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Object Extraction from Image Database

PASCALVO
C 2010

Semantic Which objects
not easy to get that an image contain?
Objectives:

Combine multiple features to detect
as many objects as possible

Object detection approach

-
Example of training l
Edge/Corner feature (*)
Satisfy
f——
Corner map

|

;‘f—'—, *
SURF. ()

Satisfy Check onother | Line,
Orientation strong features &rl%'f,
- 2 e

|
(1
Satisfy / \
Edge map (2)—’

(*JOther features are also trained 6




Edge map and corner map (training)

Fig. 2. Making Edge map & Corner map from training set

SURF feature (aero plane, train)

Corner map E] ]Edgeap " SURF feature
-5 g™

11l
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SURF points SURF descriptors

- uantize to k bins
Naive Bayes Q

—Calculate

P(C; 1) =P(G)P(I| ;) =P(C >HN“ (v | C))

I: input image; Cj: class (plane or non-plane)

v, : vocabulary (bin[t]); N®D: histogram of v, in |
Plane Non-plane
—Choose the class : argmax{P(Cj | D} .




Color feature (horse, sheep)

Input
| image

Corner map Edge map ;T;,gem
None-Horse-color Horse-color
Region Region

bi 05

o . . o

Color Matching
—Calculate: M= ZCM(X y)*H(X, y)

Color map

CM: Color map; H. HS-Histogram of image

> threshold

Training image

database —Check: M e

Bicycle detection

True negative

Fig. 8. Example of bicycle detection result




Automatically choose features

Line and Circle of

i i bicycle
re——— Two strongest lines of train Y

Region

None-Horse-color
Region

—Which features are “good” for a
specific object?

Saturation

—Can system automatically choose
“good” features or not?

Color map of horse
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Object with automatically chosen features

Object | Edge Corner| Line Circle) HoG SURF Color
F/r car 1 1 0 0 1 1 0
Side car 1 1 0 1 1 1 0
Bike 1 1 1 1 0 0 0
Train 1 1 0 0 1 1 0
Aero plane | 1 1 1 0 0 1 0
Motorbike 1 1 0 0 0 1 1
Horse 1 1 1 0 0 1 1
Sheep 1 1 0 0 0 1 1
Tower 1 1 1 0 1 0 0
Flower 1 1 0 0 1 1 0

Table 2. Features are good for recognizing object

TRAINING STAGE TESTING STAGE

Obj ect Average Average Average Average

Precision Recall Precision Recall

F/rcar 96.48% 90.21% 95.12% 90.14%
Side car 97.20% 94.92% 94.21% 91.73%
Bike 85.80% 81.32% 84.02% 79.14%
Train 87.24% 77.16% 83.65% 75.31%
Aero plane 86.65% 84.55% 85.75% 84.51%
Motorbike 90.23% 87.32% 89.38% 85.47%
Horse 88.93% 82.09% 87.81% 75.40%
Sheep 87.32% 75.91% 86.25% 73.24%
Tower 89.07% 90.39% 84.33% 82.64%
Flower 82.71% 75.15% 81.57% 74.42%

Table 3. AP & AR at training/testing stage of automatically choosing features




Fig. 9. Example of side view car (top) and plane (bottom) detection result

Evaluation

Our system PASCAL VOC 2010 (1)
Object
Average Precision | Average Precision Authors
Front/rear car 95.12% 49.10% DOCTTL LSV MDPM
Side car 94.21%
Bicycle 84.02% 55.30% NLPR_HOGLBP_MC_LCEGCHLC
Train 83.65% 50.30% MITUCLA_HIERARCHY
Aero plane 85.75% 58.40% UVA_GROUPLOC
Motorbike 89.38% 56.30% RUSHOGLEL CIXCLS RESCO
Horse 87.81% 51.90% HUSHOCLELCINCLSRESCO
Sheep 86.25% 37.80% UVA_DETMONKEY
Tower 84.33% 84.00% HENA_LU_DU @
Flower 81.57% 80.00% JZU_HONG_CHEN_LI®

Table 5. Comparison between our system with PASCAL 10

1 PASCAL 10 http://pascallin.ecs.soton.ac.uk/challenges/VOC/voc2010/results/ (about 20 categories)

2 Lu Yang, Du Xiao-wei, 2" Intl Asia Conference on Informatics in Control, Automation and Robotics 2010, p.p 349-352
3 Hong et al. / J Zhejiang Univ SCI 2004 5(7):764-772 http://www.zju.edu.cn/jzus




Conclusion

* Combine various features for object detection.

* Automatically choose suitable features.

Future works

*Tinfignti, = fia(f,viiy

*very small object

L} Select

““suitable’ scale

Dynamic Motion Planning for Efficient
Visual Navigation
under Uncertainty




Objective

» Safely and quickly reaching a goal position

(@)

obstacle

obstacle
robot

Basic assumption for the first case

* |ndoor environment is known
* Landmarks are given
e Use stereo vision for localization

landmark
¢ obstacle

S

trajectory

¢’ @
obstacle
robot
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Problem

* Motion and vision include uncertainty.
* Vision requires high computational cost.

Where is land

eI

N

Uncertainty

* Motion uncertainty

— control error
30 area of covariance matrix

—rolling, slippage and etc.
F

* Vision uncertainty
— quantization error L | AN ’
— calibration error A

Xy

11



Non-stop and speed controlled
navigation strategy

Estimated Estimated Predicted
uncertainty uncertainty  uncertainty
at t-1 att . P

Uncertainty after ~ Uncertainty after
observation at X, ,  observation at X,

Speed controlled motion between planned viewpoints

Non-stop navigation strategy

Estimated Estimated Predicted
uncertainty uncertainty ~ uncertainty
at t-1 att .. .

Uncertainty after Uncertainty after
observation at X, ,  observation at X,

Speed controlled motion between planned viewpoints
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Case 1: fast but dangerous

viewpoints

S

predicted

S a\Q landmark
obstacle

©)

Case 2: safe but slow

viewpoints @

landmark & obstacle
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Case 3: adaptive observation

viewpoints @

Adaptive viewpoint planning method considering uncertainty

Adaptive viewpoint

1. Observation position to guarantee the safety
2. Observation position to reach the goal position quickly

viewpoints @

14



ldea

» Safety
— considering uncertainty
* Quickly
— navigation with minimum observation
— non-stop and speed controlled navigation

‘ Adaptive viewpoint planning under uncertainty

Observation model

X

G(X,.0,) { }{ sin(6, + ) cos(@ +¢t)}{cxt}_[ﬂ iy
Yi —COS(H'[ + ¢t) Sln(@t + ¢t) cy, Ly

Y

&
Iy y/: P(x Iy
e Xt
C
’ Xt =Y Ot = { C;(/t :|
0, !
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Stereo observation model

B(ult +urt)

~Yrt

0.=Z)=| pp

\ image plane

| Oc cx Xe

Trajectory planning

Harrow

ope

g WI obstacle
Wr 2obstacle region

enlarged obstacle region

planned
trajectory
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Offline planned viewpoints

¥(m)

1.0°

estimated
uncertainty

obstacle

T-}:_"O_I_ 7}y jGbstacle region /-

planned
viewpoirts

i
prcdilctl:d

uncertamnty

o ‘.4_ |! ii- -II'“,:I_- IE '|:JJ_- 7 }f‘ r._-._ E.--f'i{_l_'rl.:'i \
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B

)
r N

6
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Dynamic planning method

Move to the farthest safe position on the target trajectory

predicted worst position

. obstacle region

precﬁcted trajectory

estimated :
constrained by safety

uncertainty

planned next ‘”"predlc‘Fed
uncertainty

viewpoint
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Dynamic viewpoint planning

Move to a position to guarantee safety

predicted worst position

\“;;obstacle region

,,,,,,, L N

Sat

predicted trajectory

estimated..__ :
constrained by safety

uncertainty .
- predicted

planned next )
uncertainty

viewpoint

Motion result using online planning

Yi{m}
1.01 [ ‘

18



Landmark observation

* Vertical segment as landmark

 Selection candidates by position and similarity
constraints

U= g ]
g .|1”|“:,#.|

t;t'Il h|||||
| _'|| ™ ' |I|1

l._l I

Position constraint

T ]
| " " i
&/ ,':!'r "l.l"”
i il
i | '
) I
1 'I"'
Left image Right image
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Similarity constraint

I_I_II_I_I

Left image Right image

Similarity of stereo segment pair

1 (if dir(l;) =dir(r;))
0 (else)

LA

27 len(l;) len(r))

o min[len(l;),len(r;)]
3. Length similarity LS(l,,r.) = J
7 max(len(l,),len(r;)]

¥ ¥
IE‘]JI ‘
X

1. Orientation similarity ~ OS(l;,r;) = {

2. Overlap length OL(l;,r;) =

R image

20



Example of matching

I_I_I I_I_I

Result of landmark detection

=== Predicted landmark position on image

= Detected landmark position on image
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Mobile robot

host computer
and monitor

stereo CCD camera

quad-switcher

for stereo input
motor for

PAN
UPS

PAN and robot AC/DC steering driving
driving module converter module

22



Range sensors

— Omnidirectional Stereo

Generating probabilistic
occupancy maps

* Representing probabilities of obstacle
existence in each grid.

23



» E: obstacle exists. robot_
e O: obstacle is observed.

Interpretation of current sensor data

. unknown
occupied

|° O: free space is observed.| | L
"o f

- PO|E)P(E) R
P(E|o)_P(O| E)P(E)+PO|E)PE)
N P(O|EP(E)
eI 551e )P((E>+)P(65)P(E)

P(E): prior probability initialized to 0.5
PO|E) P(0|E): observation models

Map generation
-integration of two sensors-

Integration by a logical rule.

Omnidirectional stereo

undecidedw
t

obstacle | undecidedwo free

obstacle obstacle obstacle obstacle obstacle

undecidedw

undecidedwt leJsS e[S obstacle

free obstacle obstacle

undecidedwo : not observed yet

24



Formulation

The robot moves at a speed to
sufficiently observe an undecided region.

N : the number of observations
recognizing a free space

d : Distance to undecided region
T : Observation cycle (constant)
v : Robot speed

LGN
vT

Experiment (real-time movie)
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Free space maps and planned paths

Moving distance: 30[m] in 45[sec] (maximum speed: 1[{m/s])
(without speed control, 150[sec])

I
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Scale
Invariant
Feature
Transform

SIFT

Image gradients

-
A .’{
EENEY

¥

Keypoint descriptor
example : n=2
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keypoint

0.75 [sec/frame]
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X[mm]
-0.20
157.63
12.55

-100mm x 4100 mm

-100mm z  +100 mm

- 10deg 6 + 10deg
( ...X:10mm z:10mm 6:1deg)

«I

Working robot
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-1.90 -1.38 0.16 0.45 6.99 0.21
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Real-time 3-D hand posture estimation
from 2-D appearance

=» (Gesture recognition for human interface

Input image Camera Estimation result
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Contour Feature Extraction

/Start point candidate
9

i 1C

e Scale-normalized feature

* Multiple start points are tried

Previous Approaches of Gesture

Estimation

3-D Model Fitting

Direct Image
Matching

Single Image

Arbitrary postures
High computation cost

Limited postures
Low computation cost

Sequential
Image

Motion constraints can
be derived from the

model

Motion constraint
needs to be learned
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experimental
environment

Real time processing

input image

result

Previous Approaches of Gesture

Estimation

3-D Model Fitting

Direct Image
Matching

Single Image

Arbitrary postures
High computation cost

Limited postures
Low computation cost

Sequential
Image

Motion constraints can
be derived from the
model

Motion constraint
needs to be learned
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Learning of Shape Transition

Efficient Matching Using
Transition Network

* Try only possible postures which are reached
from the current posture
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Shape Estimation Result

Input image t %
Matched
model _

-1

-0

Hand Shape Estimation
under Complex Backgrounds
for Sign Language Recognition
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* HMM

Left-to-Right

HMM
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ai =03 az»n =02

a [0.4] a {0.3'
b L0.6 b 0.7
S
@ ap =(.7 32 a2 =08 @
a 03] a [0.0
b [o.sJ b | 1.0
HMM
a1 =0.3 ay =0.2
a [I.OJ a (),3]
b 10.0 b (0.7
: (g
@ diy =07 Sz az =(.8 @
a [0.5 a [o.o] f
b 105 b 1.0
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Viterbi

4 =03 ay =0.2
a [I-OJ a 03
b L0.0 b 0.7]
@ ap =0.7 @ a3 =(.8 @
a 15| a
b [82J b [?8] 2010 Medal of
a b
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shirai(@ci.ritsumei.ac.ip

www.i.cl.ritsumei.ac.jp/~shirai/
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