Computergrafik 2:
Ubung 8

Corner-Detektoren, Bildsegmentierung



Organisation

KLAUSURANMELDUNG
(UNIWORX) NICHT
VERGESSEN!




Besprechung Ubung 7

 Anmerkungen?
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Quiz

Was ist Non-Maximum Suppression und wofur braucht
man das?

Simple Corner Detektor: auf welchem Prinzip beruht er?
Shading?

— Wie kann man Shading-Probleme beheben?

Was macht der Algorithmus von Ot=':?

Ecken:
« Segmentierung? L
— Eigenschaften? ﬁ
— Arten?
Keine Ecken:

| =
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Erkennung von Ecken

 Viele Bilderkennungsalgorithmen benotigen Merkmale,
die eine stabile Position in (x,y) haben

« Kanten sind nur in einer Richtung lokalisiert
- Ecken in zwel

« Gewunschte Eigenschaften von Merkmalen (in verschie-
denen Bildern vom gleichem Objekt / der gleichen Szene)
— Genaue Lokalisierbarkeit
— Invarianz gegenuber Rotation, Skalierung, Helligkeitsanderung
— Robust gegenuber Rauschen

Slide and illustration adapted from Bernd Girod, Digital Image Processing
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Verteilung der Gradienten

Bild 10 Scanline fx = df/dx 0 fy = df/dy 4 Gradientenbild (fx,fy)
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Verteilung der Gradienten

Scanline
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Verteilung der Gradienten in realem Bild
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Verteilung der Gradienten in Bild

Bild 10 Scanline fx = df/dx fy = df/dy 4 Gradientenbild (fx,fy)
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Gewichtete Kovarianzmatrix

) \
fo(x,y) L) f(x,y)
M= Y  wxy* o
(x,y)Ewindow \ f Y (X ’ y )f; (X ’ y ) f; (X ’ y )

/

w(x,y): Gewichtungsfunktion, z.B. Gaul3-Funktion

 Mal} fur die Starke der Ecken

C(x,y) =det(M)-k(trace(M))* = A A, —k(A +A,)’

k=10.04..0.06
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Harris Corner-Detektor: Ergebnis
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Klassifikation mittels Eigenvektoren

e 2 1T o0 1 2 3 4

———————————————
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Harris Corner Detektor: Parameter “k”
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k=0.05

« C=det(M)-ktrace(M)?=A; A, =k (A, + A,)
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Harris Corner Detektor: Parameter “k”

k=0.23 k =0.00
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« C=det(M)-ktrace(M)?=A; A, =k (A, + A,)
-2 “Sensitivity Parameter”
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Harris Corner-Detektor: Algorithmus

1. Ableitungen f, und f, berechnen

2. Elementweise Produkte der Ableitungen berechnen:
f2=1f, f2=1f, f, =1f

X

3 K : 2 f2 ' ( b |
. Konvolution von f.2, fy ’ fxy mit 1 1 1
W =
1 1 1
\ /

4. Fur jedes Pixel (x,y) definiere:

M ( ) f\'.\‘Sllm ('x’ y) f\)‘Sum ('x ’ y)
X,y)=
f\')'Sllﬂl ('x’ y) ‘f.‘\"\'Sum (x’ ,y)
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Harris Corner-Detektor: Algorithmus

5. Mal} der Eckenstarke berechnen
C(x,y)=det(M)-k(trace(M))* = A A, —k(A +A,)’

— k=0.04..0.06

6. Non-Maximum Suppression (R=2) anwenden
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Originalbild mit Harris Corners mit C > 1

Repeatability

* Invarianz gegenuber
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Algorithmus von Otsu

Normalisiertes Varianz innerhalb der Klasse minimieren
Histogramm = Varianz zwischen den Klassen maximieren
oF

fur alle k = 1..len(p;) - 1

Durchschn. Durchschn.
Grauwert Grauwert fur alle k = 1..len(p;) - 1
m1 m2

Durchschn.
Grauwert (Bild)

mg

k

= argmax(Varianz . _
zwischen C1 und C2) far alle k = 1..len(p;) - 1

max

Olzg(k) = R(k) (ml(k)_ me )2 + Pz(k) ) (mz(k) —mg )2
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Algorithmus von Otsu

T

Within Class Variance oiz‘v =W 03 + Wy n} = 0.4722 % 0.4637 4+ 0.5278 % 0.5152

= 0.4909
012345
A 6-level greyscale image and its histogram
Background .
. . 84+T4+2 .
8 Weight W = 36 = 0.4722
T +(2x2
6 Mean gy = 028+ (1 1x7 N+2x2) _ 671
. .. s ((0— 0.64?'1_)'2 x 8) +((1 — 0.6471)% x T+ ((2 - O.G«l?’l_)'2 x 2)
X Variance oj = 7
B (0.4187 x 8) + (0.1246 x 7) + (1.8304 x 2)
012345 - 17
. n . = 0.4637
8 pixels 7 pixels 2 pixels
Foreground N 64944
8 Weight W, = T 0.5278
6 Mean 1y = (3 x6)+ (4 1><99) +(5x4) _ 5 8047
44 L. o ((3—3.8947)% x 6) +((4— 3.8947‘)2 x9)+ ((5— 3.8947)2 x 4)
Variance oy = 9
2_
B (4.8033 x 6) + (0.0997 x 9) + (4.8864 x 4)
5172345 - 19
R _ _ =0.5152
6 pixels 9 pixels 4 pixels

[http://www.labbookpages.co.uk/software/imgProc/otsuThreshold.html]
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Algorithmus von Otsu

Threshold T=0 T=1 T=2

Weight, Background = Result of Otsu’s Method
Mean, Background

Variance, Background
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Numpy: ndimage Library

* http://docs.scipy.org/doc/scipy/reference/ndimage.html

0] f @

() docs.scipy.org/doc/scipy/reference/ndimage.html

Numpy and Scipy Documentation » SciPy v0.10.dev Reference Guide (DRAFT) » previous | next | modules | modules | index r
Multi-dimensional image processing (scipy.ndimage)

This package contains various functions for multi-dimensional image processing.

Filters scipy.ndimage.filters

convolve (input, weights|, output, mode, ...]) Multi-dimensional convolution.

convolveld(input, weights], axis, output, ...])  Calculate a one-dimensional convolution along the given axis.
correlate(input, weights[, output, mode, ...)  Multi-dimensional correlation.

correlateld(input, weights], axis, output, ...])  Calculate a one-dimensional correlation along the given axis.

Table Of Contents gaussian_ti1ter(input, sigmal, order, ...]) Multi-dimensional Gaussian filter.
Multi-dimensional image gaussian_filterid(input, sigmal, axis, ...]) One-dimensional Gaussian filter.
processing (scipy.ndimage) gaussian_gradient_magnitude(input, sigmal, ...]) Calculate a multidimensional gradient magnitude using gaussian derivatives.
’:E‘ie's dimace. filtere gaussian_laplace(input, sigmal, output, ...]) Calculate a multidimensional laplace filter using gaussian second derivatives. o
Fouprfér nner: ' generic_tilter(input, functionl, size, ...]) Calculates a multi-dimensional filter using the given function.
I‘r:l*ei;;gl‘;[‘i::‘-“- ke generic_tilterid(input, function, filter_size)  Calculate a one-dimensional filter along the given axis.
scipy.ndimage.interpolation  generic_gradient_magnitude(input, derivative) Calculate a gradient magnitude using the provided function for the gradient.
Measurements generic_laplace(input, derivative?|, ...]) Calculate a multidimensional laplace filter using the provided second derivative function.
scipy.ndimage.measurements A S N B N " - . -
Morphology 1ap1ace(input], output, mode, cval]) Calculate a multidimensional laplace filter using an estimation for the second derivative based on
scipy.ndimage.morphology differences.
Utility maximun_ti1ter(input], size, footprint, ...]) Calculates a multi-dimensional maximum filter.
Previous topic maximum_filterid(input, size[, axis, ...]) Calculate a one-dimensional maximum filter along the given axis.
scipy.misc.toimage median_tilter(input], size, footprint, ...]) Calculates a multi-dimensional median filter.
X minimum_filter(input], size, footprint, ...]) Calculates a multi-dimensional minimum filter.
Next topic minimum_tilterid(iNput, size[, axis, ...)) Calculate a one-dimensional minimum filter along the given axis.
scipy.ndimage filters.convolve percentile_tilter(input, percentile, size, ..]) Calculates a multi-dimensional percentile filter.
This Page prewitt (input], axis, output, mode, cval]) Calculate a Prewitt filter.
rank_tilter(input, rank|, size, footprint, ...]) Calculates a multi-dimensional rank filter.
ST ERIE sobe1 (input], axis, output, mode, cval]) Calculate a Sobel filter.
Edit page uniform_tilter(input], size, output, mode, ...J) Multi-dimensional uniform filter.
Quick search uniform_tilterid(input, size[, axis, ...]) Calculate a one-dimensional uniform filter along the given axis.
= Fourier filters scipy.ndimage. fourier
D NI fourier_ellipsoid(input, size[, n, axis, output]) Multi-dimensional ellipsoid fourier filter.
class or function name. ' fourier_gaussian(input, sigmal, n, axis, output]) Multi-dimensional Gaussian fourier filter.
tourier_shift(input, shiftf, n, axis, output]) Multi-dimensional fourier shift filter. 4
tourier uniform(input, size[, n, axis, output]) Multi-dimensional uniform fourier filter. v
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Numpy: Array-Sortierung

« Mit index-Arrays lasst sich der Sortierschlussel
bestimmen
A.shape = (<n>,3)
A[A[:,2].argsort(), :]
—> Sortiert alle Eintrage aus a nach dem 3. Eintrag

 Alternativ: Python itemgetter und sorted() verwenden
from operator import itemgetter

sorted items = sorted(A, key=itemgetter(2), reverse =
True)
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Numpy: Nutzliche Funktionen

* Rotation
f = scipy.ndimage.rotate(img, alpha, reshape=False,
mode=‘nearest’)

mode : Beschreibt, wie Randpunkte “aufgefullt” werden

« Skalierung
f = scipy.ndimage.zoom(img, scale, mode=‘nearest’)

* Text
plt.text(x,y, str(label), color=‘red’)
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