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Electrical and Computer Engineering
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The Makeover of My First Image
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The Makeover of My First Image
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The Makeover of My First Image

The Makeover of My First Image
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The Makeover of My First Image

Image processing vs. Image detection
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This class

Zisserman

Image Processing – Why?
• Main Objective: Image Enhancement

• Why?
• Further processing
• Aesthetic
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What is image enhancement?

• How to improve contrast ?

What is image enhancement?

• How to improve contrast ?

• How to sharpen edges?

Original image: http://www.rd.com/advice/pets/how-to-decode-your-cats-behavior/
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What is image enhancement?

• How to improve contrast ?

• How to sharpen edges?

• How to reduce noise?

https://leegihan.wordpress.com/category/the-best-noise-reduction/

What is image enhancement?

• How to improve contrast ?

• How to sharpen edges?

• How to reduce noise?

• How to remove shadows ?
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What is image enhancement?

• How to improve contrast ?

• How to sharpen edges?

• How to reduce noise?

• How to remove shadows ?

• How to do deblurring?

What is image enhancement?

• How to improve contrast ?

• How to sharpen edges?

• How to reduce noise?

• How to remove shadows ?

• How to do deblurring?

• How to do impainting?
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Sampling and Quantization

Intensity quantization 
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Spatial sampling

Some numbers
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http://gigapan.com

https://www.google.com/culturalinstitute/about/artproject/
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Not-My-Cat Image

Images as functions
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Point (Pixelwise) Operation

Pixelwise operation: Negative
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Pixelwise operation: power low 
transformation

Image Enhancement
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Point operation: Histograms

Point Operation: Intensity Map
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Contrast Stretching

Cumulative Histograms
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Histogram Equalization

Histogram Equalization
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Histogram Equalization (flatening)

Histogram Equalization
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Histogram Equalization

Histogram Equalization
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Histogram Equalization

Normalized Intensity Histogram

Natural image:  
PI(k) , Pr(I(x) = k)

<latexit sha1_base64="2wlt5Wm/XkZIiOVov0LcBNMWUak=">AAACEHicbVDLSsNAFJ3UV62vqEs3g0VsNyWpgm6Eohu7i2Af0IYwmU7aoZNJnJmIJfQT3Pgrblwo4talO//GSduFth64cDjnXu69x48Zlcqyvo3c0vLK6lp+vbCxubW9Y+7uNWWUCEwaOGKRaPtIEkY5aSiqGGnHgqDQZ6TlD68yv3VPhKQRv1WjmLgh6nMaUIyUljzz2PHqpWEZdpWgiPcZuYOOKNVL3RCpgR+kD+MyvIDDsmcWrYo1AVwk9owUwQyOZ351exFOQsIVZkjKjm3Fyk2RUBQzMi50E0lihIeoTzqachQS6aaTh8bwSCs9GERCF1dwov6eSFEo5Sj0dWd2p5z3MvE/r5Oo4NxNKY8TRTieLgoSBlUEs3RgjwqCFRtpgrCg+laIB0ggrHSGBR2CPf/yImlWK/ZJpXpzWqxdzuLIgwNwCErABmegBq6BAxoAg0fwDF7Bm/FkvBjvxse0NWfMZvbBHxifP7f0mx8=</latexit>

x 2 ⌦, I(x) = k, k 2 {0, 1, . . . ,K � 1}
<latexit sha1_base64="5OM+PWNktakhHbO6dgZ+yfzkUsI="></latexit>

Mor Avi-Aharon et al
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Difference between histograms

Histogram Representation

µk
<latexit sha1_base64="tNKhBjm/Y/e8f2q69J0FsyuxEH4=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWMENwkkS5idzCZDZmaXeQhhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFGWfa+P63t7a+sbm1Xdop7+7tHxxWjo5bOrWK0JCkPFWdGGvKmaShYYbTTqYoFjGn7Xh8N/PbT1RplspHM8loJPBQsoQRbJwU9oTtj/uVql/z50CrJChIFQo0+5Wv3iAlVlBpCMdadwM/M1GOlWGE02m5ZzXNMBnjIe06KrGgOsrnx07RuVMGKEmVK2nQXP09kWOh9UTErlNgM9LL3kz8z+tak9xEOZOZNVSSxaLEcmRSNPscDZiixPCJI5go5m5FZIQVJsblU3YhBMsvr5JWvRZc1uoPV9XGbRFHCU7hDC4ggGtowD00IQQCDJ7hFd486b14797HonXNK2ZO4A+8zx/dkI64</latexit>

h = {µk, PI(k)}K�1
k=0

<latexit sha1_base64="ccfzfUNHhQBKZ1Q9/oVcx38sBXE=">AAACE3icbVDLSsNAFJ3UV62vqEs3g0WooiWpgm4KRTeKmwr2AU0Mk+mkHTJ5MDMRSsg/uPFX3LhQxK0bd/6N0zYLtR4YOJxzL3fOcWNGhTSML60wN7+wuFRcLq2srq1v6JtbbRElHJMWjljEuy4ShNGQtCSVjHRjTlDgMtJx/Yux37knXNAovJWjmNgBGoTUoxhJJTn6gRUgOXS9dJjBOrRSK0gc/xA2nauKv29lTurXjewuvT4yM0cvG1VjAjhLzJyUQY6mo39a/QgnAQklZkiInmnE0k4RlxQzkpWsRJAYYR8NSE/REAVE2OkkUwb3lNKHXsTVCyWcqD83UhQIMQpcNTlOIP56Y/E/r5dI78xOaRgnkoR4eshLGJQRHBcE+5QTLNlIEYQ5VX+FeIg4wlLVWFIlmH8jz5J2rWoeV2s3J+XGeV5HEeyAXVABJjgFDXAJmqAFMHgAT+AFvGqP2rP2pr1PRwtavrMNfkH7+AbkXpzk</latexit>

PI(k) =
1

N

X

x2⌦

⇧k(I(x))
<latexit sha1_base64="GK5bxeO7XTRL4nuncMXRwkl/kZU="></latexit>

PI(k)
<latexit sha1_base64="5txmmo8eCxczg0Mdoz4NVwfZ3iM=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6EVvFewHtEvJptk2NpssSVYoS/+DFw+KePX/ePPfmLZ70NYHA4/3ZpiZF8ScaeO6305ubX1jcyu/XdjZ3ds/KB4etbRMFKFNIrlUnQBrypmgTcMMp51YURwFnLaD8c3Mbz9RpZkUD2YSUz/CQ8FCRrCxUqvRvyuPz/vFkltx50CrxMtICTI0+sWv3kCSJKLCEI617npubPwUK8MIp9NCL9E0xmSMh7RrqcAR1X46v3aKzqwyQKFUtoRBc/X3RIojrSdRYDsjbEZ62ZuJ/3ndxIRXfspEnBgqyGJRmHBkJJq9jgZMUWL4xBJMFLO3IjLCChNjAyrYELzll1dJq1rxapXq/UWpfp3FkYcTOIUyeHAJdbiFBjSBwCM8wyu8OdJ5cd6dj0VrzslmjuEPnM8fg86Obg==</latexit>

Mor Avi-Aharon et al
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Earth Mover’s Distance (Wasserstein Distance)

Compare in this direction Not only in this direction

Mor Avi-Aharon et al

Earth Mover’s Distance (Wasserstein Distance)

Rubner, Tomasi, and Guibas, ICCV, 1998.

dk1,k2
<latexit sha1_base64="iwwQ0u1yKL8uuqtKyMXOJr+vWCE=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBg5SkCnosevFYwX5AG8Jms2mXbDZxd1Moob/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM81POlLbtb6u0tr6xuVXeruzs7u0fVA+POirJJKFtkvBE9nysKGeCtjXTnPZSSXHsc9r1o7uZ3x1TqVgiHvUkpW6Mh4KFjGBtJDfw8shzLiKvMUXIq9bsuj0HWiVOQWpQoOVVvwZBQrKYCk04Vqrv2Kl2cyw1I5xOK4NM0RSTCA9p31CBY6rcfH70FJ0ZJUBhIk0Jjebq74kcx0pNYt90xliP1LI3E//z+pkOb9yciTTTVJDFojDjSCdolgAKmKRE84khmEhmbkVkhCUm2uRUMSE4yy+vkk6j7lzWGw9XteZtEUcZTuAUzsGBa2jCPbSgDQSe4Ble4c0aWy/Wu/WxaC1Zxcwx/IH1+QNGu5Ee</latexit>

µk1<latexit sha1_base64="PHOC8dOwA4vhw8mQlLxUTxBnef4=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ie0IWy2m3bp7ibsboQS+iu8eFDEqz/Hm//GbZqDtj4YeLw3w8y8MOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo+NUEdomMY9VL8SaciZp2zDDaS9RFIuQ0244uZ373SeqNIvlg5km1Bd4JFnECDZWehyINMgmgTcLqjW37uZAq8QrSA0KtILq12AYk1RQaQjHWvc9NzF+hpVhhNNZZZBqmmAywSPat1RiQbWf5QfP0JlVhiiKlS1pUK7+nsiw0HoqQtspsBnrZW8u/uf1UxNd+xmTSWqoJItFUcqRidH8ezRkihLDp5Zgopi9FZExVpgYm1HFhuAtv7xKOo26d1Fv3F/WmjdFHGU4gVM4Bw+uoAl30II2EBDwDK/w5ijnxXl3PhatJaeYOYY/cD5/AM4pkGg=</latexit>

µk2<latexit sha1_base64="jF2zKNolsL9SwJEg7kev6HSxAxk=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ie0IWy2m3bp7ibsboQS+iu8eFDEqz/Hm//GbZqDtj4YeLw3w8y8MOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo+NUEdomMY9VL8SaciZp2zDDaS9RFIuQ0244uZ373SeqNIvlg5km1Bd4JFnECDZWehyINMgmQWMWVGtu3c2BVolXkBoUaAXVr8EwJqmg0hCOte57bmL8DCvDCKezyiDVNMFkgke0b6nEgmo/yw+eoTOrDFEUK1vSoFz9PZFhofVUhLZTYDPWy95c/M/rpya69jMmk9RQSRaLopQjE6P592jIFCWGTy3BRDF7KyJjrDAxNqOKDcFbfnmVdBp176LeuL+sNW+KOMpwAqdwDh5cQRPuoAVtICDgGV7hzVHOi/PufCxaS04xcwx/4Hz+AM+ukGk=</latexit>

dk1,k2 distance between µk1 , µk2
<latexit sha1_base64="BipqxFpZmVzXDNgNgKKdk1O9RvQ=">AAACIXicbVDLSgMxFM34rPU16tJNsAguSpmpgi5FNy4rWFtoy5DJ3NbQJDMkGbUM009x46+4caFId+LPmNZZ+DoQOJxzLjf3hAln2njeuzM3v7C4tFxaKa+urW9sulvb1zpOFYUmjXms2iHRwJmEpmGGQztRQETIoRUOz6d+6xaUZrG8MqMEeoIMJOszSoyVAvckCrJh4FeHQT0f464I4/sssmuJpIBDMHcAMh93RTqL5dWC1fPArXg1bwb8l/gFqaACjcCddKOYpgKkoZxo3fG9xPQyogyjHPJyN9WQEDokA+hYKokA3ctmF+Z43yoR7sfKPmnwTP0+kRGh9UiENimIudG/van4n9dJTf+klzGZpAYk/VrUTzk2MZ7WhSOmgBo+soRQxexfMb0hilBjSy3bEvzfJ/8l1/Waf1irXx5VTs+KOkpoF+2hA+SjY3SKLlADNRFFD+gJvaBX59F5dt6cyVd0zilmdtAPOB+fxG2khQ==</latexit>

fk1,k2 mass transported between µk1 , µk2
<latexit sha1_base64="pRGY3eAhgAS5LTQRbNddhoRN6wU="></latexit>

W(h1,h2, F ) =
K�1X

k1=0

K�1X

k2=0

dk1,k2fk1,k2

<latexit sha1_base64="7EG1pyppjmr8o6FoPeQo0eXeU24="></latexit>

fk1,k2 � 0 for each k1, k2
<latexit sha1_base64="yrbhwm2nR613fEgB8yb5bMhoDok=">AAACF3icbVC7TsMwFHXKq5RXgZHFokJiQFVSkGCsYGEsEn1IbRU57k1r1YmD7SCqqP0KFn6FhQGEWGHjb3DaDNByBuvonHPle48Xcaa0bX9buaXlldW1/HphY3Nre6e4u9dQIpYU6lRwIVseUcBZCHXNNIdWJIEEHoemN7xK/eY9SMVEeKtHEXQD0g+ZzyjRRnKLZd9Nhq5zMnQrY9zpwx228aQTeOIh8YXEQOhgPMFpwjwV7BZLdtmeAi8SJyMllKHmFr86PUHjAEJNOVGq7diR7iZEakY5jAudWEFE6JD0oW1oSAJQ3WR61xgfGaWH0z18EWo8VX9PJCRQahR4JhkQPVDzXir+57Vj7V90ExZGsYaQzj7yY461wGlJuMckUM1HhhAqmdkV0wGRhGpTZcGU4MyfvEgalbJzWq7cnJWql1kdeXSADtExctA5qqJrVEN1RNEjekav6M16sl6sd+tjFs1Z2cw++gPr8wcoX54F</latexit>

K�1X

k1=0

fk1,k2  PI2(k2) for all k2
<latexit sha1_base64="YGCZuJj29QzSNVZ2pxqwG3/tKVE="></latexit>

K�1X

k2=0

fk1,k2  PI1(k1) for all k1
<latexit sha1_base64="XXZpbZ/xwov8kz4PL8lpTmbR6bA="></latexit>

K�1X

k1=0

K�1X

k2=0

fk1,k2 = min
nK�1X

k1=0

PI1(k1),
K�1X

k2=0

PI2(k2)
o

<latexit sha1_base64="wkyQa8lvqNbQCg9+FyOJkv7utpY="></latexit>

EMD	constraints:	

dk1,k2
<latexit sha1_base64="iwwQ0u1yKL8uuqtKyMXOJr+vWCE=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBg5SkCnosevFYwX5AG8Jms2mXbDZxd1Moob/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM81POlLbtb6u0tr6xuVXeruzs7u0fVA+POirJJKFtkvBE9nysKGeCtjXTnPZSSXHsc9r1o7uZ3x1TqVgiHvUkpW6Mh4KFjGBtJDfw8shzLiKvMUXIq9bsuj0HWiVOQWpQoOVVvwZBQrKYCk04Vqrv2Kl2cyw1I5xOK4NM0RSTCA9p31CBY6rcfH70FJ0ZJUBhIk0Jjebq74kcx0pNYt90xliP1LI3E//z+pkOb9yciTTTVJDFojDjSCdolgAKmKRE84khmEhmbkVkhCUm2uRUMSE4yy+vkk6j7lzWGw9XteZtEUcZTuAUzsGBa2jCPbSgDQSe4Ble4c0aWy/Wu/WxaC1Zxcwx/IH1+QNGu5Ee</latexit>

µk1<latexit sha1_base64="PHOC8dOwA4vhw8mQlLxUTxBnef4=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ie0IWy2m3bp7ibsboQS+iu8eFDEqz/Hm//GbZqDtj4YeLw3w8y8MOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo+NUEdomMY9VL8SaciZp2zDDaS9RFIuQ0244uZ373SeqNIvlg5km1Bd4JFnECDZWehyINMgmgTcLqjW37uZAq8QrSA0KtILq12AYk1RQaQjHWvc9NzF+hpVhhNNZZZBqmmAywSPat1RiQbWf5QfP0JlVhiiKlS1pUK7+nsiw0HoqQtspsBnrZW8u/uf1UxNd+xmTSWqoJItFUcqRidH8ezRkihLDp5Zgopi9FZExVpgYm1HFhuAtv7xKOo26d1Fv3F/WmjdFHGU4gVM4Bw+uoAl30II2EBDwDK/w5ijnxXl3PhatJaeYOYY/cD5/AM4pkGg=</latexit>

Mor Avi-Aharon et al
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Earth Mover’s Distance (Wasserstein Distance)

• The EMD between               is the minimum cost of 
work that satisfies the constraints normalized by the 
total flow:

• ,

→ EMD is equivalent to Mallows distance:

where, CDF(·) is the cumulative density function.

Levina and	Bickel.	ICCV	2001.

50 38/

Mor Avi-Aharon et al

Temporal Averaging
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Temporal Averaging

Temporal Averaging
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Spatial Operation

Image Filtering
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Image filtering

• Compute function of local neighborhood at each 
position

],[],[],[
,

lnkmIlkfnmh
lk

++=å

James Hays

I=imagef=filterh=output

111

111

111

Slide credit: David Lowe (UBC)

],[ ××f

Example:	box	
filter

Image filtering
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Credit: S. Seitz
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lnkmIlkfnmh
lk
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Credit: S. Seitz
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Credit: S. Seitz
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What does it do?
• Replaces each pixel with 

an average of its 
neighborhood

• Achieve smoothing effect 
(remove sharp features)

111

111

111

Slide credit: David Lowe (UBC)

],[ ××f

Box	Filter

What does it do?
• Replaces each pixel with 

an average of its 
neighborhood

• Achieve smoothing effect 
(remove sharp features)

• Why does it sum to one?

111

111

111

Slide credit: David Lowe (UBC)

],[ ××f

Box	Filter
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Smoothing	with	box	filter

James Hays

Image filtering
• Compute function of local neighborhood at each 

position

• Really important!
• Enhance images

• Denoise, resize, increase contrast, etc.
• Extract information from images

• Texture, edges, distinctive points, etc.
• Detect patterns

• Template matching

],[],[],[
,

lnkmIlkfnmh
lk

++=å

James Hays
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Linear Filters

000

010

000

1.

000

100

000

2.

-101
-202
-101

111
111
111

000
020
000 -

3.

4.

1. Practice with linear filters

000

010

000

Original

?

Source: D. Lowe
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1. Practice with linear filters

000

010

000

Original Filtered 
(no change)

Source: D. Lowe

2. Practice with linear filters

000

100

000

Original

?

Source: D. Lowe
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2. Practice with linear filters

000

100

000

Original Shifted left
By 1 pixel

Source: D. Lowe

3. Practice with linear filters

-101

-202

-101

Vertical Edge
(absolute value)

Sobel

David Lowe



10/28/20

38

3. Practice with linear filters

-1-2-1

000

121

Horizontal Edge
(absolute value)

Sobel

David Lowe

4. Practice with linear filters

Original

111
111
111

000
020
000 - ?

(Note that filter sums to 1)

Source: D. Lowe
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4. Practice with linear filters

Original

111
111
111

000
020
000 -

Sharpening filter
- Accentuates differences with local 
average

Source: D. Lowe

4. Practice with linear filters

Source: D. Lowe

Sharpening
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Filtering: Correlation vs. Convolution
• 2d correlation

h=filter2(f,I); or h=imfilter(I,f);

],[],[],[
,

lnkmIlkfnmh
lk

++=å

James Hays

Filtering: Correlation vs. Convolution
• 2d correlation

h=filter2(f,I); or h=imfilter(I,f);

• 2d convolution
h=conv2(f,I);

],[],[],[
,

lnkmIlkfnmh
lk

--=å

],[],[],[
,

lnkmIlkfnmh
lk

++=å

conv2(I,f)is the same as filter2(rot90(f,2),I)
Correlation and convolution are identical when the filter is symmetric.

James Hays
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Key properties of linear filters
Linearity:
imfilter(I, f1 + f2) = 

imfilter(I,f1) + imfilter(I,f2)

Shift invariance: same behavior regardless of pixel 
location
imfilter(I,shift(f)) = shift(imfilter(I,f))

Any linear, shift-invariant operator can be represented as a 
convolution

Source: S. Lazebnik

Convolution properties
• Commutative: a * b = b * a

• Conceptually no difference between filter and signal
• But particular filtering implementations might break this 

equality, e.g., image edges

• Associative: a * (b * c) = (a * b) * c
• Often apply several filters one after another: (((a * b1) * b2) * 

b3)
• This is equivalent to applying one filter: a * (b1 * b2 * b3)
• Correlation is _not_ associative (rotation effect)
• Why important?

Source: S. Lazebnik
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Convolution properties
• Commutative: a * b = b * a

• Conceptually no difference between filter and signal
• But particular filtering implementations might break this equality, 

e.g., image edges

• Associative: a * (b * c) = (a * b) * c
• Often apply several filters one after another: (((a * b1) * b2) * b3)
• This is equivalent to applying one filter: a * (b1 * b2 * b3)
• Correlation is _not_ associative (rotation effect)
• Why important?

• Distributes over addition: a * (b + c) = (a * b) + (a * c)

• Scalars factor out: ka * b = a * kb = k (a * b)

• Identity: unit impulse e = [0, 0, 1, 0, 0], a * e = a
Source: S. Lazebnik

• Weight contributions of neighboring pixels by nearness

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

5 x 5, s = 1

Slide credit: Christopher Rasmussen

Important	filter:	Gaussian

x y

x

y
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Smoothing	with	Gaussian	filter

James Hays

Smoothing	with	box	filter

James Hays
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Gaussian filters
• Remove “high-frequency” components from the image 

(low-pass filter)
• Images become more smooth

• Convolution with self is another Gaussian
– So can smooth with small-width kernel, repeat, and get same result 

as larger-width kernel would have
– Convolving two times with Gaussian kernel of width σ is same as 

convolving once with kernel of width  σ√2 
• Separable kernel

– Factors into product of two 1D Gaussians

Source: K. Grauman

Separability of the Gaussian filter

Source: D. Lowe
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Separability example

*

*

=

=

2D convolution
(center location only)

Source: K. Grauman

The filter factors
into a product of 1D

filters:

Perform convolution
along rows:

Followed by convolution
along the remaining column:

=

Separability
• Why is separability useful in practice?
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Separability
• Why is separability useful in practice?
• If K is width of convolution kernel:

• 2D convolution = K2 multiply-add operations
• 2x 1D convolution: 2K multiply-add operations

How big should the filter be?
• Values at edges should be near zero
• Gaussians have infinite extent…
• Rule of thumb for Gaussian: set filter half-width to 
about 3 σ

Practical matters

James Hays
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Practical matters
• What about near the edge?

• the filter window falls off the edge of the image
• need to extrapolate
• methods:

• clip filter (black)
• wrap around
• copy edge
• reflect across edge

Source: S. Marschner

Computing Derivatives using Linear 
Filters
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Computing Derivatives using Linear 
Filters

Computing Derivatives using Linear 
Filters

Solution?
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Computing Derivatives using Linear 
Filters

Computing Derivatives using Linear 
Filters
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Computing Derivatives using Linear 
Filters

Computing Derivatives using Linear 
Filters
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Computing Derivatives using Linear 
Filters

Computing Derivatives using Linear 
Filters
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Computing Derivatives using Linear 
Filters

Computing Derivatives using Linear 
Filters
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Filtering: summary

Bonus Question: Image Enhancement

• Take an image (any image, but preferably one’s that 

needs enhancement) and enhance it.

• Use what learned in this class to do so

• Plot the “before” and “after”

• Plot its derivatives before and after

• Matlab code is needed

• 3 Best works in class get 1 bonus point
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Next Class

Colors

Frequency

Links to Some Last Year Projects
• Supermarket

• AirDrums

• BallBounce

• PizzaPlanner

• VirtualShooting


