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14:15 – 14:30 The chair of Applied Mechanics and Lola
Daniel Rixen

14:30 – 16:00   Versatile and Robust Walking in unknown Terrain

Ø Environment Modelling & Vision System 
Daniel Wahrmann (Daad)

Ø Navigation & Motion generation
Arne Hildebrandt (DFG)

Pause
Ø Environment Modelling & Vision System 

Robert Wittmann (DFG)

Ø Future Research & outlook
Daniel Rixen

16:00 – 17:00 Lab demonstrations
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Humanoider Roboter: „Johnnie“

DFG-Schwerpunktprogramms 
SPP 1039 - Autonomes Laufen wurde (1997 – 2002)  

Dr. Gienger und Dr. Löffler

Prof. F. Pfeiffer
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Humanoider Roboter: „Lola“

2001 - 2012

DFG-Paketantrag: Natur und Technik intelligenten Laufens
2004-2010 (Sprecher Ansgar Büschges)

ü Dr. Sebastian Lohmeier: Design and Realization of a Humanoid
Robot for Fast and Autonomous Bipedal Walking 

ü Dr. Thomas Buschmann: Simulating and Controlling Biped Robots

ü Dr. Markus Schwienbacher: Redundancy, Collision Avoidance and
Dynamic Trajectory Planning for Humanoid Robots

ü Dr. Alexander Ewald: Implementation of Neurobiological Principles in 
the Walking Control of Humanoid Robots

ü Dr. Valerio Favot – Dr. Bachmayer: Electronics and Low-Level 
Control for Biped Robots

Prof. H. Ulbrich
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Humanoider Roboter: „Lola“

2012 -

DFG- Flexibles und robustes Gehen in unebenem Gelände 
(2012-2016)

ü Robert Wittmann: 
Robustes Gehen auf unebenem Terrain und unter großen Störungen

ü Arne Hildebrandt: 
Autonome Navigation humanoider Roboter

ü Daniel Wahrmann: 
Autonome Fortbewegung Umgebungsmodellierung

ü Felix Sygulla: 
Robusteres Gehen auf unerkanntem unebenem Gelände mit Hilfe von 
taktilem Feedback

ü Philipp Seiwald

Dr. T. Buschmann

2012-2014
Prof. dr. D. Rixen
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Results are published in:



http://www.lake-skadar.com/



http://www.touristmaker.com/



Real-Time Control
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Real-Time Autonomous Navigation



• 60 kg
• 1,8 m
• Asus Xtion PRO LIVE
• 2 Intel i7 Computers

- Control (QNX)
- Vision System (Linux)
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The Humanoid Robot “Lola”
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Autonomous Navigation: Examples

A* - Search Algorithm
(Hart et al. 1968)

Shakey the Robot
(Credit: SRI International)

2D-Representation

“Height Maps”
(Moravec et al. 1985, 
Herbert et al. 1989)

Humanoid Navigation
(Kagami et al. 2003)

2,5D-Representation

Segmented 2,5D-Representation

Sony Qrio
(Gutmann et al. 2005)

HRP 2
(Nishiwaki et al. 2012)

3D-Representation

“Octomaps”
(Wurm et al. 2010)

EuRoC
(ICARSC 2016)



Art Beispiel Planung und
Kollisionsvermeidung

Dynamische 
Umgebung?

2D Shakey ~

2,5D

H7 ~

Qrio ~

HRP 2 x

…

3D
Octomaps x

13

Environment Modeling
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Collision Model

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

Obstacle Avoidance
(IROS 2015, AIM 2016)
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Environment Model

Walkable Surfaces Collision Objects



Introduction and Motivation

Environment Modeling

Vision System

Navigation and Motion Generation

Stabilization

Results

Limitations

Perspectives

16

Contents



17

Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation

• Clustering

• Approximation

• Tracking

• Segmentation

• Clustering

• Approximation

• Tracking

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

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


Plane Recognition 

Recognize walkable surfaces from the scenario.
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
• Tracking

• Segmentation
• Clustering
• Approximation
• Tracking

Input Method Output Time/Frame
[ms]

Proprieties

Depth-Map 90-110 easy, inexact, difficulty 
with multiple surfaces

Normal-Based 800-1100 robust, slow, problem 
with far-away objects

RANSAC 50-70 fast, multiple surfaces, 
parameter-sensible 

…



RANdom SAmple Consensus (RANSAC)
Iterative test of plane parameters
𝒂𝒂𝑥𝑥 + 𝒃𝒃𝑦𝑦 + 𝒄𝒄𝑧𝑧 + 𝒅𝒅 = 0
until enough inliers are found

Generates a list of plane parameters
a1, 𝑏𝑏1, 𝑐𝑐1,𝑑𝑑1
a2, 𝑏𝑏2, 𝑐𝑐2,𝑑𝑑2
…
a𝑖𝑖 , 𝑏𝑏𝑖𝑖 , 𝑐𝑐𝑖𝑖 ,𝑑𝑑𝑖𝑖

Modifications:
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
• Tracking

• Segmentation
• Clustering
• Approximation
• Tracking

not-so-RANSAC Classification

Initialized with known planes Separate clusters based on inclination



20

Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
• Tracking

• Segmentation
• Clustering
• Approximation
• Tracking

Euclidean Clustering
Classification based on 
plane inclination

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

Polygon Tracking
Geometric low-pass
filter
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation
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• Segmentation
• Clustering
• Approximation
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Euclidean Clustering
Classification based on 
plane inclination
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
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• Segmentation
• Clustering
• Approximation
• Tracking

Euclidean Clustering
Classification based on 
plane inclination
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Quickhull Algorithm
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a n-sided polygon

Polygon Tracking
Geometric low-pass
filter



23

Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
• Tracking

• Segmentation
• Clustering
• Approximation
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
• Tracking

• Segmentation
• Clustering
• Approximation
• Tracking

Gaussian Clustering
„Gaussian Mixture Models“
Probabilistic fit of a 3D
normal distribution

„Swept-Sphere-Volumes“ (SSVs)
Approximation

Inertia tensor analysis (PAD)
Main moments of inertia 

Obstacle-Tracking
Kalman-Filter on the obstacle’s
centroid with constant 𝑥̇𝑥 and
Gaussian noise on 𝑥𝑥 and 𝑥̇𝑥

GMM: K gaussians with the following form:

𝑝𝑝 𝑥𝑥 𝜃𝜃 = �
𝑘𝑘=1

𝐾𝐾

𝜋𝜋𝑘𝑘𝒩𝒩 𝑥𝑥 𝜇𝜇𝑘𝑘, Σ𝑘𝑘

Expectation Step (iteration through each point 𝑥𝑥𝑖𝑖
and Gaussian 𝑘𝑘): “responsibility”
Maximization Step (iteration through each 
Gaussian 𝑘𝑘): new mean 𝜇𝜇𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛, covariance Σ𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚
and mixing coefficient 𝜋𝜋𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛

Regularization: add a low-pass filter to the 
covariance: Σ𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜆𝜆Σ𝑘𝑘 + 1 − 𝜆𝜆 Σ𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚
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Vision System

Obstacle 
Approximation

Plane 
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Surface 
Approximation
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• Approximation
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• Segmentation
• Clustering
• Approximation
• Tracking

Gaussian Clustering
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Approximation
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
• Tracking

• Segmentation
• Clustering
• Approximation
• Tracking

Gaussian Clustering
„Gaussian Mixture Models“
Probabilistic fit of a 3D
normal distribution

„Swept-Sphere-Volumes“ (SSVs)
Approximation

Inertia tensor analysis (PAD)
Main moments of inertia 

Obstacle-Tracking
Kalman-Filter on the obstacle’s
centroid with constant 𝑥̇𝑥 and
Gaussian noise on 𝑥𝑥 and 𝑥̇𝑥

Inertia Matrix 𝐼𝐼
eigenvalues 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 ≥ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 ≥ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
Geometric invariants:

ξ1 =
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚

ξ2 =
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚

Point-SSV: 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 ≅ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 ≅ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
→ 𝝃𝝃𝟏𝟏 ≅ 𝝃𝝃𝟐𝟐 ≅ 𝟏𝟏

Line-SSV: 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 ≫ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 ≅ 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
→ 𝝃𝝃𝟏𝟏 < 𝝃𝝃𝟐𝟐 ≅ 𝟏𝟏
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
Approximation

not-so-RANSAC• Segmentation
• Clustering
• Approximation
• Tracking

• Segmentation
• Clustering
• Approximation
• Tracking

Gaussian Clustering
„Gaussian Mixture Models“
Probabilistic fit of a 3D
normal distribution

„Swept-Sphere-Volumes“ (SSVs)
Approximation

Inertia tensor analysis (PAD)
Main moments of inertia 

Obstacle-Tracking
Kalman-Filter on the obstacle’s
centroid with constant 𝑥̇𝑥 and
Gaussian noise on 𝑥𝑥 and 𝑥̇𝑥

1.50
1.25
1.00
0.75
0.50
0.25

0                              50 100                                               
Frame
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Vision System
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Vision System






Parallel Processes
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Vision System

Obstacle 
Approximation

Plane 
Recognition

Surface 
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not-so-RANSAC• Segmentation
• Clustering
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• Segmentation
• Clustering
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• Tracking
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Full-DiscretizationDiscrete Footholds

Navigation



Navigation

Search Tree – A*-Search Full-Discretization



Navigation

Search Tree – A*-Search Full-Discretization



Node Analyses

Search Tree – A*-Search

 6D Pose?

 Geometrically Valid?



Node Analyses

6D – Pose : Surface ModellingSearch Tree – A*-Search

 6D Pose?



6D – Pose : Geometric Position  Search Tree – A*-Search

 6D Pose?

Node Analyses



Node Analyses

Search Tree – A*-Search 3D - Collision Checking

 Geometrically 
Valid?



Real Time – Node Optimization

Local AdaptionSearch Tree – A*-Search

 Geometrically Valid?



Motion Generation

Full-Kinematic Motion?

Stable Walking?

Navigation



Motion Generation



Motion Generation

Dynamic Constraints 



Motion Generation

LocallyDynamic Constraints 
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Predictive Kinematic Planning

Evaluation 
&

Initialization
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Reactive Adaptation



Predictive Kinematic Planning



Navigation and Motion Generation

Navigation Predictive Kinematics Local Adaptation 
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Real-Time Autonomous Navigation
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Summary

Environment Modeling Motion Generation Stabilization
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Disturbance 

Disturbance 



Videos can be found at:

www.youtube.com/appliedmechanicstum

Lola – Playlist

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

Results

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


Hardware:
• Prototype state
• Cabling issues
• Camera accuracy
• Rare communication errors

Software:
• More software testing
• Advanced error handling

Methods fail
Other fails

• Robustness
• Tuning

Limitations
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