Computer Vision olLecture 5

Structure Extraction
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Course Outline

A Image Processing Basics
« Image Formation
s Binary Image Processing
« Linear Filters
« Edge & Structure Extraction

A Segmentation

A Local Features & Matching

A Object Recognition and Categorization
A 3D Reconstruction

A Motion and Tracking

B. Leibe
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Topics of This Lecture

A Recap: Edge detection
« Image gradients
s Canny edge detector

A Fitting as template matching
« Distance transform
« Chamfer matching
o Application: traffic sign detection

A Fitting as parametric search
« Line detection
s Hough transform
s Extension to circles
s Generalized Hough transform

B. Leibe
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Recap: The Gau35|an Pyramid
Low resolution = (G;* gaussian®2
A Q =(G* Wﬂwn-sample.
. do
: _ Wn-sam

High resolution

4
Source: Irani & Basri

B. Leibe
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RWTH
Recap: 2D Edge Detection Filters Seercies
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A VZis the Laplacian operator:
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Slide credit: Kristen Grauman B. Leibe



RWNTH
Recap: Canny Edge Detector Seercies
<6/

1. Filter image with derivative of Gaussian
2. Find magnitude and orientation of gradient
3. Non-maximum suppression:
o Thinmulti -pi xel wide oridgeso down t

4. Linking and thresholding (hysteresis):
« Define two thresholds: low and high
« Use the high threshold to start edge curves and the low

O

B threshold to continue them
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B. Leibe adapted from D. Lowe, L. Fei-Fei



Edges vs. Boundaries
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= Edgesare useful signals

Z to indicate occluding

“| Dpoundaries, shape

a oundaries, shape. A B

é Here the raw edge s often bo
5l output is not saee frageented, and we have extra

Slide credit: Kristen Grauman ocluttero ed g e P Ol ﬁ
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Fitting

A Want to associate a model with observed features

[Figure from Marszalek & Schmid, 2007]

For example, the model could be a line, a circle, or an arbitrary
shape.
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Slide credit: Kristen Grauman B. Leibe
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Topics of This Lecture

0

A Fitting as template matching
« Distance transform
« Chamfer matching
o Application: traffic sign detection
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Fitting as Template Matching

Awedve already seen t hat cor
used for template matching in an image.

ALetds try this idea with oe
« Example: traffic sign detection in (grayvalue) video.
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Templates
B. Leibe
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Edge Templates
A Correlation filtering
s Correlation between edge pixels in template and image
Dcorrajy ZTUU —l—u,y—l—v]
« Unfortunately, this doesndot wor
YZero correlation score if the e

12

B. Leibe
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Edge Templates

A Better: Chamfer Distance
s Average distance to nearest edge pixel

Z di(z + u,y + v)

‘u ’U‘ T u,v]=1

DChamfer (J? y

Y More robust to small shifts and size variations.

A How can we compute this efficiently?
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How Can This Be Made Efficient?

A Fast edge-based template matching
« Distance transform of the edge image

Original

Distance fransform

Value at (X,Y) tells how
far that position is from
the nearest edge point
(or other binary image
structure)

Edges — >> help bwdist y

Slide credit: Kristen Grauman B. Leibe
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Distance Transform

Slide credit: Kristen Grauman
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RWNTH
Distance Transform Algorithm (1D)

A Two-pass O(n) algorithm for 1D L ; norm

1. Initialize: For allj
« D[] « 1p[] /I Oifjisin P, infinity otherwise

2. Forward: Forjfromlupton -1
. D[] « min(D[j], D[j -1]+1) 110

3. Backward: Forjfromn -2 downto O
. D[j] « min(D[j], D[j+1]+1) 0f+1

0| 0|l 0 |oo|o| o o0
ol0[1(0[1(2(3 1
1(10(1(0(1|2]|1 1

Adapted from D. Huttenlocher B. Leibe
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Distance Transform Algorithm (2D)

A 2D case analogous to 1D
o Initialization
« Forward and backward pass

0 Fwd pass finds closest above and to the left
d Bwd pass finds closest below and to the right
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Adapted from D. Huttenlocher B. Leibe
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Chamfer Matching

A Cchamfer Distance

s Average distance to nearest feature

1
Dr:h..m,-mfH'(T: I) — = df (ﬂ

Tl i

M

« This can be computed efficiently by correlating the edge
template with the distance -transformed image
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Edge image Distance transform image 18
B. Leibe [ D. Gavril e
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Chamfer Matching

A Efficient Implementation
. Instead of correlation, sample fixed number

of points on template contour. £
Y Chamfer score boils down to series of DT lookups. &
1 .o. ..... .o.
Dr_'h.. arm jH(T I) = m Z df (?t) .'. ..°. .', .‘.

%% ce0c00000000cc0ed
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Edge image Distance transform image 19
B. Leibe [ D. Gavril e




Chamfer Matching Results
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Edge image Distance transform image 20
B. Leibe [ D. Gavril e




Chamfer Matching for Pedestrian Detection

J

A Organize templates in tree structure for fast matching
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B. Leibe [ D. Gavrila, V. Phil



