 | Ps | Py || P7| P8 | P9
r —22.5°

Edge normal X

_1 |9y y)
a(x,y) =tan™ " |———
gx(x,y)
—157.5° ' +157.5°
+157.5° +45%dge
—112.5° +112.5°
-y <— Vertical edge
Edge normal —67.5° +67.5°

(gradient vector)

—45°%dge
+22.5° D\ 42250 26

Horizontal edge



Edge Detection

Canny detection

> Preserve edge points

¢ Formulate the non-maxima suppression for a 3x3 region centered at point (X, y) in a
1. Letd,, d,, d;, and d, denote the four basic edge directions: horizontal, -45°, vertical, and +45°
2. Find the direction d, that is closest to a(X, Y)

3. K denotes the value of ||Vf]| at (X, y), and if K is less than the value of ||Vf;|| at one or both of the
neighbors of point (x, y) along d,, let g\(X, y) = 0 (suppression); otherwise, gy(x, y) = K

Edge normal

!
pr | pa|ps|| P @ 2 @ '.\‘ ° eve @ |
I
Ps ® & o ® & o
Pa T Pe Pa Ps Pe \ l—'x l
® 0.0 v
P7 @ Po || P17 | Ps | Po ¥ 20 @

=~

Edge normal Link


https://medium.com/@pomelyu5199/canny-edge-detector-%E5%AF%A6%E4%BD%9C-opencv-f7d1a0a57d19

Edge Detection

Canny detection

» Edge determination

¢ Using two thresholds: T, and T, (Experimental evidence suggests T,, : T, in the range of 2:1 to 3:1)
1. Define the strong edge pixels gyy(X, Y) = gn(X, ¥) = Ty
2. Define the weak edge pixels gy (X, y) = gy(X, ¥) > T,
3. Eliminate from gy, (x, y) all the nonzero pixels from gyuy(X, ¥): 9 (X, Y) = g (X, Y) - 9nu(X, Y)
4. Longer edge are formed using
a) Locate the next unvisited edge pixel, p, in gys(X, Y)
b) Mark as valid edge pixels all the weak pixels in gy, (X, y) that connected to p using 8-connectivity
c) If any nonzero pixel in gyy(X, y) has not been visited, return to step a)
d) Set to zero all pixels in gy (X, y) that are not marked as valid edge pixels

D.at<uchar>(y, %) == DIRECTION::SLASH D.at<uchar>(y, x) == DIRECTION::VERTICAL
o o o ® o o |
weak edge? strong edge
® o o o—0—0
/" strong edge | A weak edge? weak edge?
weakedge? @ @ @ ® o o ink 28

y



https://medium.com/@pomelyu5199/canny-edge-detector-%E5%AF%A6%E4%BD%9C-opencv-f7d1a0a57d19

Edge Detection

Canny edge detection

Intensity values scaled
to the range [0, 1]

Thresholded gradient of
the smoothed image

Using Marr-Hildreth Using Canny

29
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Morphology

Morphology in image processing is a technology based on shape
processing

» It performs a series of nonlinear operations by structuring elements
¢ Dilation and erosion

Opening and closing

Morphological hit-or-miss transform

Some basic morphological algorithms

Grayscale morphology

> Application
¢ Noise reduction
¢ Edge detection
¢ Object segmentation
¢ Skeletonization

® 6 O O



Morphology

Set theory

» Complement
A = {w|w & A}
» Difference
A—B={w|lw € Adand w & B}
» Translation
A, ={clc=a+2z forac€ A}
> Reflection

B = {w|w = —b,b € B}

Au B

(A),

AnB

A—B




Morphology

Set theory

Objects representeed

as sets Objects represented as
a graphical image

als i
=

Structuring element Structuring element

represented as a set represented as a graphical image

Digital image

Digital
structuring element

33



Morphology

Set theory

Ll fel T[]

34



Morphology

Dilation and erosion are two basic operations in morphology

> Dilation

¢ It is an operation that expands objects (white areas) in an image and commonly used to
fill in small holes, connect broken parts, and enhance features in the image

¢ Principle
v Structuring elements
Define the shape and size of the pixel neighborhood
Be typically a rectangular, circular, or cross-shaped matrix
v Operation
The center of the structuring element is aligned with each pixel in the image

If any part of the structuring element overlaps with a white pixel in the image, the corresponding pixel
in the output image is set to white

v Mathematical representation
A® B = {z|(B),n A # 8}={z|[(B),N A] € A}

35




Morphology

Dilation and erosion are two basic operations in morphology

> Dilation

A

/

d

Background

d/4

d/4

Dd,m
B=8B

Image, /

~AGB
dj2 /
d
d/2
d/8 d  4/8

I$B

IS B

Historically, certain computer
programs were written using
only two digits rather than
four to define the applicable
year. Accordingly, the

company's software may
recognize a date using "00"
as 1900 rather than the}ar

2000.

g

Historically, certain computer
programs were written using
only two digits rather than
four to define the applicable
year. Accordingly, the
company's software may
recognize a date using "00"

as 1900 rather than the yEE
2000.
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Morphology

Dilation and erosion are two basic operations in morphology

> Erosion

¢ It is an operation that shrinks objects (white areas) in an image and commonly used to
remove small objects, separate connected objects, and thin object boundaries

¢ Principle
v Structuring elements
Define the shape and size of the pixel neighborhood
v Operation
The center of the structuring element is aligned with each pixel in the image

If all part of the structuring element overlaps with white pixels in the image, the corresponding pixel in
the output image is retained as white

v Mathematical representation
A© B ={z|(B), € A} ={z|(B), n A° = @}

37




Morphology

Dilation and erosion are two basic operations in morphology

» Erosion
d /»—A
d d/4
d o |d/4
B
Background Image I
d /4
® |d
B

rASB

L,IOB

_________________

rASB

»1S B

d/8 3d/4 d/8

38



Morphology

Duality

» Dilation and erosion are duals of each other with respect to set
complementation and reflection

(A©B)=A°DB (A®B)°=A° OB
¢ Prove (if the structuring element values are symmetric with respect to its origin -> B = B)

(A© B)°={z|(B),C A}°={z|(B), N A° = 0} = {z|(B), N A° # @} = A D B

(A® B)* & P 408

39



Morphology

Opening and closing are fundamental operations in morphological
image processing defined using dilation and erosion

» Opening
¢ It is an operation consisting of an erosion followed by a dilation, using the same
structuring element for both operations
¢ To remove small objects or noise while preserving the shape and size of larger objects

¢ To smooth the boundaries of objects and separate close but distinct objects

¢ Principle
v Erosion
v Dilation

v Mathematical representation
AoB=(A©B)® B =U{(B),|(B), € A}



Morphology

Opening

»> Ao-B=(A©B)®B =uU {(B)zl(B)z C A}

A
£
v
B
Backeround
5 Image, [

/—\ 7 ﬁ

L )
w

41



Morphology

Opening and closing are fundamental operations in morphological
image processing defined using dilation and erosion

» Closing

¢ It is an operation consisting of a dilation followed by an erosion, using the same
structuring element for both operations

¢ To fill small holes and in objects
¢ To smooth the boundaries of objects and connect adjacent objects

¢ Principle
v Dilation
v Erosion

v Mathematical representation
AeB=(ADB)SB= [U {(B)zl(B)z NA= Q)}]C



Morphology

Closing

> AeB=(ADB)OS B=[U{(B),I(B),nA =0}

Background

Image, I

43



Morphology

A ]
| ©)
B
1
Background Image, I
Acn
: f/\‘\ ;-I_____. o i s -~
S o N A®B
A*B=(ASB)OB rmomoooos | pmmmmmmmmees 1 A-B=(A®B)EB
i‘> k_JL_I oo ! > / \
1 — ' . —_—




Morphology

Properties

» QOpening
a) AoB s asubsetof A
b) If Cis a subset of D, then C o B is a subset of D - B
C) (AoB)oB =A0°B

» Closing
a) As a subset of AeB
b) If Cis a subset of D, then CeB is a subset of DeB
C) (AeB)eB = AeB

» Note from condition (c) in both cases that multiple openings or closings of a
set have no effect after the operation has bee applied once

45



Morphology

Duality

» Opening and closing are duals of each other with
complementation and reflection

(Ao B)°= ACeB (AeB)‘= Ao B

¢ Prove

(A B)°=[(A© B)®BI°= [(A© B)° © B] = [(A°® B) © B] = AR

respect to

set

46
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Morphology

Morphological hit-or-miss transform (HMT) is a basic tool for shape

I ® By, ={z|(By); S Aand (By), € A°} = (A© B;) N (A°O B,)

A=CUDUE Background
Mt ES
C 1 v
d -
D
d
Background Foreground = A‘=C°ND‘NE*
Image, /
d
B,
Foreground
d pixels
d -
B,

A°©B,

......

Origin of D 7

Background

B={B,, B,}

Image: | ®B,, = AS B NA* © B,

7
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Morphology

Morphological hit-or-miss transform (HMT) is a basic tool for shape

detection

[ ®B={z|(B), €I}

Background

Image, [

Border of
background pixels

Origin of D J

Background

Image, I ® B
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Morphology

Some basic morp

nological a

gorithm

I

B

Image, I Image,/ ® B
B

Image, I Image, I ® B
x [x]
B

Image, / Image, I ® B
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Morphology

Some basic morphological algorithm
» Boundary extraction

B(A) =A—-(AOB)
ZA 5
g ¥
Y B(A)= A—(AS B)

51



Morphology

Some basic morphological algorithm
» Boundary extraction

p(A) =A—-(AOB)

52



Morphology

Some basic morphological algorithm
> Hole filling
X = Xp-1®B)NI°

k=1,2,3, ..

X, UI

53



Morphology

Some basic morphological algorithm
> Hole filling

X = Xp-1®B)NI°

k=1,23,..

54



Morphology

Some basic morphological algorithm
» Extraction of connected components

Xk — (Xk_]_@B) Nl k= 1, 2, 3,

e

55



Morphology

Connected  No. of pixels in
component connected comp

01 11

02 9

03 9

04 39

05 133

06 1

07 1

08 743

09 7

10 11

11 11

12 9

13 9

14 674

15 85

56



Morphology

Some basic morphological algorithm

> Convex hull

¢ Aset, S of points in the Euclidean plane is said to be convex if and only if a straight line
segment joining any two points in S'lies entirely within S
¢ Convex hull, H, of S'is the smallest convex set containing S

57



Morphology

Some basic morphological algorithm
» Convex hull

4
) . : : ] . ] | vyl
Xt = (X, ®BYUXi_; i=1,2,3,4and k =1,2,3, .. C(4) = UD‘ where D' = X
=1
¥
/ N - aw
o o b
x| |x x x % I LA Xi=1 X! X; Q:\\\{ﬁf % /;f,:;, 7% B
A EA R EAES w | = Q\S‘Q\\Q\ ,//% 2 3
\ 7 N B
1 2 3 4 NNNZ7Z =
B B B B N i B
o

X X C(4)




Morphology

Some basic morphological algorithm
» Limiting growth of convex hull algorithm

7%
N W%
\"‘\ [
N = %
I\\ZH7 N\Zm7/
NN % h Z
b

59



Morphology

| BE < I F - =
B! B’ B’ B* B’ B“’x ;? B®
Some basic morphological algorithm
» Thinning
mage —/ — 1 _ 2
AQB=A-(A®B)=An(A®B) ™= 4 hoaes A
{3}2{31,32,33,...,Bn} A=A, R B A=A, B As=A,® B
4@ {8} =((-(4®B)®B?)..)®B")
Ag = A; ® B° A; =A@ B7 (44,88 -4;) Ay = Ay ® B!
Ap=A, ® B Ay=A;;® B° A4 converted to

(Aj1 = Ajg = Ag) No more changes after this. m-connectivity.



Morphology

Some basic morphological algorithm
» Thickening (i.e. thinning the background)

AOB=AU (A®B)

d

(B} = {B!,B%,B3, ..., B™}

40 {8} =((-(40BH)©B?)..)©B")

Image,




Morphology

Some basic morphological algorithm

» Skeletons
¢ Principles (skeleton of A: S(A))

v

Maximum disk (D),: If zis a point of SA), and (D), is the largest disk centered at z and
contained in A, one cannot find a larger disk (not necessarily centered at z) containing (D), and

simultaneously included in A
If (D), is a maximum disk, it touches the boundary of A at two or more different places

K
S(A) = U S, (4) with S,(4) = (A©Q kB) — (A © kB) o B
k=0

(A © kB) indicates k successive erosions starting with A

46kB=((..((A6B)OB)..) ©B)
K = max{k|(A © kB) + 0}

K
A= Je @ 1By .
k=0



Morphology

Some basic morphological algorithm
> Skeletons

63



Morphology

ASKB |(ASkB)B| Si4) | USia) [sia)@kB| Us,(a) @ k8
O = O

= = C

= = W0 wi.
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Morphology

Summary of binary morphological operations

Translation

Reflection

Complement

Difference

Erosion

Dilation

Opening

Closing

E’:{w|w:—b, for beB}
A":{w\wEA}

A-B={w lwe A, we B}
=ANB

AeB={(B) c A
AeB={z|(B).nA =0}

A°-B=(A©B)®B

A-B=(A®B)©B

(B). = {c ‘ c=b + z, for be B} Translates the origin of B to

point z.

Reflects B about its origin.

Set of points not in A.

Set of points in A, but not
in B.

Erodes the boundary of A.
(1)
Dilates the boundary of A.
(1)

Smoothes contours, breaks
narrow isthmuses, and
eliminates small islands and
sharp peaks. (I)

Smoothes contours, fuses
narrow breaks and long thin
gulfs, and eliminates small
holes. (I)
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Morphology

Summary of binary morphological operations

Hit-or-miss transform J®B = {z ‘ (B). C I} Finds inst?mces of B in image
: I. B contains both foreground
and background elements.

Boundary extraction B(A)=A - (A©S B) Set of points on the bound-
ary of set A. (I)

Hole filling X, = (Xk_l @ B) N I° Fills holes in A. X is of same
k=123 size as [, with a 1 in each hole
7" and 0's elsewhere. (1)

Connected X, = (Xk_l fas) B) ayi Finds connected components
components in I. X is a set, the same size

k=123.. as I, with a 1 in each
connected component and 0’s
elsewhere. (I)
Convex hull i _(vi & R i '
X, =(X,_,® B )UX,_; Finds the convex hull, C(A),

of a set, A, of foreground
pixels contained in image /.

4 i i i
Xi!]' = I; DI. = X:.-r_im'; C(A) = UD! ({T;'iff;v means that Xk = Xk—l‘
=1

i=1,2,34 k=1273,...




Morphology

Summary of binary morphological operations

Thinning

Thickening

A®B=A - (A®B)

- AN(A®BY
A®]B) =
((...((A®31)®32)...)® B"]
{B}={B'.B*. B, B"]
A®B=AU(A®B)
AO{B}=
(..(a0B)oB). )oB")

Thins set A. The first two
equations give the basic
definition of thinning. The
last two equations denote
thinning by a sequence of
structuring elements. This
method is normally used in
practice. (IV)

Thickens set A using a
sequence of structuring ele-
ments, as above. Uses (IV)
with 0’s and 1's reversed.

Skeletons

Pruning

[

. .
S(A)=Jsc(A)
k=0
S, [A] = (A S kB)
- (A e kB) o B
Reconstruction of A:

A= Lj(sk (A)® kB)

k=0

X, =A®{B}

]
X, = X, ® B
) H( , ® B)
X,=(X,8H)N A
X, =X, UX,

Finds the skeleton S(A) of
set A.The last equation indi-
cates that A can be
reconstructed from its skel-
eton subsets S, (A). K is the
value of the iterative step af-
ter which the set A erodes to
the empty set. The notation
(ASkB) denotes the kth
iteration of successive
erosions of A by B. (I)

X, is the result of pruning set
A.The number of times that
the first equation is applied
to obtain X, must be speci-
fied. Structuring elements
(V) are used for the first two
equations. In the third equa-
tion H denotes structuring
element. (I)
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Morphology

Grayscale morphology

» Structuring element: 6 (X, y) O

» Grayscale image: (X, y)
Nonflat SE Flat SE

¢ Two categories: nonflat and flat NON-FLAT st e FLAT ary vlu
Some basic morphological operations with flat SE

> Dilation: [f @ b](x,y) = max {f(x — s,y —t)}
(s,t)EDb

» FErosion: [f © b](x,y) = min {f(x+ s,y + t)}
(s,t)eb S

» Opening: fob=|fOblDb
» Closing: feb=[f @ b]S b




Morphology

Some basic morphological operations with nonflat SE
> Dilation: [f @ by](x,y) = max {f(x —s,y —t) + by(s,t)}

(s,t)eEby
» Erosion: [f © by|(x,y) = min {f(x+s,y+t)—by(s,t)}

(S’t)EbN Nonflat SE
» Opening: foeb=[fObl|Db
> Closing: feb =[f D b]Ob Dilation Erosion
0/]0({0|0(0]0O0]O Oo|o0(0|O0]O0O]O0O0(0O 0/|]0(0|0|0]0]O
0/]0({0|0(0]0O0]O O|10( 7|89 1]10(0 0/|0(0|0|0]|0]O
O|7(4|5(6|7]0 0|10 7 (101110 O 0/|0(0|0|0]|0]O
0|6(4|7(8|6]|0 0(|10(12(11 (11|11 O 0/|0(1]1|13]0]0
017(9|8|7]|7]0 01(112(12(12|11|10( O 0/|0(0|0|0]|0]O
0/]0({0|0(0]|0O0]O SE 0(10(12(11|10|10( O 0/|0(0|0|0]|0]O
0/]0({0|0(0]|0O0]O O|o0(0|O0]|O0O]O0(O 0/0(0|0|0]|0]O




Morphology

Grayscale morphological smoothing

» Performing opening and closing sequences on the original image with disk
structuring elements of radii, 1, 3, and 5, respectively

Origin Radii 1

Radii 3 Radii 5

70



Morphology

Grayscale morphological gradient

» Dilation and erosion can be used in combination with image subtraction to
obtain the morphological gradient

g=(@Db)—-(fODb)
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Morphology

Top-hat and bottom-hat transformations

» Combining image subtraction with openings and closings results in so-called
top-hat and bottom-hat transformations

That(f) = f = (f o b) Bhat(f) = (feb) — f

Thresholded Open using i Thresholded
origin a disk SE of Top-hat
radius 40
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Morphology

Using opencv to perform edge detection and morphology operations
Data

Original Image Sobel Canny
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https://drive.google.com/file/d/1ztufuBvk6VpZMCthV4__cg4YR2AmKPvh/view?usp=sharing

Morphology

Using opencv to perform edge detection and morphology operations
Data

Dilation Opening
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https://drive.google.com/file/d/1R2a-DpAkmjTUJrer1oRrWC1-Y-ob-tCW/view?usp=sharing

