Intensity Surfaces and Gradients

CS 4391 Introduction Computer Vision
Professor Yu Xiang

The University of Texas at Dallas

Some slides of this lecture are courtesy Robert Collins (PSU)




Image Data

HxW x3 H < W

Grayscale
[0, 255]
RGB color space

[0, 255] ©.2989 * R + ©.5870 * G + ©.1140 * B




Images as Surfaces

Surface height

proportional to

pixel grey value

(dark=low, light

—high)
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l/mages as Functions
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Derivative

* Derivative of a 1D function f’(;(;) — %jm f(.:U T h})L _ f(x)
—0

The slope of the tangent line is
equal to the derivative of the
function at the marked point.



https://en.wikipedia.org/wiki/Slope

Derivative

f(x)=100-0.5*x2  df(x)/dx =-x

1gure
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Partial Derivative

 Multivariable function

9, . flai,.--,ai0,0; + hyai,. .. a,) — flag,- .-, ai,. -5 a,)
f(a) = lim
3333' h—0 h
. fla+ he;) — f(a)
= lim .
h—0 h

* Example  f(z,y) =2 + zy + ¢’

* Total differential dy = ﬁdﬂ:l et % dz.,
01 ox,,




Gradient

* For a function f:R™ — R, gradient at a point p = (z1,...,z,)

- o -
TM(P)

Vi) = :
4 (p)

 Gradient vs. total differential

dfy = [ 52(®) - 5=()]




1D Gradient

f(x)=100-0.5*x"2  df(x)/dx =-x
2L =1
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1D Gradient

f(x)=100-0.5*x2  df(x)/dx =- x[|

Gradients Gradients
on this side on this side
of peak are of peak are
positive negative

Note: Sign of gradient at point tells you
what direction to go to travel “uphill”




2D Gradient
f(x,y) =100 - 0.5 * x*2 - 0.5 * y"2

The gradient indicates the

df(X,y)/ dx = -x df(X,Y)/ dy = -y direction of steepest ascent.
Gradient = [di(x,y)/dx , di(x,y)/dy]=[-X,-¥]




2D Gradient
Let g=[g,.g,] be the gradient

vector at point/pixel (X4,y)
Vector g points uphill

(direction of steepest ascent)

Vector - g points downhill

(direction of steepest descent)

Vector [g,, -g,] 1s perpendicular,
and denotes direction of constant
elevation. 1.e. normal to contour
line passing through point (x,,y,)




Image Gradient

The same is true of 2D image gradients.

The underlying function is numerical
(tabulated) rather than algebraic. So
need numerical derivatives.

1/21/2024 Yu Xiang 19



Image Gradient

e Derivative of a function f’(aj) — %im fla+ h}z — f(@)
—0

* Central difference is more accurate

(z) = lim f(x 4+ 0.5h) — f(x — 0.5h)

h—0 h




Image Gradient
=TT

I(x+Ly) - I(x-1,y) e
2 A
Partial derivative wrt x "z
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Image Gradient

\JF

o

Gradient Vector:

VI =[ oL, 4

Vil =/(85)°+ (3)°
Magnitude:

0 = atanQ(g;, gi)

Orientation




Further Reading

e Chapter 3.1, Richard Szeliski

* Slope https://en.wikipedia.org/wiki/Slope

e Gradient https://en.wikipedia.org/wiki/Gradient

* Matplotlib 3D surface:
https://matplotlib.org/stable/gallery/mplot3d/surface3d.html



https://en.wikipedia.org/wiki/Slope
https://en.wikipedia.org/wiki/Gradient
https://matplotlib.org/stable/gallery/mplot3d/surface3d.html
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