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a=imread('nspsaturn.jpg);
figure, imshow(a)

[r c]=size(a);
af=zeros(size(a));

fori=3:r-3

for j=3:c-3
b=a(i-2:i+2,j-2:j+2);
b1=colfilt(b,[3 3],'sliding’,@mean);

b2=colfilt(b,[3 3] 'sliding’,@var);
d=b1(find(b2==min(min(b2))));

end 3albU e Gakl s 3y pal Jalilly lal) sl o (giat 3ypia
end B = colfilt (A, [m n],block type,fun)

processes the image A by rearranging each m-by-n block of A into a column of a temporary matrix, and then

applying the function fun to this matrix.
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https://www.mathworks.com/help/images/ref/colfilt.html#d122e32490
https://www.mathworks.com/help/images/ref/colfilt.html#d122e32362
https://www.mathworks.com/help/images/ref/colfilt.html#d122e32382
https://www.mathworks.com/help/images/ref/colfilt.html#d122e32426
https://www.mathworks.com/help/images/ref/colfilt.html#d122e32459
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FIGURE 3.45
Optical image of
contact lens (note
defects on the
boundary at 4 and
5 o'clock).

(b} Sobel
eradient.
(Original image
courtesy of

Mr. Pete Sites,
Perceptics
Corporation.)

Gradient magnitude ‘VP‘ -

4

A gradient image emphasizes edges

https://manara.edu.sy/ (Images from Rafael C. Gonzalez and Richard E.
Wood, Digital Image Processing, 2" Edition.
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Laplacian Sharpening :How it

works
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Laplacian Sharpening :How it

works ..
deoln
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Laplacian sharpening results in larger intensity discontinuity near the edge.
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Disadvantage: Enhance noise
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Laplacian Sharpening Example

P-V*P
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FIGURE 3.41 (a) Composite Laplacian mask. (b) A second compaosite mask. (¢) Scanning
O 1 O electron microscope image. (d) and (e) Results of filtering with the masks in (a) and (b),

respectively. Note how much sharper (e) is than (d). (Original image courtesy of Mr. Michael
Shaffer, Department of Geological Sciences, University of Oregon, Eugene.)

R (e

https://manara.edu.sy/ (Images from Rafael C. Gonzalez and Richard E.
Wood, Digital Image Processing, 2" Edition.


https://manara.edu.sy/

[AV ‘.5"" i.b‘.ql.c-‘ 519441‘ d‘j.:' C}gaj 5.:[:5
s WY =

6)lioJl SN/ S Tttt pA
Jla

LANAR A LU Y

cilgal) zog 52k OO s (Guskas Al 3yl

(w=1 ) Bypall glo il gall 7 gun g 8oy 5 G

https://manara.edu.sy/


https://manara.edu.sy/

PA SIS Cilgall mige

6)jliaJl

add 98 (2 loill anen oo Blomdl i aS) Ageiyles Jiadl dad Y K e,k U

Canny is Optimal because: uw Ua_,. J A0 \/
* Less sensitive to noise g

* Itremoves streaking by using two thresholds ty;gn tiow 8| gzl] E.y:.;a." Eaﬁ"'" v
* Offers good localization of edges and utilizes gradient of the 13l B 3_" o LY v

edge to generate thin, one-pixel wide edges
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The process

Remowve noise
using Gaussian
filter

For every pixel
Perform
hysteresis
thresholding

The Canny Edge Detector
first order
derivatives For ave el
i s Lalculatr:p
o Lsing MNon M aximal
g suppression
like Sobel PP
operator

[

6)jliaJl

The Canny edge detection algorithm is composed of 5 steps:

1.Noise reduction;

2.Gradient calculation;

3.Non-maximum suppression;
4.Double threshold;
5.Edge Tracking by Hysteresis.
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Noise W

>y

Reduction J

get rid of the noise.
image convolution
technique is applied
with a Gaussian
Kernel (3x3, 5x5,
7x7 etc...) to smooth
it.

Basically, the
smallest the kernel,

the less visible is the
blur.

Sobel filters for both direction (horizontal and vertical)

The edge direction angle is rounded to one of four angles representing

vertical, horizontal, and the two diagonals (0°,45°, 90°, and 135°).

SIS Gl mdiye adas Silghas

6jliall
) E
I Gradient Mal\)l(?r:um Double W I Tracliiiie b
Calculation . threshold . -y
Suppression Hysteresis

First order derivative of aN

image. It can be implemented
by convolving | with Sobel
kernels Kx and Ky, respectively:

! 12
21.k,= 0 o0 o0

- 22 =

Gl = (J1# + 12, 90°
1350 450

f\-‘
Kx,v)=arctan | —
Iy

Gradient intensity and Edge direction

The double threshold step aims
at identifying 3 kinds of pixels:
strong, weak, and non-
relevant:

Strong pixels are pixels that
have an intensity so high that
we are sure they contribute to
the final edge.

Weak pixels are pixels that have
an intensity value that is not
enough to be considered as
strong ones, but yet not small
enough to be considered as
non-relevant for the edge
detection.

Other pixels are considered as
non-relevant for the edge.

One strong pixel around

Based on the threshold results, the
hysteresis consists of transforming
weak pixels into strong ones, if and

https://manara.edu.sy/

only if at least one of the pixels around
the one being processed is a strong
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Non-Maximum Suppression [AV
6jliall
perform non-maximum suppression to thin out the edges.
The principle is simple: the algorithm goes through all the points on the gradient intensity matrix and
finds the pixels with the maximum value in the edge directions. aa> se dw))lsdl o3 1 darun Tl

ALl Slalesl 3 Gommill Aaall Sl3 Sl Sl Aty 7yl ABUS Agiaimn 3 B3g2oll Lolanll
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| X o) X %
y H
— - N

(i+1,j-1)

(i,j-1) (i,j+1) 3r *
s
4

v
m
2

Focus on the upper left corner red box pixel

If there are no pixels in the edge direction having more intense values, then the value of the current pixel is kept.
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T1=0.4, 12=0.6, o =1

T1=0.005, 12=0.1, 0 =1
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