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Feature Extraction (Vision): Tools

Conditioning
Suppresses noise

Background normalization by suppressing uninteresting systematattermed
variations

Done by:
gray-scale modification (e.g. trasholding)
(low pass) filtering
Labeling

Determination of the spatial arrangement of the events,dagching for a
structure

Grouping
Identification of the events by collecting together pixel pigiditing in the same
kind of event

Extracting
Compute a list of properties for each group

Matching (see chapter 5)

© R. Siegwart, |. Nourbakhsh
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Images are Discrete Functions!

Digital images areliscretefunctions that correspond to the average
scene luminance as perceived by the camera over a pétiogo

Discrete spatially

Discrete quantization

©J. R. Spletzer
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Since Images are Signals...

They can be corrupted
Subject torandom and additivaoise €.g.from electronics)
Often assumed to be zero-mean Gaussian
Mathematical convenience
Some theoretical basis

1 _(xm?
2
f(x) = =@ 2s
2ps
©J. R. Spletzer
Effects of Gaussian Noise E3)
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Also from Impulsive Noise

Aka “salt & pepper” noise

Less chronic but more acute than Gaussian noise
Causes:

Transmission errors

Faulty CCD elements

External noise in AD conversion
Algorithm artifacts

©J. R. Spletzer
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Convolution

Definition:

fxgo f(r)g(t-¢)de

-¥

Q: What is the result of the convolution of 2 funog?
A: Another function.

hO)=f*g@ f()g(t-2)dt

¥
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So What Exactly does Convolution Do?

For a given value af
Take the mirror ofy [g(-¢)

Shift it by a given value of 9(t= %)
Multiply byf(t) [f(£)o(t- )

Integrate from[-¥ ¥ ]

¥

h(t)=  f(£)g(t- ¢)ds

- ¥

Repeat for every value ofrom [-¥ ¥ ]

Since our images are only defined over a finite regionyange of
t will be limited
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Sample Convolutions

http://mathworld.wolfram.com/Convolution.html
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Fun with Gaussians!

The convolution of 2 gaussians function is itsejfaassian
Convolution can be used to motivate the centrat iheorem
Convolve 2 equally sized rectangle functions

©J. R. Spletzer
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More fun with Gaussians!

Now convolve the rectangle function with the residlthe initial
convolution

Is this starting to look familiar?
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Discrete Convolution

For discrete functions, integration is replacedtsummation
Discrete convolution can then be defined as:

hty=" T(2)g(t- 1)

t

In our case, the functidnwill correspond to our image amgthe
filter kernelthat we will use to suppress noise

©J. R. Spletzer
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Kernels are Just Discrete Functions!

A filter kernelor maskis ann x marray of numbers

It is no different than an image in that it is aalete function
defined over the x marray and O everywhere else

1-D Example:
Kernel is [-1 0 1]

Im1 Im2
10 11 5 5
B =10(- 1) +11(0) +11(1) [ ]
2 [0 Jis | o 1o o
13 |13 |28 | o o To
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Noise Filtering: Gaussian Smoothing

Linear filter, low-pass filter
Based upon Gaussian distributions

Typically use a 5x5 (min and max)
Subtends 98.8% of the area wherl pixel
Because of discretization, some high frequencyensisiot attenuated

©J. R. Spletzer
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Generating Gaussian Kernels

Discrete 1-D kernel coefficients can be generatechfPascal’s triangle

2-D coefficients can be obtained from convolving-P kernels
(horizontal & vertical components)

1 121

h2qdc2=202 4>
16

1 121
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Filtering and Edge Detection

Gaussian Smoothing
Removes high-frequency noise n
Convolution of intensity image | with G: / = G ® [

| 121
with: G = —
16242

121
Edges
Locations where the brightness undergoes a sharp change,
Differentiate one or two times the image
Look for places where the magnitude of the derivative is large.
Noise, thus first filtering/smoothing required before edge tietec

4.3.2

©J. R. Spletzer
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Why Edges?

Edge features are perhaps the most important é&satiged by

humans
Independent of illumination

Easy to detect computationally

Used to form higher level features (lines, cuneesners, etc.)

©J. R. Spletzer

Basic Edge Detection Summary
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Edge Detection

Ultimate goal of edge detection
an idealized line drawing.
Edge contours in the image correspond to important scgriews.

4.3.2

© R. Siegwart, I. Nourbakhsh

Optimal Edge Detection:Canny

The processing steps
Convolution of image with the Gaussian function G
Finding maxima in the derivative

Canny combines both in one operation

4.3.2

D $ *DXVVLDQ IXQFWLRQ E | DKHD X \WWLMD G HUQFWWREH R
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432
Optimal Edge Detection:Canny 1D example

(a) Intensity 1-D profile of an ideal step edge.

(b) Intensity profilel(x) of a real edge.

(c) Its derivativd’(x).

(d) The result of the convolutidR(x)= G’ A I, whereG’ is the first
derivative of a Gaussian function.

© R. Siegwart, |. Nourbakhsh
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Optimal Edge Detection:Canny

1-D edge detector can be defined with the followsteps:
1. Convolute the imagewith G’ to obtainR.
2. Find the absolute value &.

3. Mark those peak®] that are above some predefined threshialdhe
threshold is chosen to eliminate spurious peaks due to noise.

2D ® Two dimensional Gaussian function

© R. Siegwart, |. Nourbakhsh

12



10/4/2005

CSE397/497 Intro to Mobile Robotics

Canny Non-maxima Suppression

Recall that thgradientis actually a vector. Like all vectors, it has
magnitudeandorientation.

~ am . T .
NI(X,y)=—X+—
(x,y) <y Y
We obtain the orientation by
rx,y)
_ Ty
g(x,y) = arctan (% y)
Ix
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Canny Non-maxima Suppression

For each pixel, find the directiah which best approximates the
normalto the edge

Directions are limited to 0,45,90,135 degrees

If the edge strength(i,j) is less than one or more of its
neighbors, assigh(i,j))=0 for the new imagé,

0 1 1 0 1 0 1 1 0 0
0 0 0 100 200 0 0 0 100 200
E.= O 1 100 200 10 :> Iyv= 0 0 100 200 O
1 110 190 11 O 0 110 190 O 0
110 185 15 O 0 110 185 O 0 0
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Optimal Edge Detection:Canny Example

a) Example of Canny edge detection
b) After nonmaxima suppression

4.3.2

© R. Siegwart, I. Nourbakhsh

Gradient Edge Detectors

Roberts

Prewitt

Sobel

4.3.2

© R. Siegwart, I. Nourbakhsh
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Example

Raw image

Filtered
(Sobel)

Thresholding

Nonmaxima
suppression

4.3.2

© R. Siegwart, |. Nourbakhsh
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Nonmaxima Suppression

Output of an edge detector is usually a b/w
image where the pixels with gradient magnitude
above a predefined threshold are black and all
the others are white

Nonmaxima suppression generates contours
described with only one pixel thinness

4.3.2

© R. Siegwart, |. Nourbakhsh
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Comparison of Edge Detection Methods

Average time required to compute the edge figure of a 780 xi%éI3 pnage.

The times required to compute an edge image are propontihahe accuracy of
the resulting edge images

© R. Siegwart, |. Nourbakhsh

432
Dynamic Thresholding

Changing illumination
Constant threshold level in edge detection is not suitable
Dynamically adapt the threshold level

consider only the n pixels with the highest gradient magnitude fdrefurt
calculation steps.

(a) Number of pixels with a specific gradient magnitudénéimage of Figure 1.2(b).
(b) Same as (a), but with logarithmic scale

© R. Siegwart, |. Nourbakhsh
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object

Connected Component Labeling

Grouping, Clustering: Assigning Features to Features

4.3.2
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Floor Plane Extraction

Vision based identification of traversable
The processing steps

Initialize a histogram array H witlm intensity values:
for

For every pixel (x,y) in;increment the histogram:

As pre-processing, smootluking a Gaussian smoothing operator

4.3.2

© R. Siegwart, |. Nourbakhsh
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Whole-Image Features

4.3.2

OmniCam

© R. Siegwart, I. Nourbakhsh
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Image Histograms

4.3.2

The processing steps

Initialize with n levels:
For every pixel (x,y) in

As pre-processing, smooth

using a Gaussian smoothing operator

increment the histogram:

© R. Siegwart, I. Nourbakhsh
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Image Fingerprint Extraction

Highly distinctive combination of simple features

4.3.2
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