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Introduction

My first mobile robot:
HERMES 1

BASIC STAMP 2
microcontroller

32-count optical
encoders

Bumper switches
LDR sensors
Ultrasound sensors
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i Introduction

" LOCALIZATION:

e Where am 1?

* TRACKING:

e Where are the Others?
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e Absolute or relative measurements

Localization Problem

E The University of Reading

e Communication between robots

* Robots are viewed as a homogeneous group
entity

e A centralized EKF Is used for robots’ state
estimation el



;@g Localization Problem

Robots are described by differential drive configuration

Left wheel

SP(k)= oK)+ 0, (0)

2 d __._.,_._,..4 ____..Tq_,_-_'&;___.-




i L ocalization Problem

The recursive state space model

X (k+D)= F(X (k)u (k) +w k) i=L.1  z (k+2)=h (X (k+1))+v,(k+1) n=12...N
i X

States of Robot i Gaussian noise Non-linear
measurement function

nth measurement
vector

Non-linear state
transition function

Gaussian noise

Each robot’s state vector is Xi(k)+ SR (k)cos &, (k)T
composed by position (x,y) and f(Xi(k),u;(k))=]| yi(k)+SP.(k)sin &, (k)T
orientation 6 components 6,(k)+6,(k)T




Localization Problem

Landmark Robot 2

Robot 1

MIABOT Pro
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2D Ultrasound trilateration sensor for
relative measurements

Localization Problem

A




Localization Problem

EKF needs a linearization procedure...

©)
AX (k+1) ~ @ (X (KK)AX (k) +w (k) i

L
| ! \

State prediction || State transition | State estimated
error matrix error

|l
=

A7 (k+1)~H (X (K+1K)AX, (k+1) +v (k+1) n=1...N

N\ { !

nth measurement State prediction
error vector error

Measurement matrix




AX(k+1)
AX, (K +1)

N

AX, (K +1)

i L ocalization Problem

c-EKF In block matrix form

Robot 1

@, (X, (k)

0
0

Robot 2

0

0
Cx
@, (X (k)

|

)

2x3 —dimensional space

AX, (k)" ]
AX,(K)'

AX,(K)'

W, (k+1)]
w,(k +1)

| W,(k+1) |
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Measurement model uses N = 6 measurement vectors

Localization Problem

Robot 1

#

A% (k+0)] [HoK+Dr SH(k+1) O
AZ,(k+1)| N\H,.(k+1) 0,5 —H,,(k+1
Aau«u9:‘9*k+”::(f¥4k+” H,.(k +1) 0,..
AZ,(k+1) 0,.5 H,,(k+1) —H,,(k+1
AZs(k +1) “H,,(k+1) 0.5 Ha(k +1)
(AZg(k+1)] [\ O, —H.,(k+1) Hg,(k+1)

AX, (K +1)°

Robot 2




Localization Problem

Centralized EKF prediction cycle

(k1) [ (ke hu, ) op o «q ¢
X, (k+1k)= )i(z(k+]4k)} { X, (k[k ) u, (k); P.(k+1k)= 0 ,P, kKo, +Q,
X, (k+1k) X, (K[k ) ug(k) 0 0

Centralized EKF update cycle

S, (k +1) = H (X, (k + 1k )P,k + 1k )H," (X, (k +1K))+ R, (k +1)
K, (k+1)=P, (k +2k)H," (X, (k +1K)ls, *(k +1)

X, (k+1k +1) = X, (k +1k)+ K  (k + 1)z, (k +1) = h, (X, (k + 1))
P, (k+1k +1) =P, (k+1k)~P,(k+ 1 )H," (X, (k + 1K), (k+1)H, (X, (k + 1K) P, (k + 1K)

0
0

(1)3P33(k|k)(1)3T +Q,




E Localization Problem
a

e Distributed EKF framework:

« Each robot keeps its own state and error
covariance matrix estimations

* Error covariance interdependencies calculated
locally

« Communication requirements:
e Predicted error covariance matrix and state vector
e The measurement vector



®  Localization Problem

The Centralized EKF Predicted components

X, (k+1) P, (k+1) P, (k+1) P, (k+1)]
X, (k+1)=| X, (k+1)| P, (k+1)=|P, (k+1) P, (k+1) P, (k+1)
X, (k+1) P, (k+1) P, (k+1) P, (k+1)

The Centralized EKF Updated components * The ful I CrOSS-CorreIatlon

rl*(ku) r;(ku) P, (k+1) P.'(k+1)]
X (k+1)=| X, (k+1)|  P(k+1)=|P, (k+1) P,'(k+1) P,'(k+1) =
Ko e e e COMPONENtS can be obtained

Kc<k+1>{i:§tiii] ks as:
K,(k +1) ) T
I:)32_ (k + 1) m \/P32_ (k + 1)\/P23_ (k i 1)

zm<k+__‘1) % % % Distributed EKF framework

R1 R2 R3
Prediction Prediction Prediction
X, (k +1) )A(z’(k +1) )A(3’(k +1)
P, (k+1) P, (k+1) P, (k+1)

yPy (k+1) P, (k+1) P, (k+1)
V Plsi(k +1) P, (k+1) Py (k+1)

Update Update Update
X, (k+1) X, (k+1) X, (k+1)
P, (k+1) P, (k+1) Py (k+1)
P, (k+1) P, (k +1) P, (k +1)
T P (k+1) P, (k+1) P, (k+1)

Sp,(k+1) |
[IQLI



®  Localization Problem

Simulated localization results

Robots Vs Average square error in x -direction of Robot 1
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g Target Tracking Problem FORTH

» Target Tracking: Estimating the Trajectories of
Moving Objects
e Using Laser Range Scanners
* Using Digital Camera Arrangements

» Why Target Tracking Is necessary in Robotics?

e Improve their navigation capabilities in dynamic
environments
 Enhance the performance of map-building algorithms

« Allow the implementation of sophisticated man-machine
Interaction behaviors :

ot pl

1 ot e
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Target Tracking Problem

» Estimating trajectories of moving objects
* Input from a laser range scanner

e Mobile platform

> Inherent difficulties

 Difficulty to maintain a consistent background model on a moving
platform
» Lack of models for moving objects gives rise to difficulties in:
= Track initiation
= Quitlier detection/elimination

= Object shape classification
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Target Tracking Problem

Problem: How can I detect and track moving objects
In Dynamic environments?

MovingfErgiets Targ ets
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:i")g Target Tracking Problem

Background Subtraction

» Background model is needed to accumulate
evidence for moving objects.

» Models based on local occupancy grids are
prone to:

* Quantization errors

 Drift due to quantization

* Higher demands for processing power e

_»We employ a simple, yet effeciwe*backgrounld
l

model based on a@epth histogram.



i Target Tracking Problem

—

moving
target

n

mobile
robot

Assume a mobile robot in an unknown environment




Target Tracking Problem

A 180 laser range scan is captured at time instant to.
(Angular resolution 0.5 degrees — 361 measurements total)







i Target Tracking Problem

u

A 361-element vector accumulates background range data
Maximum certainty (line-thickness) is assigned to background model




g Target Tracking Problem

Robot moves...

11101000010010111,01000 0}



:é Target Tracking Problem

The background model of the previous frame is transformed using
odometry

e ——







i Target Tracking Problem

An ICP algorithm compensates odometry errors

(aligns the background model with the current scan)







:@g Target Tracking Problem

/X

=




i Target Tracking Problem

e




i Target Tracking Problem







g Target Tracking Problem

Obtained background
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Target Tracking Problem

Keeping Background Map Consistency — Algorithmic
Formulation

» A “background-weight array” accommodates a consistency belief of
the background-map’s elements ( W,....(k) = {w,(k)...., Wae: (K)} )

» Weights can take values in range [1, Vmax] depending on
background-point certainty (Vmax denotes maximum certainty).
» Weights are initialized at Vmax;

* Measurements that are further to the ones suggested by the background
model result in instant background change.

 [f the weight of a background point reduces to its minimum value this
point is substituted with the latest range-reading and its weight i
reinitialized to Vmax.




®  Target Tracking Problem

Final Result Y

A Laser Range Measurement Frame

A Laser Range Me\asurement Background Map

Distance in m

Moving Object
(People’'s Legs)

11110L00%L 0"

1 L I NONTIANIALL 1.0



®  Target Tracking Problem
"g Track Initiation Process

» Compute clusters of foreground points

e Simple geometric clustering using the Euclidean distance between

consecutive points

» Filter clusters according to two criteria:

o Cluster size in specified range

o Clusters should be formed around at least one local depth minimum

» Clusters are associated across frames (Munkres algorithm)

» Atwo-point track Initiation technique is used to create new_.

_—""-"

tracks for non-stationary clusters _
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Non-Static Object Data Points
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Two-point Track
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Target Tracking Problem

vailable Data form Background Modeling

Distance in m

Track Initiation
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® Target Tracking Problem
"g Moving-Object’'s Shape Classification

» The learning/assignment is based on a geometric
profile of each available cluster

» An unsupervised Fuzzy ART NN learns in real-time
shape classes and simultaneously assigns clusters to
learned classes

» Key assumption: The majority of clusters fed to NN
represent moving objects

» A voting system that assigns a belief-state to the

classes is employed to: -

e Characterize dominant classes ,,,-
- Detect —and therefore filter out- outliers ==

—_ - — - BES— m——— N b
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Target Tracking Problem

Robot & Human Legs

Robot Profile Human Leg Profile i
Dominant Robot Categories
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® Target Tracking Problem

» Pioneer 3-AT Mobile Robot Platform
»  Skid-Steer drive configuration
*  Maximum Driving Speed: 0.3m/sec
* Maximum Rotational Velocity: 10deg/sec

» SICK LMS200 Laser Range Scanner
* Angular Resolution: 0.5
*  Maximum Span: 180
* Delivers 361 range readings per frame
* Indoor Maximum Range: 9.6m
* Resolution: 5cm
* One complete range scan every 200ms

» NEONOTIX ME-470 Robot

« Differential drive configuration
* Max Driving Speed: 0.3m/sec
 Max Rotational Velocity: 10deg/sec

» SICK S300 Laser Scanner
* Angular Resolution: 0.5
Maximum Span: 270 (180 utilized)
» 541 range readings per frame (361 utilized)
* Indoor Maximum Range: 9.6m
* Range Accuracy: 30-70mm
* One complete range scan every 150ms

e




)g Target Tracking Problem

Result 1: FORTH’s foyer
* Robot (moving): Neobotix NE470, Sick S300 laser scanner
* Moving objects: 3 people, 1 pushcart, 1 robotic platform (iRobot B21R)

HE
J.r :

EFKOS

l ].DD]. ].].].El]. 0L 0

L LR LERE ) 1.[]



®  Target Tracking Problem
Result 1: FORTH’s foyer

A Laser Range Measurement Frame A Laser Range Background
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Target Tracking Problem

Result 2: corridor area outside our lab
Moving objects: 2 people, 1 robotic platform (additional ME470)

A Laser Range Measuremen t Frame A Laser Range Background
101 1M0r
18 8
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Target Tracking Problem

Shape classification results

A. Robot Profile

B. Human Profile
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Conclusions

TRACKING

Proposed method effectively
detects and tracks multiple
moving objects

Compensates observer’s (Robot)
relative movement

Learns/classifies in real-time the
shape of new moving targets

Moving targets with uncommon
shapes are eliminated as target
outliers

LOCALIZATION

The proposed framework offers a
modular localization tool

The c-EKF can be re-arranged to
accommodate additional robots

The system autonomy is
Increased with the number of
robots

Can be implemented in large
number of robots

--------
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Future Work

TRACKING LOCALIZATION
» Further analysis on track O Obtain a suboptimal solution to
categorization using Fuzzy ART com-loss problem
> Further evaluation of the d Implement and test different kind

algorithm’s performance using a of linearization technigues such

number of different moving targets as the UKF (Unscented Kalman

_ _ Filter) for more stable filtering
» Implementation/comparison of

_ A _ U Expansion of proposed distributed
different classification algorithms _
framework to SLAM scenarios

U Test large number of robots
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