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Real-Time Control

User commands

l

Ideal Trajectory Generation

desired motion

Y

Local Stabilization & O 1ms
Inverse Kinematics

qda qd

Position Controlled Robot
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Disturbance

4/

Disturbance



Real-Time Autonomous Navigation

(% 200 ms

User commands

|

Parameter Optimization

Vision System

Y

'
|deal Trajectory Generation &
¢ L
. ] ' 20 ms
Trajectory Adaptation [«
desired motion
Local Stabilization & O 1ms

Inverse Kinematics

dy.44

-«

Position Controlled Robot




The Humanoid Robot “Lola”

0 okg
Shoulder 2 ° 1’8 m

belvis 2 . Asus Xtion PRO LIVE
A e 2 Intel i7 Computers
ande 2 - Control (QNX)

, Total 24 - Vision System (Linux)

y




Real-Time Autonomous Navigation

Vision System |
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Autonomous Navigation in Unknown Environments

Computer Vision

Sensing

Environment
Modeling

Motion Planning

Planning and
Control

11



Autonomous Navigation: Examples

2D-Representation 2,5D-Representation

“Height Maps”
A* - Search Algorithm Shakey the Robot (Moravec et al. 1985, Humanoid Navigation
(Hart et al. 1968) (Credit: SRI International) Herbert et al. 1989) (Kagami et al. 2003)
Segmented 2,5D-Representation 3D-Representation

abstacles

b - N
different ———
floor heights

= ..

Sony Qrio HRP 2 “‘Octomaps” EuRoC
(Gutmann et al. 2005) (Nishiwaki et al. 2012) (Wurm et al. 2010) (ICARSC 2016) 15
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Environment Modeling

Art Beispiel Planung und Dynamische
Kollisionsvermeidung Umgebung?

2D Shakey

H7

Qrio
2,5D
HRP 2

o |

Octomaps

13



Collision Model

closest SSVs

! Segment

Swept-Sphere-Volumes (SSVs)
(ICRA 2011)

Obstacle Avoidance
(IROS 2015, AIM 2016)

14



Environment Model

Walkable Surfaces Collision Objects
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Vision System

Surface
Approximation

e Segmentation

Plane
Recognition

not-so-RANSAC

o Clustering

v

e Approximation

« Tracking

http://github.com/am-lola/lepp3

-

Obstacle
Approximation

Segmentation
Clustering
Approximation

Tracking



http://github.com/am-lola/lepp3

Vision System

Plane Recognition },—i — % —

— Y
Recognize walkable surfaces from the scenario. Surface Plane Obstacle
Approximation Recognition Approximation

not-so- RANSAC

Segmentation Segmentation

Clustering < > Clustering
e Approximation * Approximation
e Tracking » Tracking

Method Time/Frame Proprieties
[ms]

‘ robust, slow, problem
Normal-Based < 800-1100 T g S




Vision System

RANdom SAmple Consensus (RANSAC)
Iterative test of plane parameters
ax+by+cz+d=0
until enough inliers are found

Generates a list of plane parameters
ay, by, cq,dq
do, bz, Co, d2

ai,bi, Ci, di

Modifications:

not-so-RANSAC

Initialized with known planes

Plane
Recognition

not-so-RANSAC

< f
-

v

Classification

Separate clusters based on inclination

19



Vision System

Euclidean Clustering
Classification based on
plane inclination

Polygon Approximation
Quickhull Algorithm
lterative reduction to
a n-sided polygon

Polygon Tracking
Geometric low-pass
filter

e .
b \&, -‘%‘/
<

Surface Plane Obstacle
Approximation Recognition Approximation
«  Segmentation not-so-RANSAC Segmentation
* Clustering Clustering
e Approximation Approximation
e Tracking Tracking

20




Vision System

Polygon Approximation
Quickhull Algorithm
Iterative reduction to
a n-sided polygon

-

Surface
Approximation

Segmentation
Clustering
e Approximation
e Tracking

21



Vision System

Polygon Tracking
Geometric low-pass

filter

-

Surface
Approximation

* Segmentation
e Clustering

*  Approximation
e Tracking

22



Vision System

-

Surface

Approximation

Segmentation
Clustering
Approximation
Tracking

23



Vision System

. Gaussian Clustering
,Gaussian Mixture Models*
Probabilistic fit of a 3D
normal distribution

-

Obstacle
Approximation

Segmentation
Clustering
Approximation
Tracking

&’

GMM: K gaussians with the following form:
K

pI0) = ) me (el Z)
k=1
Expectation Step (iteration through each point x;
and Gaussian k): “responsibility”
Maximization Step (iteration through each

Gaussian k): new mean ¢, covariance ¢

and mixing coefficient r;¢"

Regularization: add a low-pass filter to the
covariance: ¢ = A%, + (1 — A)zje

24



Vision System

Gaussian Clustering

L ,2Gaussian Mixture Models

‘*‘ Probabilistic fit of a 3D
bt normal distribution

., 82
Vean

-

Obstacle
Approximation

Segmentation
Clustering

« Approximation

¢ Tracking

®r

25



Vision System

~owept-Sphere-Volumes* (SSVs)
Approximation
Inertia tensor analysis (PAD)
Main moments of inertia

-

Obstacle
Approximation

¢ Segmentation
¢ Clustering

« Approximation
¢ Tracking

ol

Inertia Matrix I
eigenvalues L,qx = Lnia = Lnin
Geometric invariants:

& = Ilmin &2 = Ilmid
max max
Point-SSV: Iax = Lnia = Inin
-§=é6=1 O
Line-SSV: L,,ux > Imia = Lnin
& <é&H=1 Q

26



Vision System

=

4 \
Obstacle
Approximation

Segmentation

Clustering
Tracking
&
\ a J
1.50
1.25
1.00
0.75
0.50
Obstacle-Tracking 0.25
Kalman-Filter on the obstacle’s 0 50 100

centroid with constant x and rame

Gaussian noise on x and x

27



Vision System

' B
Obstacle
Approximation

Segmentation
Clustering
Approximation
Tracking

o

28



Vision System
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Vision System

Parallel Processes

iniiseconas

350
325
300
275
250
225
200
175
150
125
100

75

50

25

Main e—
RANSAC oommm -
SurfaceDetection s

Sequential

Task-Parallel Task- and Data-Parallel

30
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Real-Time Autonomous Navigation

User commands

|

| Parameter Optimization

!}



Navigation

Discrete Footholds



Navigation

Discrete Footholds Full-Discretization




Navigation
Search Tree — A*-Search Full-Discretization
. |

(anLya gbZ)

Start




Navigation

Search Tree — A*-Search

® G

(anLya gbZ)

Start

Full-Discretization




Node Analyses

Search Tree — A*-Search

. Goal

(anLya qu)

Start

> 6D Pose? (Lzaﬁbya sz)

> Geometrically Valid?



Node Analyses

Search Tree — A*-Search

. Goal

(La‘:a Lya sz)

> 6D Pose?

Start (Lzaqbyaqbz)

6D — Pose : Surface Modelling




Node Analyses
Search Tree — A*-Search 6D — Pose : Geometric Position
. Goal

. I

II '
- i

(Lma Lya sz) ¢ f.*‘

Ci 6D Pose . 4

s (Lzs Oys 92)



Node Analyses
Search Tree — A*-Search 3D - Collision Checking
@ co
Lower Leg Obstacles
Approx. T Y
- o

J
(L, Ly, ¢-) §/°

Geometrically
Cs > _ Surface
v Valid? o

Start



Real Time — Node Optimization

Search Tree — A*-Search Local Adaption
® cou
e
._,/
C?: (an Lya Qﬁz)
St Geometrically Valid?




Motion Generation

Navigation
Local Stabilization &
ﬁ Inverse Kinematics
3} 1 Full-Kinematic Motion?
E = Stable Walking?
= -1
=
TCalc < TStep
-0




Motion Generation

G = J7w(t) + Nu(t)

Local Stabilization &
Inverse Kinematics




Motion Generation

i = Hi(0) F Nu(o)

w(t) = w(t,p)

Dynamic Constraints

{ [/ .-'I

| /

/'T“\

L AN
7 NN
\‘\.

-
e e i)
& |

Local Stabilization &
Inverse Kinematics




Motion Generation

-t v

w(t) = w(t,p)

Dynamic Constraints

........... s
/q-«\ i

2N

/ 4 3

7t A

PRg

// """"""""" |

¢ .

= X

Locally

Local Stabilization &
Inverse Kinematics

Eﬁ\
-t

¥ e
4 =
-gr

i
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Predictive Kinematic Planning

Navigation p = —
| /\ w(ty)
..ﬁ Local Stabﬂization &
Inverse Kinematics
&/
g }:( o \‘}\_
5 £ ¥
& "
= 11
<
=
-0




Predictive Kinematic Planning

Inverse Kinematics

| Ol Local Stabilization &

Evaluation
&
Initialization

P — Pev




Predictive Kinematic Planning

Optimization

/0 (), 4(0))

P = Popt

(it

e

Wopt (tk)

Local Stabilization &
Inverse Kinematics




Predictive Kinematic Planning

Optimization

/0 (), 4(0))

U = Uopt

(it

e

Wey (tk)

Uopt

"| Local Stabilization &
Inverse Kinematics




Predictive Kinematic Planning

Optimization

/0 (), 4(0))

P = Popt

IIan

-

Wopt (tk)

Uppt

"| Local Stabilization &
Inverse Kinematics




Reactive Adaptation

0.2

0.15




Predictive Kinematic Planning

0.2

0.15

0.1

zp[m)

0.05

0.2

0.15

0.1

zp[m]

0.05




Navigation and Motion Generation

Navigation Predictive Kinematics Local Adaptation
|:| u (t) = U_-‘(t, pn-pt)
— /"\\
| ARN,
L] 7” '
. &
Y A
a_cf D 41 ¢ = J#i 4+ N1
;D 1° &\
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Real-Time Autonomous Navigation

Trajectory Adaptation




Motivation

unknown disturbances

external forces

unevenness

ST



Motivation

unknown disturbances

—_—— u:\ > current state?
AN
external forces )

» divergence?

» adapt future motion?
unevenness

Vs



Solution?



Solution

» current state? — state estimator
» divergence? — prediction model

» adapt future motion? — trajectory optimization




Solution

» current state? — state estimator
» divergence? — prediction model

» adapt future motion? — trajectory optimization

> input?
inertial measurements (IMU)
ideal planned motion



Solution

» current state? — state estimator
» divergence? — prediction model

» adapt future motion? — trajectory optimization

> input?
inertial measurements (IMU)
ideal planned motion

> output?

modified foot trajectories
modified center of gravity trajectories



Trajectory Adaptation

ideal motion

! '

trajectory optimization |« state estimator [<+— [MU data

N g—

5

prediction model

adap. motion



Dynamic Prediction Model

planning frame

inertial frame properties:

» planar

» 3 point masses




Dynamic Prediction Model

planning frame

inertial frame properties:

A

planar

2 unilateral contacts

-
» 3 point masses
>
-

2 passive dofs




Dynamic Prediction Model

planning frame

inertial frame
A

properties:

>
>
>
>
>

planar

3 point masses

2 unilateral contacts
2 passive dofs

local contact force
control



Dynamic Prediction Model

» nonlinear dynamics

M(q,t)g+ h(q,q,t) = X(q,q,t) + T(q, q)



Dynamic Prediction Model

» nonlinear dynamics

M(q,t)g+ h(q,q,t) = X(q,q,t) + T(q, q)

» switching contact states



Dynamic Prediction Model

» nonlinear dynamics

M(q,t)q+ h(q,q,t) = X(q,q,t) + Ts(q,q)

» switching contact states

» local force control

T, = [0, sat(—K,Ap, — KgApy)]"



Dynamic Prediction Model

» nonlinear dynamics

M(q,t)q+ h(q,q,t) = X(q,q,t) + Ts(q,q)

» switching contact states

» local force control

T, = [0, sat(—K,Apy — KdAng)]T

» computation time (Horizon T = 1s, forward Euler At = 3ms)
—  ~ b0ps



Prediction Result

time: 0.0000 [s]
. «— center of mass

robot fixed frame
of reference

-

left foot

contact force
-

right foot

o |_
b

© 2015 Institute of Applied Mechanics, TUM




Verification — Simulation

proposed model vs. pendulum:
0.4 |




Verification — Measurements

» absolute inclination ¢

» measurement vs. prediction model



Verification — Measurements

» absolute inclination ¢

» measurement vs. prediction model

0.2 - Meas.
? Pred.
= 01 L
$ Meas.
Pred.
0 L
| | |




State Estimation - Extended Kalman Filter

estimate for inertial /absolute pose



State Estimation - Extended Kalman Filter

estimate for inertial /absolute pose

local stabilization

inertial measurements

(IMU)

state observer

>
filtered IMU data



State Estimator - Kalman Filter

@z [rad]

Oz [rad/s]

0.1

0.05

B GA\\/\\/\/ meas — _
. filter

204 205 206 07
:rf\,m /\ WAV f \,(\ \/ \qu W [\\& // A P A MUY ,_
h A W O A AR YA T
i, MW A

Ny | ﬁ | |
204 205 206 507

t 3]

208
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Model with Modifications

modifications:

» final swing foot
position p




Model with Modifications

modifications:

» final swing foot
position p

» CoG trajectory
Al‘b(t)



Model with Modifications

» swing foot modification (5th order polynomial):

re1 = reiid + Are(p)



Model with Modifications

» swing foot modification (5th order polynomial):

re1 = reiid + Are(p)
» CoG Modification:

Xb,id Axp
rb:rb,,-d—|—Arb: 0 + 0 ; u = AXxg
Zb.id 0



Model with Modifications

» swing foot modification (5th order polynomial):

re1 = reiid + Are(p)

» CoG Modification:

Xb,id Axp

rb:rb,,-d—|—Arb: 0 + 0 ;
Zb.id 0
» EoM with modifications
h _ g _
o4 a| _ [MX(p)+ Ts—h]
dt |Axp Axp

_Akb_ i u |

U:A)'%b

f(x,t,p,u).



Optimization Problem

tr

min J = min ls(x(tf),p)Jr/h(x, p, u, t)dt],
p,u(t) p,u(t)

to
s.t. x(t) = f(x,p,u(t),t), (prediction model)

x(tp) = xg, (estimated state)



Optimization Problem

tf

min J = min) ls(x(tf),p) +/h(x, p, U, t)dt],

p,u(t) p,u(t
to

s.t. x(t) = f(x,p,u(t),t),

(prediction model)

x(tg) = xo, (estimated state)

u(t) e U,
pecP.

» real-time solution with conjugate gradient method



Optimization Problem

tf

min J = min) ls(x(tf),p) +/h(x, p, U, t)dt],

p,u(t) p,u(t
to

s.t. x(t) = f(x,p,u(t),t),

(prediction model)

x(tg) = xo, (estimated state)

u(t) e U,
pecP.

» real-time solution with conjugate gradient method

» receeding horizon with 50 Hz

» 3 iterations take max. 3.5 ms



Results

receeding horizon for CoG modification:

0.2

Axyp [m]
=




Combination with collision avoidance

Vision + planning + stabilization?



Problem Description

stance foot

obstacle

swing foot

» L4 ideal step



Problem Description

stance foot

obstacle

swing foot

» L4 ideal step
» AL: adaptation (disturbance)



Problem Description

stance foot

obstacle

swing foot

» L4 ideal step
» AL: adaptation (disturbance)
» L,y + AL: collision!



Strategy

> preserve hierarchy

» collision avoidance > stabilization



TUT

Strategy
Optimization (again)
> preserve hierarchy min J(u. p)
» collision avoidance > stabilization u,p
» foot position in optimization: x = f(x, u, p)
X(to) = X0
p < P uelu

p <P




TUT

Strategy

Optimization (again)

> preserve hierarchy min J(u. p)

» collision avoidance > stabilization u,p

» foot position in optimization: x = f(x, u, p)
X(to) = X0

p < P uelu
> question: peP

P =77



TUTI

Strategy

Optimization (again)

> preserve hierarchy min J(u. p)

» collision avoidance > stabilization u,p

» foot position in optimization: x = f(x,u,p)
X(to) = X0

P < 7) uelu
» question: p <P

P =77

= geometric constraints — inequality constraints



Geometric Constraints

kinematic limits

I stance foot

kinem.
reachable
region




Geometric Constraints

kinematic limits

I stance foot
kinem.
reachable
region
obstacles

=k

N

@ @
9




Geometric Constraints

kinematic limits

I stance foot

kinem.
reachable
region

foot geometry

3

\_~

obstacle

enlarged obstacle

obstacles

b

N

@ @
9




Geometric Constraints

kinematic limits

I stance foot

kinem.
reachable
region

foot geometry

3

\_~

obstacle

enlarged obstacle

obstacles

@ @
9

ah

N

large obstacles

inaccessible region

large obstacle



Finding Safe Footholds

» set of all inequality constraints

» invalid points x:

C/,k = A, x > b,




Finding Safe Footholds

» set of all inequality constraints ri
» invalid points x:

C/,k = A, x > b,

» search safe regions with different seed points




Finding Safe Footholds

» set of all inequality constraints ﬂi
» invalid points x: '

C/,k = Ax > by

» search safe regions with different seed points

> set of convex safe regions

P={Cvi,...Cvn}




Finding Safe Footholds

» set of all inequality constraints r ‘ ‘

» invalid points x:

C/,k = A, x > b,

» search safe regions with different seed points

» set of convex safe regions

P={Cvi,...Cvn}

» compute closest point

peEP




Real-time System

» 1x Linux (vision)
» 1x QNX (control)

Step k Step k+1
Proc.1:
A*-Planner Step (k + 1) to (k + Nstep)
Onboard |deal Traj. H -
computer _ L
(2x Intel i7) Adapt Traj.
Upd.SSV O 200 ms
Proc.2:

LocaiCon.




Summary

Environment Modeling

Motion Generation

Stabilization
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Disturbance

4/

Disturbance



Results

Videos can be found at:

www.youtube.com/appliedmechanicstum

Lola — Playlist

https://www.youtube.com/playlist?list=PLVAvOOVYkpkMFENgz8cercTVvVryzlehOa



http://www.youtube.com/appliedmechanicstum
https://www.youtube.com/playlist?list=PLVAvoOVYkpkMFNgz8cercTVvVryz1eh0a

Limitations

User commands

5 200 ms

I P: er Optimization |
1

i
| Ideal Trajectory Generation |
1

- * - 5 20
| Trajectory Adaptation | ms

\ desired motion

Local Stabilization & ¥ 1ms
Inverse Kinematics

| Qg (:n'd

Vision System |-——{ Position Controlled Robot |

Hardware:

* Prototype state

e Cabling issues

« Camera accuracy

* Rare communication errors

Software:

* More software testing

» Advanced error handling
Methods falil
Other fails

* Robustness

e Tuning
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