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Today:
00:00) Course administration and context
00:10) History and motivation
00:20) The physics of light
00:30) Image formation and basic optics
01:00) ---- Break ----
01:15) Convolution
02:00) ---- Break ----
02:15) The digital image pipeline
02:45) ---- Break ----
03:00) Tutorial (Amit): Basic PyTorch and point ops
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* From basics to most recent SotA
* Intuition

* Hands-on

* We get to the bottom of things

* Research oriented

* Openness
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“You press the button, we do the rest”; Kodak 1888
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Convolution Filter
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LTl is always a convolution!
Proof: HW
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Distribution / Generalized function
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not that Schwartz!
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Proof : Think CLT
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Q: Given that all patches have the same norm (not realistic), where will
convolution get the highest value?

Image X Output (x = h)

Idea taken from hitps://compneuro.neuromatch.io/tutorials/W1D5


https://compneuro.neuromatch.io/tutorials/W1D5_DeepLearning/student/W1D5_Tutorial2.html

Common Convolution Filters

Box Blur (3x3) d/ox (horizontal) Sobel X
1 1 1 -1/ 0|1
) -1 1
111 % 79 -2, 0| 2
1 1 1 -1/ 0|1

o/dy (vertical)

Gaussian Blur (3x3) Sobel Y
121 -1 ~1|-2]-1
2 | 4|2 |* tr1s o|o|o
1l
1 2 1 121

Reduces noise
Averages neighbors

Simplest finite difference
Sensitive to noise

More robust gradient
Smoothing + derivative in one kernel

Basic derivative is noisy — Sobel adds Gaussian smoothing for a more stable gradient

red = negative gray = zero green = weighted



More Filters

02/0x2 + 92/dy? identity — Laplacian larger kernel = more blur

o010 0|-1/0 tjejeje|t

4 (16|24 (16| 4
1 /-4]1 -1 5 -1 6 24|36|24] 6
0 1 0 0 -1 0 4 16|24(16| 4

1|4 |6|4 1

center=1+4=5
X Z56
2nd derivative — edges at zero-crossings Boosts edges in the original image Kernel size controls blur scale
Isotropic: same in all directions "Unsharp mask" idea Foundation of scale-space theory

Sharpening = original + edges — | — aV?l (Laplacian sharpening)
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Point Spread Function

Func that describes the patigiias

Q: But didn’t we see
e approximation!
Q: What does it do to

A: Wh:
This is
iImage

e last 30 mins?!?!
olution with the

Q: Implications?

A: These are called * » a blur effect.

Q: Is this the only rea

A: No. Also diffraction. Light is a wave,
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announcement

Slide credit:
Peyman Milanfar




Digital Image Pipeline

ISO gain and RGB
raw-image - ..
5 Demoasicing
processing
Sensor with color filter array (CFA) l

(CCD/CMOS)

White-Balance &
Color

Mapping to sSRGB , , Color Space Noise
Manipulation . .
output Transform Reduction

(Photo-finishing) (CIE XYZ)

JPEG » Save to file

Comepression

* Credit: Some figures in this topic taken from Peyman Milanfar and from Michael S Brc
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The Bayer mosaic
How does light become voltage? What about color?

550 nm
700 nm
: Vmax = 2.96 X 10° m/s

No electrons
eiected

Raw image

Bryce Bayer
1976



Your eyes do it too!

Retina

Light Response of Cone Cells in Human Eye

S Cones

of object

Optical L Cones

Aqueous
_ Humor & -0.6
Qidoet Ligaments g
Ciliary S V:{treocl:rs B
um
Muscie U M Cones
Rods” o

Medium-wavelength

Long-wavelength
Cone (Bred)

Wavelength (nm)

Non-unique




Digital Image Pipeline

“ ‘ ISO gain and ‘ RGB
' ‘ raw-imege Demoasicing
processing

Sensor with color filter array (CFA)
(CCD/CMOS)

White-Balance &
Color

Mapping to SRGB : , Color Space Noise
Manipulation . .
output Transform Reduction

(Photo-finishing) (CIE XYZ)

JPEG » Save to file

Comepression
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Demosaicing

Red color plane

Green color plane

Baver RGB pattern I'

Blue color plane

-
-



Demosaicing

Red color plane

Green color plane

Baver RGB pattern II

Blue color plane

1
’
’
¢

|
]
[
]
'
1
[
Ll
'
1
'
|
¢
[
¢
¢
v
’
)

Methods:

Bilinear Edge-aware Freq. domain Deep learning



Digital Image Pipeline

- &y -

ISO gain and

raw-image ‘

processing

Sensor with color filter array (CFA)

(CCD/CMOS)
Maooi RGB Color
ap P:Ettzts ‘ Manipulation
P (Photo-finishing)

l

JPEG » Save to file

Comepression

-

RGB
Demoasicing

White-Balance &
Color Space

Transform
(CIE XYZ)

4

Noise
Reduction
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Denoising

Where does noise come from?

Digital Signal
Photon Shot || Photo Response || Dark Current || Source Follower Row Quantization
Noise N, Nonuniformity Noise N, Noise N Noise N, Noise N,

Photon Digital
Flux [ + X + Source Follower + Signal D

Bluro = 1.5
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Digital Image Pipeline

- &y -

ISO gain and

processing

Sensor with color filter array (CFA)

(CCD/CMOS)
Maooi RGB Color
ap P:Ettzts « Manipulation
P (Photo-finishing)

l

JPEG - Save to file

Comepression

raw-image ‘

RGB
Demoasicing

White-Balance &
Color Space
Transform

(CIE XYZ)

4

Noise
Reduction
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White balance

Presets

1/,

1/¢,

1/¢,|Lb.

> Q =




White balance

Presets

Sunny

2.0273 0 0
0 1.0000 0

0 0 1.3906

Daylight

2.0938 0 0
0 1.0000 0

0 0 1.5020

Daylight

2.6836 0 0
0 1.0000 0

0 0 1.5586

" Twb
Jwb

_bwb_

Nikon D7000

Incandescent
13047 0O 0

0 10000 O

0 0 22148

Canon 1D
Tungsten

1.4511 0 0
0 1.0000 0

0 0 2.3487

Sony A57K
Tungsten

1.6523 0 0
0 1.0000 0

0 0 2.7422

Shade
24922 0 0
0 10000 O
0 0 1.1367
Shade
24628 0 0
0 10000 O
0 0 12275
Shade

3.1953 0 0
0 1.0000 0
1

0 0 1.289

1/4p

ﬁ

S Q



White balance

Presets

Incandescent lighting

Fluorescent lighting

1/,

Sunlight

s ik i

Camera Flash Cloudy

Shadow

1/¢,

1/€p ]

SIS




White balance  [rwp] |1/ O
9wp | = 0 1 / 4 g

_bwb . I 0 0

Presets
Incandescc.ent lighting Fluorescent lighting Sunlight
RI
Gl
BI
Camera Flash Cloudy Shadow |

0
0

1/¢,|1b.

g
b

Automatic

Basic: Gray world / White patch

0
0

_Gavg / Ravg

0
1
0

0
0
Gavg / Bavg_




White balance [rwp] [1/¢r O 0 |rr
dwp|l=| O 1/fg 0 g
bwpl | 0 0 1/4,]Lb.

Presets

Automatic
Basic: Gray world / White patch

Incandescent lighting Fluorescent lighting Sunlight

R’ -Gavg /Ravg 0 0 R
G'| = 0 1 0 G
B’ 0 0 Gaug /Bavg_ B

Camera Flash Cloudy Shadow

sl e,

Many fancy algos. Each cam has its own




White balance

Presets

Samsung | Pixel

1/¢,

0

0 |rr

0 119

1/¢,|Lb.
Automatic

Basic: Gray world / White patch

0

1R

B
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Photo-Finishing

Dr. Stanley Stevens

showed that

most human sensations

follow a power-law relationship
between stimuli and sensation.

S — kIa «— power
Gamma / Tone curve Hurman " - exponent

sensation ConstTant \

Stimulus
intensity

P = 10p1/3

perceived brightness

radiometric power ®

Tutorial
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Photo-Finishing

S — kIa «— power Dr. Stanley Stevens
P - exponent

Gamma / Tone curve Human T \ showc:‘d that .
- most human sensations
sensation
N Constant Seimul follow a power-law relationship
A ) imu .us between stimuli and sensation.
O intensity
S
L
.20
I w—
0 X [ m—
o =
0 P = 10p1/3 :
‘0
O
[ 58
()
oo )
-
radiometric power ® v Vi)
¥:
Contrast enhancement Tutorial e
Sharpening

JPEG compression = sRGB



Digital Image Pipeline

-~ & -

ISO gain and

raw-image ‘

processing

Sensor with color filter array (CFA)

(CCD/CMOS)
Maooi RGB Color
appg\fttzts « Manipulation
P (Photo-finishing)

l

JPEG » Save to file

Comepression

-

RGB
Demoasicing

White-Balance &
Color Space

Transform
(CIE XYZ)

4

Noise
Reduction




Digital Image Pipeline

Mapping to sRGB
output

l

JPEG
Comepression

-

Manipulation
(Photo-finishing)

Save to file

ISO gain and RGB
JEY I : raw-imege Demoasicing
processing
Sensor with color filter array (CFA) ‘
(CCD/CMOS)
White-Balance &
Color

Color Space - Noise
- Transform Reduction
(CIE XYZ)

'Modern systems have >50 stages
with many “secret sauces”




Burst photography

Allgn




Burst photography

Allgn

All pipeline elements improve!

* Denolising
* Digital Zoom
* Demosaicing
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Burst photography. E.g., Demosaic

NN NN

NN NN




Burst photography. E.g., Demosaicing

Shift sensor right 1 pixel




Burst photography. E.g., Demosalclng

-~ -~ -~ -~
-~ -~ -~ -~

Shift sensor right 1 pixel

Shift sensor down 1 pixel




Burst photography. E.g., Demosalclng

Shift sensor right 1 pixel

Shift sensor down 1 pixel

Shift sensor down and right 1

)

pixel [




Burst photography. E.g., Demosaicing

Shift sensor right 1 pixel
mereemes | TN ORI T
How do we get the motion?

* Hand tremor motion
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Burst photography. E.g., Demosaicing

Shift sensor right 1 pixel

T I
How do we get the motion?

* Hand tremor motion
* Tripod? Google pixel uses lens stabilizer mechanism to induce shifts.

* Qur eyes shift too!
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That’s a wrap!

Physics of light Optics of Digital Algorithms of

image image computer vision

Teckees Rest of the
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A photon checks in to a hotel..

Thank you! T

Can I help you with )
your luggage, sir? /

Conclusion from today:

Next week:

ML basics from

" No thanks, I'm |
& .\ fraveling light!
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