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SEARCH AND RESCUE ROBOTICS
e e

FUKUSHIMA 2010

:Siﬁ‘gli UGV: iRobot Packbot, Warrior, Talon, Bobcat, Dragon runner
*. UAV: Honeywell T-Hawk

IROBOT Warrior NREC Dragon Runner

http://www.irobot.com/gi/ground/710 Warrior/ http://www.rec.ri.cmu.edu/projects/dragonrunner/



http://www.rec.ri.cmu.edu/projects/dragonrunner/
http://www.irobot.com/gi/ground/710_Warrior/
http://www.irobot.com/gi/ground/710_Warrior/
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NIFTI — PROJECT AIMS

Developing a novel rover platform to meet the demands of
operating in dynamic environments

Minimizing task load for human and optimizing workflow
Integration — bringing human factor into cognitive rescue robots
Situation awareness — conceptual understanding of environment
Flexible planning w.r.t. dynamic changes in environment

User adaptive human-robot communication

Multiple humans & robots cooperation

Continuous evaluation with end user organizations

Realistic missions in real-life training areas



NIFTI PLATFORM — HARDWARE
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*. Embeded PC: Kontron KTGM45/mITX Plus

*. Embeded CPU: Kontron CPU KTGM45-CPU Q9100
*. 2D laser scanner: : SICK LMS-151

*. Omnicam: Point Grey Ladybug 3

* IMU/GPS: X-sens MTI-G

*. ASUS Xtion Pro

*. Thermocam Micro-Epsilon TIM160



NIFTI PLATFORM — SOF TWARE

* . UBUNTU 12.4 (64 bit)
*. C++ / Python

WILLOW GARAGE PRODUCTS
*. ROS — Robot Operating System

*. OpenCV

* PCL




Natural Human-Robof

(Assembled point clouds

(UAV scans 3D global map Floor+Obstacle map)
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RN (Manifold map)
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RIC MAPPING

Rotating laser in front of the robot
Range data assembled into point clouds
Fast ICP algorithm
http://ros.org/wiki/ethzasl icp_mapping

*. Density subsampling (memory)

*. Results in 3D metric map for SLAM

™. *. No loop closure yet
% *. Gap detection
% - *. Traversability analysis




METRIC MAPPING
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OPOLOGICAL MAPPING

Incremental segmentation
Segmentation into discrete regions
\oronol diagram
Identification of changes in metric
map & recomputation

- Graph-based structure over (centroids
of) regions

- Required for different levels of
planning
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TOPOLOGICAL MAPPING
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OBJECT DETECTION & LOCALIZATION - CARS 1

*. Robust 2D & 3D object detection

*. Using omni-directional camera

*. Associating detection with laser

*. Filtering out false positives

*. False positives negatively impact
situation wareness, human-robot
Interaction

*. Visual features to 3D data
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OBJECT DETECTION & LOCALIZATION - CARS

Inside the tunnel

: o e
Ideal conditions |

2 il B
» o
» T
- - 2
1% -2
£ w
¥




OBJECT DETECTION & LOCALIZATION - VICTIMS
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THERMO MASK — pixel-wise
classification
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FUNCTIONAL MAPPING

OCU — OPERATION CONTROL UNIT




INTEGRATED INTELLIGENCE

cognitive user models:
task load, attention & work flow practices

X Objective 2:
bmmm-upfmp-duyvn cognitive load balancing Situated cognitive
selectional attention user models

| |

situated HRI , planning and execution J

Objective 3:
User-adaptive
human-robot

communication

(speech, GUI) for joint exploration

T T adaptive action
execution,

adaptive grounding, priming Ie:piantng J Objective 4:

situated
exploration <
history

of HRI, planning, user models Flexible planning
and execution

L 4

conceptual understanding
of environments

Objective I:
functional-topological maps J functional

I I situation

_ _ . awareness
observation localization =~ metrical
models maps

domain knowledge:
areas, objects, actions

—

T adaptive locomotion
for navigation J

Objective 4:
adaptive
rover
locomotion

rover platform control
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USAR MISSION — MIRANDOLA, |IT 2012
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May 20 — June 18, 2012, Mirandola, Italy
246 seismic activities of magnitudes 3 - 6.1
Radius of 50 km, 900 000 people affected
Red area: San Francesco church
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DOLA,ITALY 2012

VIIRAN

USAR MISSION
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INERTIAL SENSORS

LOW-COST INS

Time correlated

degradation in precision due
to sensor errors

SOLUTION:

Aiding : odometry, visual
odometry, laser range data,
ultrasound, GPS / GLONAS,
magnetometer

Sensor Error Calibration &
Estimation (KF, EKF UKF)
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INERTIAL NAVIGATION SYSTEM

Double integration of accelerations to obtain position
Integration of angular rates to obtain angle of direction of
the accelerometers’ sensing axes

Transformation from body frame b to navigation frame n

* Compensation: gravity, Earth rate, Coriolis force, centripetal
acceleration, systematic & stochastic sensor errors

Chf” + 8" — (2wl + W) x v

Grav1ty. S
Computation
/ —UD
(2('0:16 + O‘):n x V' I Compu_te (D:n s Cg




JATA FUSION

Estimated

TRUE VALUE & _
ERRORS 1 IRUE VALUE
SYSTEM 1 +

(INS)

TRUE VARG EEes? ,

FILTER

SYSTEM 2
(AIDING)
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SENSOR SELECTION

SYSTEM STATE-SPECTRUM
SENSOR FREQUENCY RESPONSE

SYSTEM STATE-SPECTRUM
" SENSOR NOISE SPECTRUM

—

GOOD GOOD
CHOICE i CHOICE
>
| f [Hz]

The frequency response of
the sensor should be
compatible with the system
state-spectrum.

The sensor noise spectrum
should be separable from
the system state-spectrum.



INERTIAL SENSORS ERRORS

MOTION DYNAMICS

To sense motion dynamics sensor
errors have to be compensated

LONG TERM SHORT TERM

ERRORS ERRORS
(drift) (integration of vibration)




INERTIAL SENSORS ERRORS

Error reduction due to
estimation using KF and
correction feedback

Error reduction due
pre-filtering

MOTION DYNAMICS

LONG TERM SHORT TERM
ERRORS |} ERRORS

fs/2
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INERTIAL SENSORS ERRORS

SENSOR DRIFT
« Result of manufacturing imperfections of the sensors

« Systematic component (bias) quantified by calibration
(can be compensated)

« Stochastic component approximated by random
process (can be modelled and estimated)

« No correlation to the input

« Refers to the rate at which
the error accumulates with time




INERTIAL SENSORS ERRORS

Systematic Drift Rate

Environmentally
Sensitive Drift Rate

Random Drift Rate

Elastic-Restraint
Drift Rate

Acceleration-
Insensitive Drift Rate

Acceleration-
Sensitive Drift Rate

Acceleration-
Squared-Sensitive
Drift Rate

IEEE Std 52¢ sor Terminology



INERTIAL SENSORS ERRORS

Projection of sensor bias, scale factor and non-linearity to the
sensor conversion characteristics - CALIBRATION required

oV
oF — (f)
of Measured data

Bestline fit




DATA FUSION — ERROR MODELS

RUE VALUE & Estimated
ERRORS 1 IRUE VALUE
SYSTEM 1

(INS)

timated

TRUE VAU

SYSTEM 2 RRORS 2 KALMAN FILTER

(AIDING) w & SENSOR

ERROR MODELS



PSD/ACE ANALY SIS

¥, (1) = Ex(Dx(t + )], ¥, () = f . (e dr

Exponentially

correlated

Spread
depends on

damping

1oNv+1  Frequency [Hz]
MATLAB: pwelch / xcorr
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PSD/ACE ANALY SIS

Autocorrelation Function of White Noise

White noise PSD is flat and constant

White Gaussian Noise

1.5 2

Samples

” ”\r \m, | \n i \W *1' | WWM

Frequency (Hz)

PSD (dB/Hz)

1



PSD/ACE ANALY SIS

Autocorrelation Function of Random Walk

Random walk noise PSD decreases
at -20dB/decade

Random Walk

2 2.5
Samples

o

PSD (dB/Hz)
3

Frequency (Hz)




PSD/ACE ANALY SIS

Autocorrelation Function of Harmonic Noise

Harmonic noise PSD has bumps
(spread = damping)
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PSD/ACE ANALY SIS

Autocorrelation Function of Exponentially Correlated Noise

Exponentially correlated
noise PSD flattens near DC

Normalised ACF

Exponentially Correlated Noise

Samples

-
o

PSD (dB/Hz)

Frequency (Hz)




NOISE MODEL EQUATIONS

Autocorrelation Function ¢
Power Spectral Density Wx

White noise a (r) — 5252 (I.)

Noise Type State-Space Formulation And Model

Always treated as measurement noise

¥ (0)=0"
Random walk v, (1) = (undefined) x=w(t) Xy =X TW
¥ (0)=0 o’ i(O) 0 c2(0)=0
Random - = =
constant ¥ (I‘) X N T et
¥, (@) =270" (o) (0 o, (0)=0"
Harmonic 'f-"’x(f) — 52 CDS(&)DT_] { }c p(@) :{g: 0}
Y (0)=710"6(0—w,) ~a; 0 0 0
+710° 8 (0+ @)
Exponentially 2 gl o : _ @
o lated w. (r)=0c"e X=—ax+ cru‘szu (1) x,=e“x,,
¥ ()= 225 ﬂ’-'z of(l)):::'r +oNl—e 7w
o +a J_f— (0) _ D_l

ptt order GM —n-1
process w,(7)= D.‘E—Gfplflz H(p-1)! (E{IP |f|) (p+n+1)
por (2p-2)!nl(p-n-1)!
Shaping Filter Equations with o Being Standard Deviation, & Kronecker Delta,
1/a Correlation Time, P Covariance Matrix And k Discrete Time Step

Table



TRUE VALUZ 2 .
TRUE VALUE
FILTER SYSTEM 1 il

WMRA U «—

TTRUERATRY e
ERRORS 2

SYSTEM 2
(AIDING) |




WAVELET TRANSFORMATION

ANALYSED SIGNAL x(t)  —

l::"'

s
-
Z
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WAVELET SHIFTING ... b

WAVELET SCALING ... a ﬂ/\/\/\,‘

ﬁ
CWT(a, b) = CORRELATION COEFFICIENT

44



WMRA DATA DE-NOISING

THE PRINCIPLE OF WMRA:

* Procedure of successive signal decomposition
« Scaling (LP) & wavelet (HP) filters & down-sampling 2
«  MATLAB: wden(signal, wavelet, LOD, threshold)

SENSOR fm ... maximum frequency in data SENSOR

SIGNAL fs ... data sampling frequency SIGNAL
LOD ... level of decomposition

15t LOD: fi = fs/2

1
|
I
|
I
/

20d LOD: fy, = f;/4

— e o

APPROX.
31'(1 LOD: fn] = fg/8




WAVELET TRANSFORMATION

Scaling function and wavelet

| | | 1

Fourier coefficient amplitudes

Scaling function and wavelet

T T T T T
— scaling function

- Wwavelet

Haar

1

Fourier coefficient amplitudes

T T T T T T
— scaling function

— wavelet

Daubechies 4




WMRA EVALUATION

Accelerometer Output Data De-noising ( Lateral Axis) for Level of De-noising 3 and 7

Ut

- Measured Data
— De-noised Data (LOD = 3)
—De-noised Data (LOD = 7)
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MATLAB: wden

Q
o
5

| Al \‘ N‘ “
(kv A kot i Db b AL A bl s i o (I'l i u\ ! ‘\ ‘ “‘H‘

AACARA ARG A4 oA et
‘ “MHH “h l\ i i ‘\!u\,’ i M

W !

| \| | ‘ HM
0- )'F i I ~ Measured Data |

| ! ail ' —De-noised Data (LOD = 3)
0. MH' i ——De-noised Data (LOD =7)
\

880 885 890 895 900 905 910 915 920
Time (S)

Acceleration (9)




WMRA EVALUATION

Accelerometer Output Data De-noising ( Vertical Axis) for Level of De-noising 3 and 7
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WMRA EVALUATION

Angular Rate Sensor Output Data De-noising (Lateral Axis) for Level of De-noising 3 and 7
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WMRA EVALUATION

Angular Rate Sensor Output Data De-noising (Vertical Axis) for Level of De-noising 3 and 7
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VICONIEaXP P'ERr IWI=INERS

i

* 6DOF pose data at 100Hz
 « Latency of about 10 ms
« Usually 4 markers per robot
* 12 cameras
/= Precision approx. 1 mm

-
Vicon Room at ASL, ETH, Zurich
——

51







LEICA GEOSYSTEMS EXPERIMENTS

||||||

« 3DOF position data at 5-10 Hz
.« Automatic target tracking
.\ * Delay 200ms
|« Range 3.5 km
* Precision approx. 1-3mm
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ANDALONE |

BOSITON, VELOCITY

TRUE VALUER!
ERRORS 1 SOIBPITCH, YAW 22 ?

-

EATENDER
KALMIAN
FILTER




INFLUENCE OF DRIFT & VIBRATION

l
i CLEECIEYE GYROS: influence
~Pitchacc of drift integration

—Pitch gyr

ACCELEROMETERS:
Influence of vibration

b
m
=
u
B0
=
<L




COMPLEMENTARY FILTERING

Acceleration Xz

Coarse
Alignment

3x ACC PF

Complementary
Filter

: Pitch
Angle increments
el
. Yaw
3x GYR PF Integration & :

Transformation

Angular rates X, Y, z



COMPLEMENTARY FILTERING

—tan(¢) 1
g w,cos(p)

Acceleration Xz

3x ACC PF

Complementary
Filter

Pitch
Roll
Yaw

3x GYR PF Integration & :

Angle increments

Transformation

Angular rates X, Y, z



COMPLEMENTARY FILTERING

Acceleration X,V Z

—g™“sin(p)cos(8)

g™sin(0) ‘
3x ACC PF —g™cos(p)cos(0)

Complementary
Filter

Pitch
Roll
Yaw

3x GYR PF Integration & :

Angle increments

Transformation

Angular rates X, V, z



COMPLEMENTARY. FILTER DESIGN
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Frequency characteristics of the transfer functions for the
combination of attitude angles obtained using coarse alignment
(low-pass ) and integration of angular rates (high-pass)



RESULTS — NIETI PITCH

Pitch Xsens

— Pitch Estimated
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Pitch angle estimated during UGV field-testing on ramps of given
slope: pitch angle estimated using complementary filtering (blue),
standard pitch angle output using MTi-G Xsens (red)




RESULTS — NIFTI ROLL

Roll Xsens
— Roll Estimated |-
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Q
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Roll angle estimated during UGV field-testing on ramps of given
slope: roll angle estimated using complementary filtering (blue),
standard roll angle output using MTi-G Xsens (red).




RESULTS — NIFTT YAW

[ [

e Yaw Xsens
Yaw Estimated -

Yaw angle estimated during UGV field-testing on ramps of given
slope: yaw angle estimated using proposed complementary filtering
(blue), standard yaw angle output using MTi-G Xsens (red).




