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Image Filtering

A spatial filter consists of (a) a neighborhood, and (b) a predefined operation
cdmij\PuA@u)J\mgﬂu
Linear spatial filtering of an image of size MxN with a filter of size mxn is
given by the expression
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 Linear Filters
- Mean Filter
- Gaussian Filter

- Non linear Filters
- Median
« Max
« Min
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Image filtering-Linear-Average
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Image filtering-Linear-Average
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Image filtering-Linear-Average
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Image filtering-Linear-Average
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Image filtering-Linear-Average
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Image filtering-Linear-Average

h[m,n]=> g[k,I] f[m+k,n+1]

https://manara.edu.sy/



Image Filtering- Example

smoothing aa=i
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Image Filtering- Example
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Image Filtering Application- Example
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(Note that filter sums to 1)

Sharpening filter
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Image Filtering-Linear- Gaussian

il sladly 438 jal) Aaill) (e G380 (A g
Average b sial) (e il gall o 8l Gasl

0.003 0.013 0.022 0.013 0.003
0.013 0.059 0.097 0.059 0.013
0.022 0.097 0.159 0.097 0.022
0.013 0.059 0.097 0.059 0.013
0.003 0.013 0.022 0.013 0.003
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Image Filtering-Linear- Gaussian
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Image Filtering-Linear- Gaussian

What parameters matter here? i yll dagall &l jial Ll & L
Size of kernel or mask gedisall 3158 g gL ana
Note, Gaussian function has infinite support, but
discrete filters use finite kernels
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o =5 with 10 x 10 kernel o =5 with 30 x 30 kernel
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Image Filtering-Linear- Gaussian

What parameters matter here? i yll dagall &l jial Ll & L
Variance of Gaussian: determines extent of smoothing

Sally (pSall g anaSill &yl jaiV) Bab ) aa (aeadl) dpdae dlatal) ) Yl

o =2 with 30 o =5 with 30
X 30 kernel X 30 kernel
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Image Filtering-Linear- Gaussian

Separability axdill 4Lld 4uali

112 |1 2 |3]3 =24+6+3=11 -
o Separability
2D filtering 2 lal2]«[3 55| =6+20+10=36 means that a
(center location only) :
112 |1 4 la s =4+8+6=18 2D convolution
a5 can be reduced
totwo 1D
The filter factors 112 |1 L I convolutions
into a product of 1D 2 1412 |=|>
filters: 112 [ 1 EX
erform filter 313 11 Complexity of
erlorm | er!ng 112111 %13 |5 |5 |= 18 filtering an nxn
along rows: P image with an
4 1416 mxm kernel?
1 T O(n*m?)
Followed by filtering o | % 18 = - What if the kernel
along the remaining column: 's separable?
1 18 O(n?m)




Noise zal

eSalt and pepper noise: contains random occurrences
of black and white pixels
3 saall Gana de ) 5a £l g g elian OOy (aualy S & P gse
eImpulse noise: contains random occurrences of white
pixels
BJ}A\ u.qma.c)}o gL;-.:\.; L_IM Cpaasaiy (“,-M ,' | @AJA.“ alle

eGaussian noise: variations in intensity drawn from a
Gaussian normal distribution
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ePeriodic Noise:
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Impulse noise Gaussian noise
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import import numpy as np import matplotlib.pyplot as plt N O|Se type pred |Ct|0n US| ng

img = ('image.jpg', cv2.IMREAD_GRAYSCALE)

noise_types = ['gaussian’, 'salt & pepper’, 'gamma’, 'poisson’, H iStOg ra m - COd e
'speckle'l noisy_imgs =]

for noise_type in noise_types:

if noise_type == 'gaussian': plt.figure(figsize=(((6,6
noisy _img = cv2.GaussianBlur(img, (5, 5), 0) plt.imshow(img, cmap='gray')
elif noise_type == 'salt & pepper": plt.title('Original Image')
noisy_img = img.copy() plt.axis('off")
noise = np.zeros_like(img) plt.show()
cv2.randu(noise, 0, 255) #plot histograms
no!sy_!mg[no!se <10l =_O fig, axs = plt.subplots(((10 ,10)=ezisgfi ,2 ,3
noisy_img[noise > 245} = 255 axs[ ,0.5=ahpla ,[256 ,0] ,256 ,()levar.gmi)tsih.[0 ,0

elif noise_type == 'gamma":
noisy_img = np.power(img /np.max(img), 1.5) * 255
noisy_img = noisy_img.astype(np.uint8)

elif noise_type == 'uniform":
noisy_img = img.copy()

(‘eulb'=roloc
axs[('lanigirQ")eltti_tes.[0 ,0
for i, noise_type in enumerate(noise_types):
axs[(i+ ,0] ,256 ,()levar.[i]sgmi_ysion)tsih.[%2(1+i) ,2//(1

noise = np.random.uniform(-50, 50, size=img.shape) (‘der'=roloc ,0.5=ahpla ,[256

noisy_img = noisy_img + noise axs[(i+(epyt_esion)eltti_tes.[%2(1+i) ,2//(1
noisy_img[noisy_img<0] =0 plt.tight_layout()

noisy_img[noisy_img > 255] = 255 plt.show()

elif noise_type == 'speckle":
noisy _img =img + img * np.random.randn(*img.shape) * 0.1
noisy_imgs.append(noisy_img)
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3x3 Average Filter 5x5 Average Filter 7x7 Average Filter

* What’s wrong with the results?
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aapbadl) Gl jall aladiily S&P sl Al )

Salt-and-pepper noise Median filtered
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Gaussian
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Object Detection duaall cilad jall aladiuly (ghliall Cals

abec

FIGURE 3.34 (a) Image of size 528 X 485 pixels from the Hubble Space Telescope. (b) Image filtered with a
15 X 15 averaging mask. (c) Result of thresholding (b). (Original image courtesy of NASA.)
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all Glsd je Sharpening Spatial Filters

Foundation

Laplacian Operator
Unsharp Masking and Highboost Filtering

Using First-Order Derivatives for Nonlinear Image
Sharpening — The Gradient
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Sharpening Spatial Filters: Foundation

» The first-order derivative of a one-dimensional function f(x)
is the difference

of
— =)= (9

sl Aa 0 Sid
EERETEIF)
(Al daall

@.\U 2;‘).3 e %
+ adul) dal )

» The second-order derivative of f(x) as the difference

of _ f(x+1)+ f(x=1)—2F(x)

X2
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Intensity
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Sharpening Spatial Filters: First Order- Sobel

1]0]|-1 112 |1
2 |0 |-2 O|0(O0
1/0]-1 121
Sobel o y A Sobel Horizontal Ed
HX (s81  sus ey Vertical Edge g, Hy (sosas Gisms g ye orizontal tage g,
i3 e il a0 (absolute value) agsl il ga Cais] (absolute value)

._“ l‘h

09 SR VA AR SRS ST RO
S 00 IR DT mﬁh A
A 4 L

Gradient
Image
g ol Ay ok
488Y Ca) gall

InRRRRRcAERRARARAREREEN)
The magnitude of vector Vf, denoted as M (X, y) //* it
M (x,y) =mag(Vf) =/g,’ +g,’
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Sharpening Spatial Filters: Second Order- Laplacian Equations &
Matrix

The second-order isotropic derivative operator is the | | 1 1
Laplacian for a function (image) f(x,y) 0 1 0

v2f262f+82f 1 —4 1 1 —8 1

aXZ ay2

2
il = f(x+Ly)+ f(x=1y)—2f(x,Y) !

X2

0 -1 0 -1 —1

o't =f(x,y+)+ f(x,y=-1)-2f(x,Yy)

oy
Vif = f(x+Ly)+ f(x=Ly)+ f(x, y+1)+ f(x,y-1)

-4 f (X,
( y) 0 -1 0 -1 -1 -1
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ond Order- Edge Detection
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Sharpening Spatial Filters: Second Order- Laplacian Sharpening

1SS GLndDU el e aladiuly 3 ) pall e Sharpening s dlee las) &

g(x,y) = f(x,y)+c| V2 (x,y) |
where,
f (X, y) Is Input Image,
g(X,y) iIs sharpenend images,
c=-1if V*f(x,y) corresponding to Fig. 3.37(a) or (b)
and c =1 if either of the other two filters Is used.
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ars: Laplacian Sharpening (b3l aladiuly aall

A B

a
b c
de

FIGURE 3.38
(a) Blurred image 1 —4 1 1 _g 1
of the North Pole

of the moon.
(b) Laplacian 0 1 0 1 i i
without scaling.

(c) Laplacian with

scaling. (d) Image
sharpened using 0 -1 0 1 -1 -1
the mask in Fig.

3.37(a). (e) Result
of using the mask -1 4 -1 -1 8 -1
in Fig. 3.37(b).

(Original image
courtesy of 0 -1 0 —1 ~1 -1
NASA.)
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Sharpening Spatial Filters: Second Order- Unsharp

» Unsharp masking

Sharpen images consists of subtracting an unsharp (smoothed) version of an
image from the original image

il gal) i ad @ty atd ALl 5 gl ¢ B guall Aaria A 7k
e.g., printing and publishing industry deldall ciliyail
» Steps

1. Blur the original image 3_ sl a

2. Subtract the blurred image from the original “la¥! (s dazidl 3 ) pall 7 5k
et (%) = F(x,3) = f(x, )
3. Add the mask to the original 4day¥! s suall 2 3 ghasll L il
g y)=f(xy)+k*g,.(x.y) k=20



Sharpening Spatial Filters: Second Order- Unsharp

/Ol‘iginal signal
/f ~
Blurred signal
-

Unsharp mask

/\
S/

\/S\harpened signal

h'ﬁbggs/ﬁ'.(é\ﬁtﬂ\f\la\_/gm?ymed|rec.L.Lom/'Lopl(.s/(.om PUTET=SCIEnCe/ unsharp-masking
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Bilateral Filtering

u\j;j\oicbw\c.oo‘)}mﬂ\ cu).d\\%ejs_\
Sl s 53 oy Ayl 431 glaa g Sl Hpala )1 il gud) il 1Y)
Sl s i oy Y (Adla) Aaline 4l ) slae g Juull gale 1) il guadl IS 1)

Spatial Gaussian |

VPRI o(i.j] = ; ZZflmnl gy i = m, j = n n, (f[m,n] = £i.j)

AN gl g JuusSal) G (A1) uad
a9 Jusll i g (3 A1 GlS 1Y)
23S 08 Jesall A s (3,81 IS 19)

Gaussian Shaped
Filter (combined
keirnel)
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Bilateral Filtering

Spatial Gaussian Brightne

gli.j] = ZZﬂm ] g, li = m, j - nlnab(flm ] = fli.j)

Spatial
Gaussian

Brightness
Gaussian

SRSl ., = > ) [0 = m,j — nlng, (flm,n] - 1L,/
m n

Factor
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Bilateral Filtering

blur = cv.bilateralFilter(img,diameter,o,, 0.)

-

As As.

Gaussian Bilateral
O = 2 o, = 2,0 = 10

Original



https://docs.opencv.org/4.x/d4/d86/group__imgproc__filter.html#ga9d7064d478c95d60003cf839430737ed

