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Today’s lecture

* Why do we care about image gradients?
* Computing image gradients

* Sobel filters

* Gradient magnitude and directions

* Visualizing image gradients
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Derlvative
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Finite-difference approximation
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Use finite difference approximation to compute
Image derivatives
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Use finite difference approximation to compute
Image derivatives

df Af fG+D—f@)

~— = — 1) —
dx Ax (x+1)—x flr+ 1) =f(x)
I = 1 1 9 8 6 0 0
2 3 4 5 6
I = 0 8 -1 2 6 0 ?

Faisal Qureshi - CSCI 3240U



Partial derivatives £ y)

ﬂh Ce

p

*,y)

Faisal Qureshi - CSCI 3240U



Image derivatives in x and y directions
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Image gradient VI
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Gradient direction and magnitude




Filters for computing image derivatives
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Image gradients

* Image derivatives and gradients highlight edge pixels
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Image gradients

* Image derivatives and gradients highlight edge pixels

Circle X derivative Y derivative
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Visualizing image gradients

» Use color to visualize gradients (or any 2D field)
http://csundergrad.science.uoit.ca/courses/cv-notes/notebooks/07-image-derivatives.html
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Image noise and gradients
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Noisy signal

Using gradient to find edges in the noisy signal
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Computing gradients in practice

e Gaussian blur the signal before computing gradients

Signal smoothed with Gaussian

Derivative of smoothed signal
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Computing gradients in practice

* Option 1
* Filter the signal with a Gaussian kernel
 Filter the signal with an appropriate kernel to compute gradient
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Signal smoothed with Gaussian
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First derivative of the signal

Computing gradients in practice

e Option 2: use superposition principle
 Compute derivative of the Gaussian filter and store the result
* Filter the (noisy) signal with derivative of the Gaussian

Gaussian A
15t derivative of the Gaussian /\/ *

Stored
Saves one convolution at runtime —
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summary

* Image gradients
* Finite-difference approximation filters
* Gradient magnitude and direction

* Image noise and gradients



