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The approach
S

Recognition
Navigation



System Architecture

Distributed Framework built on Orocos
— WWW.0rocos.orq/rtt

- Handles network communication, synchronization
between threads EtC | Orocos Components - Your component here ]
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Components
-

Orocos component model (one C++ class)
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Components
-

System divided into several isolated
components

— GridSlamMapper

— PathFinder

—- WaypointExplorer

— ActiveObjectRecognizer

- PathFollower

— ... (~ 11 components)



Experience
S

Orocos well designed, provides good
abstraction, however...

— Still under development (network comm. didn’t
work)

- Extensive use of C++ templates makes
compilation times slow



Navigation

Build map using SLAM
from laser

Process map using simple
Image processing to find
areas of interest

Wall following -> Random walk -> Way points



SLAM: Problem Statement
e

Input

- Measurement data {z}

— Control (motion commands) {u}
Output

- Robot pose {s}

- Map {m}

Find the joint distributiorP(S,m|z,u)



Recognition Strategy

]
SIFT + homography: designed for proper nouns

discriminative features ﬁ
and geometric transform f I’da
few internet images (5) J

For general nouns:
1. bag of feature descriptor
2. shape descriptors with segmentation

thgﬁi



Dense feature points
Usually correct matches
Poor at too much distortion

SIFT
<



Sparse keypoints
Usually correct matches

Great at affine invariance
MSERS
.



Recognition Strategy for Proper Nouns

N

Examples




The matching Process
.

Initial matches Homography

Final matches



Another Example
-

Initial matches Homography

Final matches



Matches of planar objects
-



Bag-of-Word Image Model
-

Extract SIFT descriptors at regular grids.

Cluster SIFT descriptors from all training images into
100 clusters.

Each cluster center Is regarded as a “visual word”.

SIFT descriptors in each image are vector-quantized
using the 100 visual words.

Each image is represented by a histogram of the
visual words



Training SVM classifier
.

A multi-class SVM is trained for each
category

- We use the “one-against-one” approach in which
k(k-1)/2 classifiers are constructed.

- For category A, negative samples include all
categories but A and background.

- Background samples are randomly selected from
the images of the scene captured by the robot.



SVM classifier for each category




Object Detection

For each image captured by the robot, we
scan the whole image with windows of

various sizes.

We use a voting strategy to classify the
Image within the scanning window
- Each binary classification is considered to be a
voting
- A sub-window is assigned to the class with
maximum number of votes.



Shape descriptors
-

Internet image segmentation
Room image segmentation
Shape context

Global descriptors (Histograms + Moments
+ Integral transforms)



Image segmentation

]
Binary labeling: FG/ BG using graph cut

-----------------------------



Segmentation — Algorithm (room)
.

Algorithm:

1. Learn background color histogram of floor and table (once before competition)

- Obtain back ground images in advance
Compute
histogram

e VIS




Segmentation
-

2. For each captured image,
2-1) compute probability map, P.(X), 2-2) compute probability map, P,(X),

based on color based on depth
red: higher probability red: higher probability
to be background to be background
blue: lower probability blue: lower probability
to be background to be background

2-3) Compute segmentation by graph-cut

data term: Dy(X)=P(X) P,(X) D, | D,
D, (X)=(1-P(X)) (1-P4(X))

smoothness term:
S(X,Y)=(1-|r(X)-r(Y)])/3

+(1-19(X)-g9(Y)])/3
+(1-|b(X)-b(Y)[)/3 X,Y: point on an image, r, g, b: color value, 0 to 1

D.(X): Penalty to assign label i



Results

Segm&ntation -|IResults H




Naive Approach to internet
foreground/background model

Background : Boundaries of the image

Foreground : Center of the image




Nailve Approach is too simple
.



Improved internet segmentation
-

A heuristic assumption of Background

- Edge density + Bayesian inference
Background has less variance

A heuristic assumption of Foreground

- Radial symmetry density
An area of interest shows strong symmetry



Results (1)
-



Results (2)
-



Global Recognition Scheme
-

Simple descriptors combined

- Moments and histograms of edges, intensity and color

— Triple Features from Trace Transform
Functionals used

- T((X))= [, (1) 2dr where r = x—c, and c=median {x,f(x)}

- T(f(¥))= 0,3 Sym(f(r))dr where r = x—c, and c=median,{x,f(x)}
- Shape Context

Sample 200 points around a shape, 4 bins for radius and 8
bins for angle (total 32 bins)



Triple Features from Trace
Transform



Shape Context on the results of
segmentation



Shape Context — Retrieval Results
S



