Chapter 1: Getting Started with Digital Image Processing

Images as multidimensional arrays and matrices

Single Channel (Multi Channel

Color (RGB)
3 component arrays

Grayscale
Ip

Ie - R Ip(xy)
In — G| [Ic(xy)
B Ip(x )
gfn(ny)
e (v y)
! = A Ti(x )

24 bits per pixel.
RGB Red/Green/Blue
Height x Width x 3

1 bit per pixel.
Values 0 -1
Height x Width

8 bits per pixel.

Values 0 - 255
Height x Width







original and the darkened image

Intensity







0 100 200 300 0 200 400 600

local max pooling local median pooling




» n 9 & 9







RGB to YIQ
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Cyan =(1-Ryzss-K) /(1 - K)

Magenta = (1 - Gyzss- K) / (1 - K)
=(1- Byzss-K) /(1 -K)

Black (K) =1 - (max(R, G, B) / 255)
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The original input, grayscale, and the output image
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original

cropped

masked




increased decreased




original input image, illumination pattern, and output image
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Running on local URL: http://127.0.0.1:7860

input_img

To create a public link, set “share=True® in “launch()".

Submit
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Chapter 2: Image Manipulation

Hue range in HSV color space with skimage.color

H
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Input axes Transformed axes
(original) (after applying
coordinates inverse matrix)




Applying geometric transformations to an image

original transformed with SimilarityTransform  reconstructed with AffineTransform
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radius
r=in(2}.T 0 =+ s.e Pl
¢ = rotation s = strength

geometric transformation with warp()

swirl transform

translation rotation rotation (centered) similarity transform
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Gaussian noise with sigma=0.1

Gaussian noise with sigma=0.25

Gaussian noise with sigma=0.5

Gaussian noise with sigma




Gaussian noise S&P noise

Gaussian noise S&P noise Speckle noise Poisson noise
25000
12500 4 30000
30000 20000
10000 25000
- bl -
e g ¢ 20000 2 15000 -
T 7500 3 20000 A @ @
= e & 15000 &
I @ @ @ 10000
& 5000 & S =
10000 4 10000 -
2500 - 5000 4 5000 1
0 0 o0 .
—0.25 0.00 0.25 0 1 -02 00 0.2 -0.025 0.000 0.025

Noise Value Noise Value Noise Value Noise Value




1.0J — red
— green
— blue

x
Il 0.8 -
\Y
=
a
2 0.6
5
©
3
] =X B
a 0.4
()
-
5
-
£ 024
>
(%)

0.0 -

0 50 100 150 200 250
pixel value (x)
rescaled (aliasing), resized (no aliasing), and downscaled images




original

cropped

Interpolation
Original . Target . Result
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Grayscale Log transformation




The original, inverted, solarized, posterized, and effect_spread images with PIL
" y ¢TSS o

rotated

Image transformations
A 2D affine transformation
a b ¢ T a b c T ar+ by +c
T=1d e f Ty d e [ Yy dr +ey+ [
00 1 1 001 1 1
Translation Scale Rotation
1 0 s s 00 cosfl  —sinf 0
0o 1 0D s 0 sinfl cosf 0
00 1 0o 0 1 0 0 1
Correct rotation |ToRT| _
1. Translate center to origin 2. Rotate 3. Translate back to center

1 0 —w/2
Ty=|0 1 —h/2 R=

cosfl —sing 0 . 10 ”1'{':-)
sinf eosd 0 Iy 0 1 h/2
L] 1

0 0 1 0 0 1




Forward warping

Inverse warping

T(x,y) .
e y L.'
Y finy) =

Inverse mapping

1. Create an output image

2. For each pixel in the output image, find the
corresponding pixel in the input image

3. Give that output pixel the same color

= Requires that we invert the mapping

gx\y")

yp 0

Sxy)
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rotation with respect to origin and center




perspective
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original inverted

intensity gradient mask




Comparison of Effects

Blend Mode Dark Pixels Behavior Light Pixels Behavior Contrast Effect

Hard Light Darker (Multiply) Lighter (Screen) High contrast

Soft Light Subtly darker Subtly lighter Soft transitions

Overlay Darker (Multiply) Lighter (Screen) Strong contrast, but base-driven

blending with hard-light,soft-li t, and overlay algorithms

=

opacity=0.3

Blending with soft-light algorithm with blend_modes
opacity=0.5 _ opacity=0.8

opacity=0.3

Blending with hard-light algorithm with blend_modes

opacity=0.5 opacity=0.8




screen




Chapter 3: More Image Manipulation

Changing image quality with PIL (with qualities: [95, 20, 5, 1])
y .’ - 3 i .’ '




The original and the colorized image







original and y-corrected image

Lens Blur with Bokeh

Palette of Image 1 before swap

Palette of Image 2 before swap




Exchange image color palettes

RGB tone changes across color temperatures




original

10000K

generating images with PIL

rotated counterclockwise

rotated clockwise




original rotated without crop

rotated with crop




Destination image




distorted undistorted




Original Image Zoomed and Cropped Image
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output with spline interpolation of order 1,2,3,4 and the diff between the last and the first interpolated image




special effects with wand

original spread blue_shift colorize

-

polaroid

vignette

cycle_color_map

The original and the distorted images (barrel, arc, polar, shepards)




The distorted and corrected imag_es
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original

gingham

grayscale




Chapter 4: Sampling and Fourier Transform

Reconstructing image from small number of samples with interpolation

#samples = 100 #samples = 1000 #samples = 10000 #samples = 100000

. e

. " N-1
— — — y3
& (@) =) wid(|F - 7))
i=0 weights
Evaluating the radial functions
at T with N =3

Image inpainting with different interpolation methods with scipy

inpainted output (MSE: 0.0006)
linear interpolation

inpainted output (MSE: 0.0012)
nearest neighbor interpolation

inpainted output (MSE: 0.0004)
RBF interpolation




original image

noisy image (salt) denoised (spline filter)

original image (419 x 600)

portion to pe resized (70x70)
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Moire artifacts with Nearest Neighbor Convolution-based DownSampling with PIL
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image size = 243 x 162 antialiasing=False image size = 73 x 49 antialiasing=False




# colors = 128 SNR = 12.823 # colors = 64 SNR = 12.539 # colors = 32 SNR = 11,518 # colors = 16 SNR = 10,882

Change in SNR w.rt. # colors Change in image size (KB) w.r.t. # colors
e . ; . . .
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# colors in the image # colors in the image
||ZD Discrete Fourier Transform (DFT) I |ZD Inverse Discrete Fourier Transform (IDFT)|
Analysis M-1N-1 —2;11'[1" ,l") Synthesis M-1N-1 2”i(£+2,]
r — M J
Flu, \7]=WZZf[x,y]e o SxyI= Y > Fluvle N
’ x=0y=0 ' ‘ u=0 v=0 ‘
frequencies(fiequeny domain) image (spatial domain) ,{ngfnfﬁfizal o, AR
MxN —0 7 . aep MxXN 2D signal =01 ., M1
WG y=01 NI
v=0,1,.,N-1

| Spectrum Magnitude |
|F(u.v)| = [R¥(u.v) + P(u.v)]">.

R = Real(F)
I = Imag(F)

fu]

$(u, v) = tan ][R(u. 5
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Original Image

Image obtained after reconstruction
L = -
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Plotting the (shifted) DFT Spectrum of the rhinos image

not shifted shifted (D;) shifted (D)
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Fluv)= [ [7 fa,y)e = da dy

Separability Theorem|
f(x,y) = fx)gl) = Flu,v) = F@)G(v)




Original Image DFT Spectrum Maginitude

Original Image 5 DFT Spectrum Maginitude

DFT Spectrum Phase
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randomly generated texture
(Fractional Brownian field)




Reconstructed Images with IDFT
with |F1|, ®(F>) with |F5|, ®(F;)




0.24 A

0.22 A1

0.18 1

0.16

0.14

npl_fft

sp_fftplac k_fft sp:fft

Separability of the 2D DFT

Flk6) = — Nzl [ \/_&j'):lfm n)e (0% )] (%)

matrix notation
2D DFT forward transform

F= (WMf)WN

MxM NxN

1 N-1

f(m.n) = ﬁfgl‘)

lMl

Vo=

F(k,0)e ;21:(,&%)} (%) | Walm, k) =

matrix notation
2D DFT inverse transform

complex conjugate

f=WgFWy

MxM NxN

F = | wy f Wy
NxN
MxN MxM MxN .
mk
1 )
—
vM
nl
1 -l
WN(H, t) = g (N)
N

Image reconstruction with DFT (with matrix multiplication)

original input

[
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ctrum .

spectrum (np fft)

reconstructed input




Image transforms

forward transformation

N—1N—-1
v) = Z Z F(x.y)g(x.y, u.v) glx,y.u,v)= gl(x u)go(y. v) separable
x=0 y=0 Forward transformation kernel. ( ) (y V) Symmetric form
inverse transtormation N—1 N—1
N—1N-1 T(u,v) = Z Z gi(x, u)f(x,y)g(y.v)
f(x,y)= ZZT.’JV (x,y.u,v) x=0 y=0
4—0 v—0 Inverse transformation kernel
Matrix-based transforms
For orthonormal basis vectors
g1(x,u) a1(y,v) T
1 2 1 i2m T=GfG
ﬁeﬁww‘ ﬁeﬁwvy f:G*TTG*fm' complex vectors
f= GTTG for real vectors
(2x + l)uw] [(2y it l)vr.]
XYtV = RV COSl e IECOS N e
g(x.y. u,v) = a(u)a(v) cos [*=—r L
(u) o when v =0
o = : =
VN
2
=4/=Vu=12.N-1
N
DCT
N—-1N-1
2x + 1)unw 2y + 1)vw
C(u,v) = a(u)a(v) f(x.y)cos [( ) ] S [( Yl
2N 2N
x=0 y=0
Inverse DCT
s i ey [(2x+1)un-] [(2y+1)vn-]
USVIECOSH = IECOS
&l 2N 2N
u=0 v=0




Image Reconstruction with DCT
DCT matrix D

recnstructed f=D'CD

DCT spectrum C = DfD”

input image f

Hadamard matrix

1 1 Hy  Hpy

H = 1 1 at N =2 and Hoy = Hy — Hy

Froward transform
1 n—1
Vou.v) = —(—=1)Zi=0 bi(x)bi(u)+bi(y)bi(v)
glx.y,u,v) = 5(=1)

Inverse transform

1 n—1
hix.v.u.v) = —(—1)2i=0 bi(x)bi(u)+bi(y)bi(v)
(x.y,u,v) = 3(=1)

N — Total number of samples

n — Number of bits x/u
by(z) = k" bit in digital /binary representation of z.

Image Reconstruction with WHT
Ordered Hadamard matrix W WHT spectrum F = WW

recnstructed f= WFW

input imag f




DFT spectrum DCT spectrum

DWHT spectrum

forward Inverse
transformation a1(x,u) gi(y,v) g(Xy u, V) h()ﬂy. u, V)
1 _con 1 sem -2m 2m
5 ux —i%w 1~ 2 (ux+vy) 1 of G (uxtwy)
e’ N N =
DFT = TR new N
DCT (2x + L)ur (2y + 1)v (2x + Ljum (2y + 1)vm ”(”)“(V)m[(zx; 1)11:]:05[(2y— l)v:]
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Nis N f% N Hﬂ Nize
n—1 n—1 _ n—1
Hadamard| * _1)bix)bi(w) 1 _1)bi)bitv) 1 i)+ v 1 i) bi(u)+bi (v )bi(v
N H( ) N H)( 1) ¥ [T (—1ystetersbitbic) v Ho(fl) Y)bi(v)
- = i=0 i=

4x4 DCT basis functions 4x4 Walsh basis functions

I1-D DFT I-D DFT
appliedto matrix applied to matrix
f —*  each ® transpose ™|  each * transpose |— > F
Mx N row row Mx N
M 1-D DFTs of length N N 1-D DFTs of length M
M(Nlog,N) operations N(Mlog ;M) operations




fw _ Fu = F(fy) fftshift(F_w)

o 50 100 150 200 250 300 350 400 O 50 100 150 200 250 300 350 400




F(f+g)
FlES)

= F(f)+Flg)

= kF(f)

k is a scalar
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F1=F(f) F=F1+F>

200 0
Fa = F(f3)

f(r,0) <& F(w, )

f(r,0+a) <= F(w,¢ +a)

rotated by an angle o
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translation
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magnitude before translation magnitude after translation
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Chapter 5: Convolution and Spatial/Frequency Domain
Filtering

3x3 Nbd of I[1.1] [ Convolution with valid' mode |
- 110, 0]

- 1:10. 0]
= np.sum(I]:3,:3]*K)

+ |uo]ve| e

19| 19| 19

3 x 3 kernel K

8 x 8 output image I,

10 x 10 mnput image J

Original Image Box Blur Laplace Edge Detection




Same

Input / Kernel




Original Image Sharpened Image

Embossed Image Lightened Image







2 3

3 4

1
s 6 7 )
=19 10 1 K:[ }

13 14 15
Kernel
Input image

2D Correlation (no flipping)
1 2
<=l

Top-left output (0,0):

1 2 1 2
[5 6]9[3 4]:1><1+2><2+5><3+6><4

=1+4+15+24 =[44]
Next output (0,1):

2 3 1 2
[6 7]@[3 4}72+6+18+287

Next output (0,2):

Ix1+4x24+7Tx3+8x4
=3+8+21+32=|64]

44 54 64
84 94 104
124 134 144

Final correlation output: =

Original Kernel
1 2
3 4
Input Image (4x4)

1 2 3 4
5 6 7 8

9 10 11 12
13 14 15 16

‘valid' mode = outputis (4 —2+1) x (4 —2+1)=3x 3

2D Convolution (kernel is flipped)

4 3
Kﬂip:[z 1

Top-left output (0,0):

1 2 4 3
[5 6}@[2 1]71><4+2><3+5><2+Ei><1

=4+6+10+6 =[26]

Next output (0,1):
2x44+3x346x2+7x1=8+9+12+7=36]

Next output (0,2):

3x4+4x3+TXx2+8x1=12+12+ 14+ 8 =[46]

Final convolution output: =

66 76 86

26 36 46
106 116 126

Flipped Kernel (Convolution)

:

Result: Correlation Result: Convolution

84 94 104
124 134 144

66 76 86
106 116 126

[44 54 64 [26 36 46




convolution output

106 116 126

correlation output

124 134 144

Original

Templte

Cross-correlation




Convolution theorem

f(@,y) «h(z,y) & F(u,v)H(u,v)

Space convolution = frequency multiplication

F(u,v)*H(u,v) & [f(z,9)h(z,vy)

frequency convolution = Space multiplication




Convolution in the Frequency Domain

|:> F (1. v) |:>®|::> Glu. v) |:> (DFT)™ B0 g(x, )
ﬁ reconsmiicted i‘mage

flx.y) > DFT

image

h(x.y) °> DFT |:> H(u. r)l G=FH

kernel

[H(u,v)| log|H(u,v)|

F(u,v)|

1100

log |G(u,v)

[F(u,v)|




Gaussian Kernel Output Image

Original Image
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Output Image Spectrum
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Original Image Spectrum Blurred Image Spectrum
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EE) 75
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Original Gaussian kernel Blurred

Y

convolve Output ffconvolve Output

Original Image

e




2D Convolution

3D Convolution




Input image H x W x 3




‘conv2d batch in_channels

‘conv3d batch in_depth in_channels

Qutput

out_channels

.conv3d filter_depth out_channels

Conv Direction Input Output

—
convad 2-direction A-dim
Y

conv3d  3-direction

oriignal

with upsample + conv

200

100

300

1000

0 100 200 300 400 500




Chapter 6: Frequency Domain Filtering

Filter Type

Ideal LPF
(ILPF)

Butterworth
LPF (BLPF)

Gaussian LPF

(GLPF)

Parameter
f
func

arg dict

Mathematical

Expression

H(u,v) =

1,
0,

Type

numpy . ndarray

function

dict

D(u,v) < Dy
D(u,v) > D,

Description

Characteristics

Sharp
transition,
removes all
high
frequencies

above Dy

Smooth
transition
controlled by

order n

Very smooth
transition, no
ringing
artifacts

igely's]
smoothing
effect,
simple to

implement

Less blurring
compared
to Ideal LPF,
adjustable

smoothness

No ringing
artifacts,
best for
natural
image

smoothing

Input image (grayscale, stored as a 2D array).

Causes blurring
artifacts due to

sudden cutoff

Higher
computational
cost compared
to Ideal LPF

Weaker
attenuation of
high
frequencies
compared to
ILPF and BLPF

A filtering function (e.g., ideal , gaussian, Or butterworth ).

Keyword arguments ( kwargs ) passed to the filter function.

Output

Description

Original frequency spectrum of the image (before filtering).

The applied filter in the frequency domain.

Filtered frequency spectrum (after applying H).

Final processed image after inverse FFT (low-pass filtered image).




spectrum of Gaussian LPF lowpass filtered output

\




Filter Type

Ideal HPF
(IHPF)

Butterworth
HPF (BHPF)

Gaussian HPF
(GHPF)

Mathematical
Expression

H(u,v) =

D(u,v) < Dy
D(u,v) > Dy

0,
1,

Characteristics

Sharp
transition,
removes all
low
frequencies
below Dy

Smooth
transition
controlled by

order n

Very smooth
transition, no
ringing
artifacts

Pros

Strong
filtering
effect, simple

to implement

Less ringing
compared to
Ideal HPF,
adjustable

sharpness

No ringing
artifacts, best
for natural
image

processing

Cons

Causes ringing
artifacts (Gibbs
effect) due to
the sudden

cutoff

Higher
computational
cost compared
to Ideal HPF

Weaker
attenuation of
low frequencies
compared to
IHPF and BHPF




Original

i

log F(u,v)

H(u,v)

GHPF filtered

log G(u,v)

100 —-200

¥ "

-40

200




frequency spectrum of input

frequency responsehof HPF kernel




Parameter Description

image Input grayscale or color image

cutoff_frequency_ratio Cutoff frequency as a fraction of the Nyquist frequency (0.0 to 1.0)

order Order of the Butterworth filter (higher values create a sharper cutoff)

high_pass If False, applies low-pass filtering; if True , applies high-pass filtering

squared_butterworth If True, applies the squared form of the filter for stronger effect

npad Number of padding pixels before FFT (to reduce edge effects)

channel_axis Specifies the axis for multi-channel images (RGB)

Operation

Compute FFT

Define frequency grid
Compute distance D?

Create Gaussian bandpass filter
Apply filter

Compute inverse FFT

Extract real part

Effect

Converts image to frequency domain

Creates a frequency coordinate system

Measures how far each frequency is from the center

Allows mid-range frequencies, removes very low & high frequencies
Multiplies filter with Fourier-transformed image

Converts filtered image back to spatial domain

Removes complex values




image with periodic noise

image with band-reject filter
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175
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noisy image spectrum

50 100 150 200

band reject filter spectrum

50 100 150 200




Chapter 7: Image Enhancement

Ny(x,y)
]

\

f—9 g =T(f)

f(x,y), 1sxsMI<y<N

Ny(x,»)

g(x,y),

[

S

Isx<M|I<y<N

T (.) : Spatial operator defined on a neighborhood N of a given pixel
Ne(x,y)

|

l

|
“/.

point processing

[z, y) — g(z,y)

o

v

mask/kernel
processing

§="T(F)

Map a given gray or color levelr to a new level s

s =0....,205




Power-Law (Gamma) Transformation

104+ — y=05
— y=1.0
— y=25
0.8
>
& 0.6 =
i
c
z
£
5
Eﬁ.q"
=
o
0.2 /
0.0

0.0 0.2 0.4 0.6 0.8 1.0
Input Intensity (x)

original, increased brightness with a=2 and B =50




7
* E . a
3 5} 1
L 16 16 16 "

k k
Sk :T(”k)=ZR(rj) =an/N
Jj=0 j=0

0<r <1, k=0,2,...,255

N: total number of pixels
nj: frequency of pixel with gray-level |

A

Number of pixels

Low contrast image Contrast stretching

g fl| PRI [T |
02 04 0 08 10 00

Inmatmt
- Pixel mteﬁsity :

08 10 00 08 10 0o

A Pxxél inteh5|ty : - Plxél inteﬁsity

Histogram equalization Adaptive equalization

Fraic‘tionu‘ of tgtal i?ﬁten;ity

N Pixel intel:\sity 4




A Normalized Cummulative probability distribution

B(x) = Hx)

H(x) Reference Cumulative
probability distribution

G(x) Original Cumulative
probability distribution

Cumulative Probability
TS i e L S L A

bl e e i ik S e i i oy s . iy s,

o
X

>
[0

Pixel values

original, color enhanced and desaturated images

PIL Mean Filter (Box Blur) with different Kernel size
Ori ginal Ima ge Blurred with kernel size = 3x3 Blurred with kernel size = 5x5




radius = 1

PIL Gaussian Blur with different Radius
radius = 2

radius = 3

with the box filter

with the gaussian filter

noise




non-local means
(slow)

non-local means
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\ J

9 IMAGE ENHANCEMENT ENGINE (BACKEND)

Implemented in image_enhancement.py

n .:‘ « Image processing and enhancement
~ + N ’ = algorithms
“O f

+ Implemented using OpenCV and NumPy

OpenCV NumPy « Returns enhanced image to Ul
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Chapter 8: Image Enhancements Using Derivatives
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Chapter 9: Image Restoration: Inverse Problems in Imaging
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Spatial Fourier

Original image Blurred image with motion blur kernel
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Chapter 10: Image Segmentation: From Classical Methods
to Deep Learning

Original Histogram Multi-Otsu result




Grayscale Image Cleaned Binary Mask

Binary Mask after Thresholding
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Original Image

Chan-Vese segmentation - 200 iterations
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Evolution of energy over iterations
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Image Segmentation with Calculus of Variations

MUMFORD-SHAH (MS) FUNCTIONALl

functional minimization

Eps(u,T) = ﬁ/(u — f)Pdx +a / |Vu[*dx + length(T)
o) o\r

Q) € R? is connected, bounded, open subset

rco
edge set segmenting ()

| AMBROSIO-TORTORELLI (AT) APPROXIMATION OF MS FUNCTIONAL |

functional minimization

1 (1-0)?2 p—=0, v—>1—xr
2 2 2 2
Ear(u,v) = / (ﬁ(” = f)? +a(@|Vul*) + 5 (P|VU| + T dx edge indicator
o) .
v(x) = 0ifx € Tandv(x) = 1
IEuler—Lagrange Equations & system of coupled elliptic PDESI for Gradient-descent updates
du B ou
— = V-(*Vu)-Eu-f); =— =0,
ot ( ) W( f) on a0 Neumann boundary
v V2 za‘vulzv (I} _ 1) v 0 conditions
— = p— = ;. —| =
ot o 02 N |0 |Ref. https weh cs hacettepe edu. tr/~erkut/hil717.512/w06-ms_tvpdf |

Image Segmentation with Ambrosio-Tortorelli approximation of Mumford-Shah functional
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. Image, mask and segmentation boundaries Segmentation
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Input Image Segmentation (VOC colors)

Overlay
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Input Image
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Mask R-CNN: Instance Segmentation

Original Image Vibrant Masks Combined Overlay
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Chapter 11: More Deep Learning Methods for Image
Segmentation

original Top SAM Mask Top SAM Mask overlayed

Original Image MaskCLIP Segmentation

Segmented: Car




original depth map
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Chapter 12: Image Classification and Object Detection

PCA 2D projection
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@ CNN Brain Viewer (ResNet18)

Visualize how CNNs transform images from edges — textures — semantic object parts

[3 Upload Image H ¢

Activation Heatmap

Overlay (Model Attention)

CNN Layer (0=Early — 4=Deep)

Submit
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Input Image Attention Heatmap

Input Image Swin Saliency Map Overlay

CLIP Zero-Shot Classification
Top Prediction: a photo of a parrot (1.00)
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Federated Client Data Distribution
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Similar Images with EfficientNet
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RESTAURANT

FOOD BILL

Invoice #: 1304

Date 24/04/2024
DESCRIPTION QTY RATE AMOUNT
Paneer Butter Masala 1 #180.00 ¥180.00
Veg Biryani 1 15000 #150.00
Tandoori Roti 3 f2000 ¥60.00
Gulab Jamun 2 710000 710000
CGST @ 2.5% 12.25
SGST@ 2.5% #12.25
TOTAL ¥514.50

Extracted text:

RESTAURANT
FOOD BILL

Invoice #: 1384
Date 24/04/2024

DESCRIPTION QTY RATE AMOUNT

Paneer Butter Masala 1 %180,909 2180.0809
Veg Biryani 1 %1508.006 158.00

Tandoori Roti 3 220,00 260.00

Gulab Jamun 2 198.86¢ 71006.08

CGST @ 2.5% 212.25

SGST @ 2.5% 212.25

TOTAL 7514.56

Detected Text:
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PaddleOCR High-Quality Visualization
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S 8:25,000/- 0.937
fcho | 123~56759°“l“—| @M 9: A/cNo.12345678901234 0.939
10: Signature 0.994
" 2 11: Huol 0.836
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1234560 §1234567830 T12: 234561234567890123412345629 0.966
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License plate detection with Yolo-V5 + Tesseract

original Yolo-V5 detected Tesseract extracted
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License Plate Recognition with TrTOCR

Snapchat-style Filters Applied




MediaPipe Hand Tracking (Tasks API)
Original Image Original Image Original Image

Hand Landmarks Hand Landmarks Hand Landmarks

.




Chapter 13: Generative Al in Image Processing and
Computer Vision
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Input Horse Generated Zebra




StyleGAN3 Synthetic Faces

Seed 20 Seed 95

Latent Space Interpolation
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VAE Decoding of Scaled Latents
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Input: Sketch

Output: Photorealistic

Controlnet + StableDiffusion
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A realistic Persian cat
A realistic Persian cat sitting on a sofa,
sitting on a sofa cinematic lighting

A cat A realistic cat A realistic Persian cat




4 steps




Original Inpainted
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Prompt 1: Photo of Victoria Memorial Hall in the winter. A yellow taxi is standing in front with snows over it. On the right, a
boy is taking selfie.

DALL-E 2 (Base) DALL-E 2 (Var 1) DALL-E 2 (Var 2)

DALL-E 3 (Base)
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Input Grayscale

Colorized

photorealistic







original
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replaced background
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MRI image
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HO

input drug (AMOXICILLIN) molecule

NH. CHs

New drug-like molecule generated




