00'\\1 ersl}‘é}
1Dat?llk:sBsw! |%tglo4n . E'@E

50d
o5

RobolLab - A Search and Rescue Mission

Niklas Kaspareit, Luci Fumagalli Jana de Wiljes
SFB 1294 Spring School 2023






Motivation

Figure 1: Earthquake in Turkey (February 2023) - Rescuers and helpers are
searching for survivors

Source: https://www.politico.eu/article/death-toll-in-turkey-and-syria-passes-5000-as-

rescuers-race-against-time-earthquake/ 2






Figure 2: Football team got trapped in cave in Indonesia (July 2018) - Rescue
team with their equipment at cave entrance

Source: https://en.wikipedia.org/wiki/Tham_Luang_cave_rescue
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The Robolab
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Figure 3: Our Robolab is easily accessible from the Golm train station.
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RobolLab history
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RobolLab history
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RobolLab history
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RobolLab history
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ROS2 - the robotics operating
system




ROS2 - the robotics operating system

Sensors
record data

Filter and process data
Make choice of action

Service

Request

Response

Figure 4: Ros2 Communication model
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ROS2 - the robotics operating system

Figure 5: Map and Pose visualised in rviz on the client using the data
published by the robot via a topic
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Motion models




Velocity motion model

Figure 6: Representation of Velocity motion model

source: Seckler, 2D Robotic Mapping Using a Grid-Based Fast-SLAM Algorithm with
Applications of Reinforcement Learning, 2020.
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Velocity Motion Model

Xt
Robot pose; x; = | y;
0:

v,
Robot control : u; = (f)
Wt

measurements : z;
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Velocity Motion Model
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Standard Odometry Model

Movement from (xt Vi Gt) to (XH_l Vi1 9t+1)
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Standard Odometry Model
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Standard Odometry Model

Movement from (xt Vi Ht) to (XH_l Vi1 9t+1)

Odometry information: u = (6mt1 Otrans 5,0t2)

Otrans = \/(Xt+1 — Xt )? + (Ver1 — ye)?

Srot1 = atan2(yes1 — Ve, Xe1 — Xe) — O¢

5rot2 - 0t+1 - ‘91’ - 6rot1

Figure 7: Odometry Motion Model representation

source: Stachniss (TU Bonn), Course: Robot Mapping, 2014
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Unscented Kalman Filter




Comparison of Filtering approaches
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Extended Kalman Filter

Algorithm 1 Extended Kalman Filter
1: jie = g(ue, pe—1)

Y, =GX: 1G + R

K = ithT(HtithT + Qt)fl

pe = fir + Ke(ze — h(jic))

Y = (I — KeHy)Zs

return fig, >4

S A
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EKF to UKF (1)

= 6T
K = )_:thT(Ht)_:thT + Qt)_l
pe = fe + Ke(z: - h(fic))

Zt = (I - Kth)Zt
return fig, >¢

AN L
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EKF to UKF (1)

1: i = calculate i by computing Sigma Points
2. ¥, = propagation of motion of Sigma Points
3:

4:

5:

6: return fig, >4

28



EKF to UKF(1) - Unscented Transform

Sigma Points

X = p
M =p+(/(n+ M), fori=1,---,n
M =p—(/(n+NZ)i_, fori=n+1,---,2n

Weights
ol _ A
mon4 A
W0 = Wl £ (140 4 9)
i i 1 .
Wr[n]:W(_[.]:m fOrI:].,"',zn

source: Julier et al., The Scaled Unscented Transformation, 2002.
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EKF to UKF(1) - Unscented sform

k=3,a=025 k=3, a=075

Figure 9: source: Stachniss (TU Bonn), Course: Robot Mapping, 2014
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EKF to UKF(1) - Unscented

k=3,a=025 k=3, a=075

Figure 9: source: Stachniss (TU Bonn), Course: Robot Mapping, 2014

Choice of Parameters
k>0
a € (0,1]
A=a*(n+K)—n
8 =2 for Gaussians

source: Julier et al., The Scaled Unscented Transformation, 2002.
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EKF to UKF (1)

L xe—1 = (1e -1+ (V(n+N)Xiq)ifori=1,--- n
Mt—li( (n+)‘)zt 1)1 n fOI’I—n+17 ,2[7)

2 Xt = g(ue, Xe-1)
3: ﬂt:z,%o []—*[]

4: it = 2’2"0 Wc[](_, (7l /_ﬁt)()_(:[i] _ /_f/t)T TR
5: Xt = (,L_"t ﬂt+( (n+)\)it)if0rf:l,~~-7n
fie — (\/(n+ N Z¢)imp fori=n+1,---,2n)

© ® N

return fie, >¢
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EKF to UKF (1)

i©ON

1 1.5 ¥ % ] 15

. T
o 1+ &+ sin(2xz) + cos(1
g((z,y)7) = ( ' ;qu;j 5() )

source: Stachniss (TU Bonn), Course: Robot Mapping, 2014
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EKF to UKF (2)

1: = (pe—1 pe—1+ (V/(n+N)Xiq); fori=1,-
Pt~ 1—(m),;n fori=n+1,---,2n)

2 X; = g(ur, Xe-1)

3 o= 20 Wil

4: it:z?"owik MA@ - )7+ R,

5 Xt = (Be e+ (V(n+N)Zy) fori=1,-

fir — ( (nJr)\)it),-_,, fori=n+1,---,2n)

6: Ky = Compute expected observations and Kalman Gain using
Sigma Points

9: return fug, Xt
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EKF to UKF (2)

6: (Xt)

7: 22” []Z[]

8: S, _22" [](Z[] )(Z[i]ift)TJer
9: 577 = w7 — ) (21 - 207

10: Ky =¥7%S!

13: return py, >4
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EKF to UKF (3)

6: (Xt)

7: 22” []Z[]

8: S, _22" [](Z[] )(Z[i]ift)TJer
0: 537 = Y wl (7 — ) (21 - 2)7
10: Ky =57%5;!

11 tpe = e + Ki(ze — 2t))

12: Zt = Zt — KtSth

13: return py, >4
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Unscented Kalman Filter i

oxe—1 = (-1 1+ (V(n+N)Xiq)ifori=1,--- n
ut,l—(\/m),;n fori=n+1---,2n)

2 X; = g(ur, Xe-1)

3 = Z,Qno w,[,,] o

- Te=Y T wl (_*[] — A @ = )T+ Re

5. Xt = (7t A+ (V(n+NXy)ifori=1,---,n
i — (V(n+NZy)ionfori=n+1,---.2n)
6:2 h( t)

8 S, _22" [](Z[] )(ét[i]—ft)T+Qt
o £7 = Wl (@ - (20 - 27
100 Ky = %7751
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Unscented Kalman Filter ii

11: Mt = ,D'I' + Kt(Zt — 21’)
12: Zt = it - KtSthT

13: return u, X
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Comparison of EKF and UKF
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Figure 10: EKF and UKF in a normal setting of a non linear function

source: Thrun et al.: “Probabilistic Robotics”, Chapter 3.4, 2005.
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Comparison of EKF and UKF - Small Covariance

pivl piv! = Function gix)
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Figure 11: EKF and UKF in a setting of a non linear function with small

covariance

source: Thrun et al.: “Probabilistic Robotics”, Chapter 3.4, 2005.
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Outlook




Pink Noise for exploration

White noise Pink noise OL noise

local

. global
—_ — - — —
exploratian . # ¥

exploration

Figure 12: Pink Noise performs better in exploration tasks
source: Eberhard et al.. Pink Noise Is All You Need. 2023.
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https://openai.com/research/emergent-tool-use

Pink Noise for exploration

White noise Pink noise OL noise

global

local
T — " — ¥ —
exploration '! ¥ exploration

Figure 12: Pink Noise performs better in exploration tasks
source: Eberhard et al.. Pink Noise Is All You Need. 2023.

MultiAgent Reinforcement Learning

A
{

Figure 13: Multi-Agent Reinforcement Learning with Hide and Seek (OpenAl)

OpenAl. Emergent tool use from multi-agent interaction 40


https://openai.com/research/emergent-tool-use
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Figure 14: source: https://www.memedroid.com/memes/detail/3796469/

captcha?refGallery=tags&page=1&tag=robot
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https://www.memedroid.com/memes/detail/3796469/captcha?refGallery=tags&page=1&tag=robot
https://www.memedroid.com/memes/detail/3796469/captcha?refGallery=tags&page=1&tag=robot

EKF to UKF (3) - BACKUP

g
I
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