


The Center for Robotics and Intelligent Machines 
(RIM@Georgia Tech) is helping define the new 
face of computing through a unique emphasis on 
education and research in robotics. The Center 
positions Georgia Tech to become a world leader 
in these promising, revolutionary new technolo-
gies. 

RIM@Georgia Tech’s activities leverage the 
strengths and resources of Georgia Tech by 
reaching cross traditional boundaries to 
embrace a multidisciplinary approach. The 
College of Computing, College of Engineering 
and the Georgia Tech Research Institute play 
key, complementary roles through Tech’s tradi-
tional expertise in interactive and intelligent 
computing, control, and mechanical engineering.

Emphasizing personal and everyday robotics as 
well as the future of automation, faculty involved 
with RIM@Georgia Tech help students under-
stand and define the future role of robotics in 
society.n addition, well—established industry 
relationships provide a path for technology 
transfer and commercialization - a crucial objec-
tive for RIM@Georgia Tech projects.

Basic and applied research is the heart of 
RIM@Georgia Tech. The study of basic engineer-
ing problems in robotics is central to our work, 
but equally important is the integration of inno-
vation and discoveries into real-world systems 
and applications RIM@Georgia Tech research 
encompasses more than a dozen laboratories 
and 30-plus faculty from many different engi-
neering disciplines. 

Moreover, coordinating robotics research 
through the RIM@Georgia Tech center focuses 
those efforts and promotes development of a 
unified research strategy. This is an important 
step toward our goal of becoming one of the 
world’s premiere robotics research institutions.

INNOVATING THE FUTURE OF ROBOTICS
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Bio-Inspired Robotics and Human Modeling Laboratory
David MacNair, Ph.D. Candidate; Jun Ueda, Faculty Advisor

George W. Woodruff School of Mechanical Engineering

Fingerprint Method for Stochastic Arrays
This research was supported by:

NSF Cyber-Physical Systems
ECCS-0932208.

Introduction
Generation of natural movements, or the movements
created by biological systems, has been one of the
biggest scientific questions discussed in physiology for
decades. Biological muscle is known to have properties
of stochasticity compliancy, and redundancy. Building
these properties into artificial muscles, or actuator
arrays, hopefully will allows robotic devices to move and
manipulate objects in human environments effectively
and in a way that humans observers feel comfortable
around.

Stochastic Actuator Array Individual Cells

The actuator arrays are built from small actuator cells
with structural elasticity. These cells are controlled using
a bistable stochastic process wherein all cells are given a
common input probability (control) value which they use
to determine whether to actuate or relax. This greatly
simplifies wiring and control, and greatly reduces the
effect of actuator hysteresis. The structural elasticity
allows the cells to be combined into complex arrays and
for the resultant array to appropriately interact with the
environment.

Stochastic Cells

Stochastic Control Technique
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Actuator Arrays
Cells can be arranged into complex topologies giving a wide
range of strength, displacement, and robustness
characteristics. Actuator arrays can be represented simply
and compactly using a layer-based description, or fingerprint,
which uses hexidecimal numbers to represent complex
structure and decimal numbers for cell and rigid link
connections.
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Example Actuator Array Fingerprint

Example Array
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Fingerprint Method
Infinite possible topologies exist, but given intelligent
engineering design restrictions the fingerprint method can
describe and automatically generate every possible
stochastic actuator array topology for a given number of
cells, and can calculate actuator array properties such as:
travel, required actuator strength/displacement, force range,
force variance, and robustness for any array topology. These
properties are necessary when designing arrays for use in
robotic applications and provide interesting similarities with
biological muscle.

Robustness Characteristic Example
3 Cells Lost Gives No Controllability

Percent of Original Force 

Remaining: 0.0%

Percent of Original Force 

Remaining:28.52%

Percent of Original Force 

Remaining: 69.25%

= Node = Working Cell = Broken Cell

Most Critical Cell Broken 2 Most Critical Cell Broken
3 Most Critical Cell Broken

No Controllability

The linearity and constant slope for each actuator array’s
input probability (control) to mean force output allows a
controller to directly command a desired mean force as
long as the minimum and maximum forces at the
endpoints of the array’s travel have been identified and
the array’s current length is known. Additionally, when
combining displacement and force sensors with the
actuator array, the current belief of a manipulator and its
payload can be continuously updated by higher level
controllers and learning techniques. With these sensors,
the array can also be continuously calibrated so that it
remains robust and accurate despite multiple cell
failures. This robustness characteristic may prove very
useful in remote environments where a robot still needs
to finish a task and move to a safe position despite
multiple actuator failures.

Actuator Array Force
The relationship between the input probability and variance
is quadratic and does not monotonically increase, while the
variance is expected to increase monotonically and
proportionally with respect to command input in biological
systems. Maximum voluntary force for a biological muscle,
however, may not be the maximum possible for that muscle,
but rather a result of limits on the control signal. This would
be similar to limiting the actuator array input values, for
example to p=0 ~ p=0.4. This is likely due to muscular fatigue
and provides an interesting avenue for future research using
actuator arrays as a platform to learn more about biological
muscle.

Actuator Array Variance
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Bio-Robotics and Human-Modeling Laboratory: Greg Henderson, M.S. Student, Jun Ueda, 
Faculty Advisor

George W. Woodruff School of Mechanical Engineering

Pneumatically-Powered Robotic Exoskeleton to Exercise 
Specific Muscles in Space

Cosmonauts on 
stretchers due to 

muscle atrophy from 
staying  aboard space 

station Mir2

Introduction
As humans inevitably extend their
domains to the reaches of space; either
traveling to Mars, etc., they must account
for the effects of micro-gravity on their
bones and muscles. In space, without the
constant force of gravity, muscles atrophy
and bone loss occurs. To mitigate these
effects, a wearable robotic exoskeleton is
proposed to allow a human to exercise
while in a micro-gravity environment.

Current Technology:

Treadmill, Cycle, Lower Body
Negative Pressure Device
(LBNP), etc.

Limitations:

− Geometrically Large and 
Heavy - Physical space 
constraints and cost to send 
into space
− Time Commitment - Series 
exercise; cannot actively work 
on mission-related tasks while 
exercising

Objectives / Motivation

Wearable Exoskeleton

Dynamic Modeling

Treadmill (with 
Elastic Bands 
over shoulders to 
simulate gravity)3

A combined dynamic model of the pneumatic
actuator (air spring) and lower leg was created to
understand how the force of the pneumatic
actuators will affect the dynamics of the human
leg. The exoskeleton is designed as a tool to
create and follow a variety of user-defined force-
profiles to exercise different muscle groups. To
achieve the desired force-profile, a simplistic
method of variable mechanical impedances (VMI)
is used over a more complicated force control
design. This VMI Method involves different
models or “states” to approximate a desired force-
profile curve. Proportional valves then add/release
air within the pneumatic actuator to achieve a
certain force at a certain position.

Conceptual futuristic 
space Shuttle for 

venturing further into 
depths of space1

Current 
Technology/Limits

+

• Exercise Anti-Gravity Muscles (Legs and 
Lower back) to shorten rehabilitation time 
when returning to a higher gravity environment
• Minimize Bone Losses since some loss may 
be permanent
• Preventing injuries, such as bone fractures, 
which could jeopardize missions such as to 
Mars where medical help is limited

M: Mass Matrix
C: Centrifugal Effect Matrix
V: Coriolis Effect Matrix
P: Pelvis Translation Matrix
G: Gravity Matrix
M(H, K, A): Joint Torques applied by Muscles
τ(H, K, A): Joint Torques supplied by Pneumatic Actuators
θ(H, K, A): Angle of (Hip, Knee, Ankle)
A,B(θ): Moment Arm Matrix for Muscles/Actuators

Variable Impedance 
Models to Obtain 

Desired Force-Profiles

Future Work

Wearable 
Exoskeleton

Musculoskeletal Model 
of Human Leg

Advantages over 
Current
Technologies: 

+ Light-weight
+ Comparatively 
inexpensive
+ Parallel Exercise 
exercising while 
doing other 
activities)
+ Modular Design
+ Adjustable 
parameters such as 
spring constants, 
damping 
coefficients, etc.

Experimental
Prototype:

A prototype has been 
built to verify the 
Variable Impedance 
Model shown above. 
The setup involves: 

•A Pneumatic Actuator, 
•Two Pressure Sensors, 
•Two 3-Way 
Proportional Valves,
• Air Pressure Supply, 
•Air Tubing and a Chair 
to mount everything onto

Pneumatic Actuator and Valves

VMI Method: Multiple 
States (SM) to approximate 

Desired Force-Profile; X-
Axis: Displacement of 

Actuator, Y-Axis: Force

Desired Force-Profile 
(Blue) vs. Realized Force-
Profile from VMI Method 

(Black); X-Axis, Knee 
Angle, Y-Axis: Force
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b
b

bb
a

a

aa
b

b

b
a

a

a
AKH

bbaaAKH

rodatmbbaa
AnkleKneeHip

V
V
APV

V
APm

V
RTAm

V
RTAF

APAPF

APAPAPF











),,(

),,(

),,(





























































































A

K

H

A

K

H

AK

AH

KH

A

K

H

A

K

H

M
M
M

G
y
x

PVCM






































2

2

2

Model of Pneumatic Actuator

Combined Model 
(Leg and Pneumatic Actuator)

Controller:

A Controller is proposed to control the transitory 
states between one Impedance model to the next. 
Emphasis will be placed response time, accuracy 
to the desired force-profile and minimization of 
energy required to obtain force-profile

References:
1.) http://1.bp.blogspot.com/_60A8zsWp2jY/TC088gcPDMI/AAAAAAAAAVI/Ft0ltTxo-_I/s1600/2001orion.jpg
2.) http://www.nsbri.org/HumanPhysSpace/introduction/intro-bodychanges.html
3.) http://spaceflight.nasa.gov/gallery/images/station/crew-14/html/iss014e10591.html
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Force creates a minute 

Bio‐Inspired Robotics and Human Modeling Laboratory 
Melih Turkseven, Ph.D. Student, Jun Ueda, Faculty Advisor
George W. Woodruff School of Mechanical Engineering

Pneumatically Operated MRI Compatible Haptic Interface

Introduction
Magnetic Resonance Imaging is capable of monitoring

human soft tissue; hence, it is an excellent tool for
diagnostics. Recent trend is to extend MRI’s role on surgical
operations and extensive brain researches.

Enabling simultaneous MRI usage during surgical
operations will open a new era in medicine. That requires
advanced robotic devices that can operate inside magnetic
environment of MRI. Conventional robots interfere with MRI
machine, but fluid powered robots with MRI-compatible haptic
interfaces could be the solution.

MRI compatible pneumatic device
Control room for 
teleoperations

• Materials should be magnetically inert and 
non-conductive for safety

• Robots need to be compact
• Must create no artifact on the image 

• Materials should be magnetically inert and 
non-conductive for safety

• Robots need to be compact
• Must create no artifact on the image 

Challenges

• Bring fluid power to MRI environment
• Create a multi-axes haptic interface which is compact and
easy to integrate
• Enable accurate force feedback for robotic devices working
in MRI environment

Goals

Collaborators

Pneumatic 
Cylinder

Rotary Encoder
Force Sensor

Haptic Interface
A pneumatically driven, active system is designed for
advanced brain researches. As the subject pushes the end
effector, this teleoperated interface deflects in a desired
fashion so as to mimic a pre-selected surface condition. Same
system could be used as a surgical robot, controlled from
outside of MRI room.

Force Sensor
A li t Progressdeflection at the top  

Displacement of the top 
is amplified by the 

compliant structure 3.67 
times

The intensity of reflected 
light increases as the gap 
between mirror and fiber 

tip closes

Mirror

Fiber Optic 
Cable

Employs only 1 optic cable

A compliant
structure amplifies the
displacement in axial
direction

Fiber optic cable
carries light to the
assembly. The
intensity of reflected
light is measured by a
photodiode

• Compact, small-sized sensors
• Minimal cable traffic, easy to install
• Extendable to multi-axes
• Clean and safe for MRI applications

Advantages:

Rotary Encoder

Mobile, accurate and easy to integrate 

A commercial rotary encoder
is connected to an external
track wheel
The wheel tracks the
surface and encoder reads
the rotation with a high
resolution

Rotary Encoder
Gear Box

Track Wheel

Axial 
displacement 

amplification is 
raised up to 
3.67 times

Lateral disturbance 
does not change 

orientation of mirror 
to fiber tip

Progress
The compliant structure was optimized by a series of finite
element simulations

No
rm

al
ize

d 
O

ut
pu

t

Compression (0.01 mm)

Experiments confirm finite element simulations

No sensor in 
the room

With sensor 
in the chamber

Difference
(0.5%)

MRI Tests show that the sensor is invisible in MRI images 

Application of pneumatic line
dynamics and close loop
control with haptic feedback
on the preliminary design

Extension to multiple-axes
sensing and calibration

Future Work

• The sensor
decouples lateral
disturbance
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Piezoelectric Self-Sensing Technique for
Tweezer Style End-Effector

Piezoelectric 
Tweezers

Previously, tweezers designed for
robot assisted surgery were designed.
They are driven by 5 commercially
available Cedrat APA35xs actuators.
They produce 9 mm of displacement
at the tips if the tips are free or 1.1 N
of force at tips if blocked. A
piezoelectric material is
electromechanically coupled, giving it
usefulness as a sensor or an actuator.
Previously one actuator was used
solely as a sensor, wasting its
actuation capability. The goal of this
research was to develop a method to
use one piezoelectric actuator as a
sensor and actuator simultaneously →
“self-sensing”
Strain Amplified Piezoelectric 

Actuators

Piezoelectric Self-Sensing 
Technique

The lumped parameter model allows us to
extrapolate the force and displacement at the
tips from the force and displacement of the
innermost piezoelectric actuator. At each
successive level the force and displacement is a
linear combination of the force and
displacement of the level below it.

Loop law

Experimental 
Verification

Based on piezoelectric constitutive equations,
we can get expressions for the force and
displacement of the innermost piezoelectric
actuator based on the applied voltage and
the induced charge. The self-sensing circuit is
simply a shunt resistance in series with a
piezoelectric actuator, which allows current
(the first time derivative of charge) to be
measured.

Since force and displacement at
the tips are linear combinations of
force and displacement or the
piezoelectric actuator, a multiple
linear regression with respect to
data from a laser position sensor is
performed to find the correct
coefficients. The maximum error
was 20% of the dynamic range. The
same calibration was then applied
to a sinusoidal input, and showed
12% error.

•Piezoelectric 
ceramics 
generate high 
force (~200 N) 
but low strain (~ 
10 µm)
•How to 
generate 
useable 
displacement?
•Rhombus strain 
amplification 
mechanism 
trades off force 
for displacement
•Tweezers 
consist of 3 
layers of 
amplification

Lumped Parameter Model 
of Rhombus Strain 

Amplification Mechanism

Bio-Robotics and Human Modeling Laboratory: Timothy McPherson, MS Student, 
Dr. Jun Ueda, Faculty Advisor
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Measurement of Human Muscle Stiffness & Its Application 
to Effective Human-Robot Interface Design
Billy Gallagher - PhD Student, Robotics

Timothy McPherson - MS Student, Mechanical Engineering
Jun Ueda - Faculty Advisor

Human Induced Haptic Instability
Haptics is a popular control method, as it has been found that
touch is a very intuitive way for controlling a robotic device. Force
feedback and haptic controllers are now common in areas from
gaming to industrial machines. Haptic devices require physical
contact between the operator and the machine, introducing
feedback and creating a coupled system. This has been shown to
introduce inherent instabilities due to the typical response of
human operators. To attempt to correct for the negative effects of
feedback, a control scheme is proposed that adjusts to changes in
the way an operator’s stiffness when working a haptic controller.
Electromyogram (EMG) signals are expected to be a promising
method of indicating stiffness.

Research Goals
oWearable biosignal (EMG) measurement device
oMethod to determine stiffness from biosignals
oControl scheme that adjusts to stiffness level
oInvestigate system performance and effectiveness

EMG data 
processing

Handle
(Haptic device)

Lifting device

Gain tuning

Hardware

Joints are moved by at least two muscles
that pull in opposite directions
(antagonistic pair). An antagonistic pair
contracting together (cocontraction) gives
higher joint stiffness, since the result is no
motion but more force on the joint. By
detecting the cocontraction of antagonistic
muscles it would be possible to estimate
the stiffness of an operator’s arm.

1 DOF haptic Feedback Device
oForce Capability

•Max Force (Theoretical): 505.9 N
•Max Force (Practical): 100 N

oFrequency Response
•Max Frequency: 10 Hz

oComponents
•Force/Torque Sensor
•Optical Encoder
•CompactRIO

10
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Wearable EMG Measurement Sleeve
oReusable EMG electrodes
oEasy to put on/take off
oMeasures cocontraction

•Biceps/Triceps (elbow)
•Flexor/Extensor Ulnaris (wrist)

Muscle Cocontraction
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Force Assisting Instability
The haptic feedback device was used to reproduce instability with
increased operator arm stiffness using a force assisting controller.
The force applied to the device was scaled for the motor input to
assist the operator. Increased operator arm stiffness resulted in
more oscillation in the input force, creating oscillation in the device
which grew with feedback, making it difficult for the operator to
stabilize.
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High Operator Stiffness

EMG/Stiffness Relationship
Experimental procedure*

oParticipant holds handle
oDevice pushes against participant
oCalculate arm end point stiffness
from handle movement & force
oVary position & device strength
oRegress stiffness on EMG signal

Statistically significant regression
oLogarithmic relationship between
EMG & stiffness
oEMG signals account for majority of
variance of stiffness
oPosition has little effect
Stiffness observations
oParticipant arm stiffness varied widely
oNot necessarily minimum required for
task

0 5 10 15 20 25 30

EMG (BB)
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EMG (ECU)

EMG (FCU)
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Stiffness Level Histrogram

Future Work
oDesign control system that adjusts based on stiffness

• Existing devices use impedance control
• Classify stiffness into ranges
• Switch between pretuned controllers appropriate for situation

oEvaluate system performance & effectives with human
participant experiment
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Georgia Institute of Technology

Sample of Chart

Objective: Perform enabling research and transition 
technology that will enhance warfighter's tactical 
situational awareness in urban and complex terrain.
•Data association in the presence of noise
•High level landmarks like walls and objects
•Synthetic aperture radar for long range, low power sensing
•Software toolkit for integration of multiple features

We developed a 
framework which can be 
taught to recognize 
visual landmarks. 
•SVM based classification of 
Histogram of Oriented Gradient 
features
•Online image search to read 
text strings or receive 
additional semantic 
information about the object.
•Semantic information used for 
data association in mapping

We performed a joint experiment for MAST in 
collaboration with JPL and the University of 
Pennsylvania.  This experiment makes use of three 
robots which work together.
•Each of the robots used in this experiment is equipped with a laser 
scanner for measuring walls and a camera for locating doorways.  
•Features are incorporated into a local map on each robot.
•Distributed-Data-Fusion algorithm used to combine local maps 
into a shared global map.  
•An exploration strategy is used to efficiently cover the unknown 
environment.  

Supported by
the Army Research Lab

We explored the relationship between sensory 
accuracy and SLAM performance by varying 
parameters such as: 
•maximum range
•noise
•angular precision
•viewable angle
•Also compared popular sensors (URG, UTM30, and LMS291).

We have developed a software 
toolkit which incorporates 
multiple types of sensor 
measurements in a graphical 
SLAM framework.

•Leverages GTsam library for full 
trajectory optimization 
•Uses Joint Compatibility for robust data 
association in the presence of noise
•Easily adapted for new sensor types and 
landmarks with M-Space representation

Life-long mapping of objects and places in 

domestic environments

John G. Rogers III

Door sign detection

MAST GTmapper

Sensory precision for SLAM

Life-long mapping of objects in domestic environments

Angle viewed Angle resolution Range noise Max range

Advisor: Henrik I. Christensen

MAST Joint Experiment

Learned object recognition, semantic data association

Room 1 Room 2 Room 3

Room 6 Room 5 Room 4

Hair 
dryer Microwave

Lamp

Alarm 
clock?

Bathroom Hall Kitchen

Bedroom

Conditional Random 
Field model for joint 
object and place 
recognition
•Room adjacency 
compatibility functions
•Object in room 
compatibility functions

Technical Foundations
•GTMapper
•SURF matching for obj rec
•Exploration controller
•3D surface extraction
•3D object extraction
•GoogleGoggles interface

Future Work
•CRF model
•Pose factors in GTMapper
•Bag of visual words model to 
accelerate object recognition
•Social networking interface
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The Georgia Institute of Technology

Sample of Chart

Social Media Enabled Robot Server

Picture Here

The goal of this project is to leverage the attributes of
social media to improve the performance and acceptance of
robotic service in a restaurant or service environment. The
long term goal of this research is to develop techniques that
allow a robot to enhance its human robot relational capabilities
through accessing information residing in various
social media technologies. These techniques will allow a
robot to learn individual preferences, habits, and patterns,
which will lead to more personal, relevant, and longer term
Interactions.

• Robot Server delivers service to customer using Voice or Social Media.

• Social Media Enabled Robot utilizes Facebook and Twitter.

These hypotheses were tested by conducting 
an online 2 x 2 factorial design scenario 
surveys with counterbalancing and 
randomization of scenarios. The independent 
variables
are the service methods (social media and 
voice) and the service communication 
(difficulty and no difficulty).

• Submitted to Ro-MAN 2011

• Likert Scale Survey administered to 59 
participants that watched videos of the 
interaction.             

• Robot that utilized both Facebook and 
Twitter obtained highest rating.

Picture Here

Picture Here

Simulator performs push planning search

The Iterative Deepening Breadth First search 
(IDBFS) algorithm attempts to clear the placement 
object footprint (green).

The state space inherently has many shallow 
solutions.  To take advantage of this, IDBFS searches 
for multiple Level 1 goals in the search tree before 
moving to the next level.  

A goal check algorithm checks if a subgoal is 
reached for every push attempted below Level 1 in 
the search tree.

r

This research is a first step to developing computational models that will allow a 
robot to engage in meaningful longer term interactions with humans.  The ability 
to access up-to-date social information will allow the robot to learn individual 
preferences, patterns, and engage in more relevant conversations.

Once the simulator successfully implements a plan, 
it is transferred to the PR-2 for execution.  
Augmented Reality tags are used to simplify the 
identification of the table and clutter objects.

Future work will include generalizing performance 
to arbitrary objects through 3D point cloud object 
segmentation. 

Picture Here

The implementation on the PR-2 compares open-loop against closed loop control 
using dynamic replanning.  A lower bound for the number of linear pushes that are 
consistent with the results of the simulator is empirically investigated.  This lower 
bound will indicate the number of consecutive pushes that can be reliable attempted 
before removing uncertainty through replanning is necessary.

PR-2 analyzes table top to plan for object placement

A novel planning algorithm for the problem of placing 
objects on a cluttered surface such as a table, 
counter or floor.  When no continuous space is large 
enough for direct placement, the planner leverages 
means-end analysis and dynamic simulation to quickly 
find a sequence of linear pushes that clears the 
necessary space..

• Algorithm submitted to IROS 2011            

• Simulator modified for execution on the PR-2

Social Media Enabled Robotics/
Push Planning for Object Placement in Clutter

Ph.D Student: Victor Emeli
Advisor: Henrik Christensen

Two-Group Experiment: Voice vs. Social Media Enabled Robot

Enhancing the Robotic Service Experience Through Social Media Dynamic Push Planning for Object Placement in Clutter 

Iterative Breadth First  Search Algorithm w/Goal Checking

Open Loop vs. Closed Loop Control

PR-2 executes final plan in the real worldComputational Models for Analyzing Social Media
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SEMANTIC SLAM 
ROBOTS NAVIGATING LIKE HUMANS

CARLOS NIETO-GRANDA & HENRIK CHRISTENSEN
College of Computing, Georgia Institute of Technology

http://www.cc.gatech.edu/~cnieto6              
 carlos.nieto@gatech.edu

Map Partitioning using Regional Analysis

The robot is able to navigate the environment by using a map based on the 
multivariate probability distributions for a set of semantic labels.

a) A visualization of a simulated office environment.                  b) A visualization of the decision  Colored ellipses represent 
the Gaussians in our model  and different                                      boundaries of the regions.                                          
colors represent different spaces. 

                                                         *These visualizations looks better in color.

A visualization of the process to segment and extract objects from a point cloud.

In the real world a robot needs to be able to 
learn about the environment without a 
human teacher.

High-level features can give a robot a better 
understanding of the environment, and allow 
it to recognize environment-specific tasks 
such as grasping a cup.

3D Object Recognition for Semantic Labeling Applications

SEMANTIC SLAM

The relationship between a place and the knowledge that is associated 
with specific tasks e.g.(functionality, objective location).

� Algorithms for recognition and classification of spaces into 
semantic regions.   

� The association of semantic labels with spatial regions is based on 
human guide or place categorization.          

� Object recognition allows the robot to interact with the world for 
avoiding obstacles and doing specific tasks.         

� The robot can navigate in the environment with its own semantic 
map partition.         

Motivation

Our mobile robot “Jeeves” navigating in the Aware Home Lab. with and Ideal  place and 
object categorization.

Lamp

Table
Couch

Table

Plant Blinds

Pillow

Carpet

Switch

PillowCurrent location: 
Living Room

The main goal of this research project is to provide methods for automated 
recognition and classification of spaces in both indoor and outdoor 
environments into semantic regions. 

Automated Place Categorization

Our approach is an automated 
visual place categorization. 

The idea is to give the robot 
the capability to identify which 
room of the building it is in 
without human guidance.

The mechanism for detecting 
objects is the same as how a 
human observer would 
categorize a new location.

A visualization of the visual attention mechanism to find and detect 
interesting objects.

Service Robots in Home Environments

In order to evaluate our methods, we participate in the 
international annual competition for autonomous service 
robots: “RoboCup”.  

The competition comprises of a set of benchmark tests 
for service robot performance in a realistic non-
standardized home environment setting.

GT@Home performing a object recognition and grasping task.

SLAM in Industrial Environments

Service robots are not only in home 
environments, we can find them in 
industrial environments too.

Our methods provide the portability to 
run in an industrial environment such 
as localizing a robot in a warehouse 
which the robot needs to navigate in 
a dynamic environment. 
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PLANNING IN WAREHOUSE MANAGEMENT SYSTEMS
Pushkar Kolhe and Henrik I. Christensen

Robotics & Intelligent Machines, College of Computing
Georgia Institute of Technology

{pushkar, hic}@cc.gatech.edu

BENEFITS OF AUTOMATED WAREHOUSES
• Efficient use of storage space can save 20% costs

• Automated distribution centers can cut labor cost by 10-20%

• Efficient mixed palletizing can reduce transportation costs by 4-8%

• Orders can be fulfilled faster, with less errors

• Automated Warehouses are scalable

• Automated Warehouses can re-organize themselves

PROBLEM FORMULATION
Warehouse Management Systems (WMS) includes automated storage
and efficient retrieval of goods, navigation planning for multiple
AGV’s, mixed palletizing, and shipping in reverse unloading sequence.

For efficient retrieval for SKU’s, they are distributed throughout the ware-
house in mixed pallets. For shipping, SKU’s are closely packed in mixed
pallets. We allow our model warehouse to re-organize itself by using a
palletizing de-palletizing cycle using a buffered storage space. We formal-
ize this known NP-hard problem as a constrained optimization problem.
We try to optimize:

• Minimize delay in shipping

• Maximize storing and packing density

Our constraints include:

• The available storage space

• Sequence in which the orders have to be delivered

A KNAPSACK VARIANT
We formulate the constrained optimization problem as a multiple knap-
sack problem (MKP). The incoming orders can be modeled as a stochas-
tic process to find distribution of SKU’s within the warehouse for effi-
cient retrieval. Exact algorithms are computationally inefficient to solve
this problem. We explore approximate randomized algorithms which can
give probabilistically complete solutions in polynomial time.

max
m∑
i=1

n∑
j=1

pjxij (1)

subject to

n∑
j=1

wjxij ≤ ci, i = 1, . . . ,m, (2)

xij ∈ {0, 1}, i = 1, . . . ,m, j = 1, . . . , n. (3)

BENCHMARKING
We study benchmarks and metrics for determining which planners work
better in a WMS. For a warehouse, we are mainly interested in an asymp-
totic upper bound for the running time to illustrate the order of magni-
tude of the increase in running time when the number of orders is dou-
bled.
We are also interested in the amount of storage space used. SKU’s are
stored in mixed pallets. For mixed pallets we are interested in their den-
sity and stability of a pallet. We model pallets using finite element modeling
principles and establish new metrics.

VMAC COMPETITION
The Virtual Manufacturing and Automation competition is held annually
at ICRA to highlight WMS systems designed by students. The planning
systems are evaluated with new evaluation software that use new bench-
marks.

• PalletViewer is used to compare pallet density.

• USARSim can model pallet stability by using physics.

• KUKA Robot Cell test on a real robot cell.

FUTURE WORK
• Provide a framework of benchmarks and metrics that will allow

vendors to compare their planners.

• Provide a general framework of planning for different kinds of au-
tomated warehouses.

• Construct a mini warehouse at NARC to test our algorithms.
The warehouse will be able to model automated storage and re-
trieval, mixed palletizing and depalletizing and re-organizing using
buffered storage space.
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PlanarSurfaceMapping
Alexander J. B. Trevor, John G. Rogers III, Henrik I. Christensen

Robotics & Intelligent Machines, College of Computing
Georgia Institute of Technology

{atrevor, jgrogers, hic}@cc.gatech.edu

Introduction
We present a feature based mapping technique that allows for the use of
planar surfaces such as walls, tables, counters, or other surfaces as land-
marks. These planar surfaces are detected in 3D point clouds, and provide
measurements via their surface normal and perpendicular distance. We
also map the convex hulls of the observed planar patches and use these for
data association, allowing multiple non-overlapping coplanar landmarks to
exist in the map. Maps of such planar surfaces could be useful for semantic
mapping, and could benefit mobile manipulation tasks.

Robot Platform & Sensor Data
The robot used in this work is equipped with a Hokuyo UTM-30-LX laser
range finder mounted on a Directed Perception DP-46-70 pan tilt unit.
Tilting the 2D laser scanner allows 3D point cloud data to be collected,
by using the sensor location and tilt angle to project the points into 3D.

The robot platform used in this work is shown above. The 3D laser
sensor can be seen at the top of the robot.

Plane Mapping
Our SLAM system uses the GTSAM library developed by Dellaert [1].
GTSAM approaches the graph SLAM problem by using a factor graph
that relates landmarks to robot poses through factors. The factors are
nonlinear measurements produced by measuring planar surfaces detected
in point cloud data. While planar surfaces are mapped in 3D, note that
we constrain our robot trajectory to the 2D groundplane, so poses consist
of (x, y, θ).
Using the planar surface measurement function and its associated Jaco-
bians, we can utilize planar normals and perpendicular distances as land-
marks in our SLAM system. During optimization, the landmark poses and
robot trajectory are optimized. After optimization, the resulting map con-
sists of planar surfaces as represented by their surface normals and convex
hulls in the map frame, along with the optimized robot trajectory.

Plane Detection
3D point clouds collected throughout the area to be mapped are processed
in order to detect planar surfaces. To do this, we use the well known
RANdom SAmple Consensus (RANSAC) method for model fitting. In our
case, we are fitting planes to the full point cloud to determine the largest
plane present in each cloud. We then remove the inliers associated with
this plane from the point cloud, and repeat the process in order to detect
additional planes. Convex hulls are then calculated for detected planar
regions.
For much of our point cloud processing, we use the Point Cloud Library
(PCL) developed by Rusu and others at Willow Garage, which includes a
variety of tools for working with 3D point cloud data including RANSAC
plane fitting, outlier removal, and euclidean clustering methods.

Mapping Results
The mapping system was tested on data collected at the Georgia Institute
of Technology’s College of Computing building. Mapping results are
presented in the figures below.

Shown here are pointclouds plotted in the odometric coordinate frame
without optimization. An overview is shown on the left, with closeup on
the right. Note the significant error in alignment.

Pointclouds plotted in the map frame, after optimization. An overview is
shown on the left, with closeup on the right. Note that the alignment has
been much improved.

The convex hulls of the mapped planar regions can be seen in the above
figures, showing the location and extent of the mapped surfaces.

References

[1] F. Dellaert, M. Kaess Square Root SAM: Simultaneous Localization and Mapping
via Square Root Information Smoothing IJRR, Vol. 25 (12), 2006.

Conclusion
• Point cloud data can be processed to detect planar surfaces along

with their convex hulls.

• Planar surfaces can be mapped using their surface normals and per-
pendicular distances, along with their convex hulls.

• The resulting maps include information on both the locations and
extent of surfaces, which could be useful for semantic mapping and
mobile manipulation tasks.

• Mapping results were presented for an office environment demon-
strating the system’s ability to loopclose.

1
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PersonFollowingbyusingNatural
Gestures forUserSelection

Akansel Cosgun and Henrik I. Christensen
Robotics & Intelligent Machines, College of Computing

Georgia Institute of Technology
akanselcosgun@gatech.edu, hic@cc.gatech.edu

Abstract
We present a system that is able to follow a specific person by using leg
tracking. The user selection is done by using natural gestures such as
speech commands or pointing to someone else. The system is able to learn
the facial features/shirt color of people and tell who is who.

User Selection

• User selection is done by skeleton tracking, using the depth image
from a Kinect sensor.

• User can say ’Follow me’ to start following behavior, or alternatively
point to another person and say ’Follow him/her’.

• Pointing gesture is recognized by checking if the direction of the fore-
arms stays stationary for a specified period of time.

• The ’pointed’ person is the closest person to the ray emaneting from
the hand of the user.

Person Recognition

• Real-time on-line training on faces/shirts for identification of people.

• Faces are detected by Viola-Jones face detector of OpenCV. Facial
features are learnt by applying Principal Component Analysis(PCA)
on extracted eigenfaces.

• Shirt histogram is learnt in normalized RGB domain and is adaptively
updated.

• When a new person is detected, both face recognition and shirt color
matching contributes to scoring.

• A database of people is kept as the robot meets new people.

Leg Tracking

• Used a SICK laser scanner at 30cm height to detect leg hypotheses.

• In 15000 sample leg scans, geometric parameters of legs such as
Width, Linearity, Concavity, Circularity are calculated. The mean
and standard deviation of those parameters are used in leg detection.

• Mahalanobis distance to feature vector for every segment in the laser
scan are calculated on the run. Lower distance values are better leg
hypotheses.

• After the initial detection, leg parameters are adaptively updated
specific to the user’s legs.

• The user’s legs are very efficiently tracked by a Kalman Filter.

• The tracker is scalable to tracking different objects since the geomet-
ric parameters are updated on the run.

Following

• Implemented the system on a Segway based robot with caster wheels.

• Software architecture is Robot Operating System(ROS) running on
a Linux machine. Coded in C++.

• Robot tries to stay 0.8m away from the user. It avoids obstacles and
other people nearby.

• Goal position for robot is updated at 10Hz, and a path is planned in
by searching in the grid map.

• Robust to temporary occlusions. Even if other people pass between
the robot and the user, it still follows the user.

• Robot is able to go through narrow passages such as doorways.

Application Areas
The system can be used in areas such as giving a home tour to robot
and annotating people/places by pointing, carrying packages of people in a
supermarket and following workers in a factory environment to carry heavy
tools.
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Basic

A	   Centralized	   vs.	   Decentralized	   approach.	   	   The	   centralized	   approach	   (le>)	   performs	   task	   op$miza$on	   for	   all	   assets	   using	  
centralized	  computa$on.	   	  This	  requires	  overhead	  of	  state	  and	  plan	  communica$on	  between	  all	  assets	  and	  the	  central	  node.	  	  
While	  central	  computa$ons	  can	  lead	  to	  boElenecks	  and	  long	  run-‐$mes,	  decentralized	  approaches	  can	  run	  much	  faster	  because	  
computa$on	  can	  be	  performed	   in	  parallel.	  A	  decentralized,	  auc$on-‐based	  method	  (right)	  uses	  distributed	  agents	  to	  analyze	  
new	  tasks.	   	  Agents	   can	  be	  distributed	   logically	  and	  physically	   in	   the	   system.	   	  Communica$on	   requirements	  are	  also	   lower,	  
sending	  only	  bid	  and	  assignment	  informa$on.	  

T h i s	   r e s e a r c h	   f o c u s e s	   o n	  
algorithms	  in	  which	  heterogeneous	  
agents	   can	   distribute	   tasks	   among	  
themselves	  	  in	  a	  decentralized	  way.	  

Areas	   of	   research	   include	   incorpora$ng	  
different	   sensor	   characteris$cs	   and	   	   agent	  
reliability	   into	   mul$-‐agent	   auc$ons,	   and	  
learning	  bidding	  behavior.	  

Applying	  expected	  u$lity	  	  to	  bid	  valua$on	  
in	  an	  auc$on	  can	  be	  used	  to	  combine	  
agents	  with	  different	  sensor	  quali$es.	  

Reference:	  Charles	  Pippin	  and	  Henrik	  Christensen.	  A	  Bayesian	  
Formula0on	   for	   Auc0on	   Based	   Task	   Alloca0on	   in	  
Heterogeneous,	   Mul0-‐Agent	   Teams.	   SPIE	   Defense	   Security	  
and	  Sensing,	  April	  2011,	  Orlando	  

Charles	  Pippin,	  pippin@gatech.edu;	  	  Advisor:	  Henrik	  Christensen	  
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High precision tasks are an important part of the manufacturing 

industry. For example, safety constraints require that some 

manufacturing must be done to a very high degree of accuracy. With 

the recent availability of smaller, light-weight robot manipulators, 

the question arises of whether it would be feasible to use them in 

tasks that would otherwise be unsuitable for the standard large 

industrial robots. Possible tasks would include those in tight or 

constrained spaces, such as precision drilling. For this to be possible, 

the light weight robot would need to be stiff enough to be able to 

meet safety constraints.

To that end, this study analyzed the dynamic characteristics of 

small, light-weight manipulators to determine whether it would be 

possible for them to be used in manufacturing tasks. Two light-

weight robot manipulators were considered in the study: the KUKA 

Light-Weight Robot (LWR) and the KUKA KR5 Sixx. 

•     Experimental modal analysis used to determine dynamic parameters

•     Two characteristics were compared

• Coherence: 

• Compliance Frequency Response Function:     

         
•     Identified end effector resonant frequencies and compliance

•     LWR more stiff than KR5 Sixx across 1-100 Hz frequency range

r
This work explored the use of a low degree-of-freedom manipulator as a 

viable and cost-effective solution to the mobile manipulation problem in 

a home setting. The project utilized the Jeeves mobile manipulation 

platform. Through experimental results we have shown that with a single 

degree of freedom manipulator and the control scheme proposed and 

implemented on the Jeeves platform, we can achieve reliable and 

repeatable results for a number of varied household object types. 

Perception was performed using a 3D laser scanner to create a 3D point 

cloud, from which table top objects could be segmented. Ten objects 

were selected to serve as the representative categories of general objects 

found in domestic environments.

•     Objects are classified by shared geometric properties              

•     Controller works well for simple geometries (cylinders, boxes) 

•     Failures occurred most often with odd-shaped objects at the corner of the 

grasping surface

This project focused on the design and 

implementation of a system that would be 

able to learn how open unknown doors based 

on experience opening doors with different 

types of door handles. We were able to 

implement several algorithms that allowed the 

robot to open a previously unseen door based 

on initial door pose information, and correct 

for errors in initial guesses using dynamic 

reclassification to attempt different opening 

approaches. 

•     Initial testing was done in srLib, a simulation 

library for multi-body dynamics

•     Force-torque information from the joints was 

used to classify door opening strategies

Mobile Manipulation for Service Robots in 
Domestic Environments

Jacob Huckaby

Robotics and Intelligent Machines

Door Opening

Dynamic Characterization of Light-Weight Robots Door Opening Strategies

Low Degree-of-Freedom Manipulation

Door Opening Strategies 
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Localization, Navigation and Mapping
for single and multi-robot systems

Manohar Paluri, Henrik Christensen and Frank Dellaert
Robotics & Intelligent Machines(RIM) lab, Gatech

Abstract
The system developed makes use of three robots which work together to explore and map an unknown environment. Each of the robots used in this experiment is 
equipped with a laser scanner for measuring walls and a camera for locating doorways. Information from both of these types of structures is concurrently incorporated into 
each robot’s local map using a graph based SLAM technique. A Distributed-Data-Fusion algorithm is used to efficiently combine local maps from each robot into a shared 
global map. Each robot computes a compressed local feature map and transmits it to neighboring robots, which allows each robot to merge its map with the maps of its 
neighbors. Each robot caches the compressed maps from its neighbors, allowing it to maintain a coherent map with a common frame of reference.

Figure 1d. Optimized map 
explored by three robots.

Figure 1b. Fleet of scarabs used to demonstrate 
multi-robot SLAM using wall features and door 
features in a distributed data fusion framework.

Figure 1c. Architecture of the 
system

Figure 1a. Scarab robot 

Multi-Robot SLAM

Figure 2a. SICK 
Laser scanner

Figure 2b. Segway robot 
with two SICK scanners

Figure 2c. EKF based 
Localization

High Fidelity Localization & Navigation

Figure 2d. Covariance and 
estimate error over time.

Abstract
We present a solution for autonomous localization and navigation of a huge mobile platform(Kuka's omni-move platform) using laser scanners. The proposed system will 
be tested and used for autonomous painting of aircrafts for Boeing in their premises. The focus of the current work lies in using two laser scanners for high precision and 
high accurate localization and smooth navigation in the cluttered painting hangar. Multiple omni-move platforms will be using our algorithm to move in the paint hanger 
and automatically carry out the required tasks. This environment is hostile for visual sensors because of low visibility, sparse/no visually features etc. and floating paint 
particles. Such constraints lead us to use Laser scanners. Our system uses the walls of the room as features for localizing. We use range weighted Hough transform for 
localization and RRT* planning algorithm for planning. We tested our approach on a segway robot and share the visuals and performance results on this dataset. Due to 
confidentiality reasons we only share the performance metrics on actual paint hangar data. Our system meets the real-time and high accuracy requirements consistently 
on multiple runs.

Abstract
The holy grail of computer vision is to solve the problem to identify and recognize objects without a previous labeling for example using artificial markers to recognize the 
object fast in the environment. Most of the objects are different in shape, color and size. However some of them are not. In this work we present a technique that allows a 
robot to find objects on a table, classifying it by shape and labeling as a different objects without non-previous knowledge of it. All the experiments were done using real data 
acquired with our robot platform and Kinect and laser sensors. 

Similar shaped Object detection & discrimination

Figure 3a. Kinect setup on the 
Segway with objects on the table

Figure 3b. Various cups that are 
similar shaped

Figure 3c. Sample point cloud 
from Kinect sensor of the 
objects on the table

Figure 3d. Segmentation of objects
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Robust3DVisualTrackingUsing
ParticleFilteringontheSE(3)Group

Changhyun Choi and Henrik I. Christensen
Robotics & Intelligent Machines, College of Computing

Georgia Institute of Technology
{cchoi, hic}@cc.gatech.edu

Motivation
We present a 3D model-based visual tracking approach using edge and
keypoint features in a particle filtering framework. While most of the
edge-based tracking has made an assumption that an initial pose is given,
we employ keypoint features for initialization of the filter.

Contributions
• We employ keypoint features to initialize particles to highly probable

states based on pose estimates from keypoint correspondences.

• For better accuracy, we refine edge correspondences between the pro-
jected model edges and the image edges via a RANSAC.

• Instead of random walk models, we apply a first-order autoregressive
(AR) state dynamics to guide particles more effectively.

• Our approach monitors the number of effective particles and use the
value to decide when the tracker requires re-initialization.

Algorithm

Data: I = {I0, I1, · · · , II},F = {(p1,P1), · · · , (pF ,PF )}
Result: S = {S0,S1, · · · ,SI}
Params: Σw, λa, λv , λe, Nthres

1: t ← 0; init ← 1; A0 ← 04×4

2: while It �= 0 do
3: if init = 1 then
4: St ← InitParticle(It,F)

5: if St �= {φ} then
6: init ← 0

else
7: for n ← 1 to N do

8: X
∗(n)
t ← Propagate(X

(n)
t−1,A

(n)
t−1,Σw)

9: A
∗(n)
t ← AR_vel(X

∗(n)
t ,X

∗(n)
t−1 , λa)

10: Z
∗(n)
t ← Measurement(X

∗(n)
t , It)

11: Ź
∗(n)
t ← RANSAC(Z

∗(n)
t )

12: π̃
∗(n)
t ← EdgeLikelihood(Ź

∗(n)
t , λv , λe)

13: X́
∗(n)
t ← IRLS(X

∗(n)
t , Ź

∗(n)
t )

14: π∗
t ← Normalize(π̃∗

t )

15: N̂eff ← Neff(π∗
t )

16: if N̂eff ≥ Nthres then
17: St ← Resampling(S∗

t )

else
18: init ← 1

19: t ← t+ 1

Particle Filter
The discrete system equations on the SE(3) group is formulated based on
[1] as follows:

Xt = Xt−1 · exp(A(X, t)Δt+ dWt

√
Δt), (1)

dWt =
6∑

i=1

�t,iEi, εt = (�t,1, . . . , �t,6)
T ∼ N (06×1,Σw) (2)

where Xt ∈ SE(3) is the state at time t, A : SE(3) �→ se(3) is a possibly
nonlinear map, dWt represents the Wiener process noise on se(3) with a
covariance Σw ∈ R6×6, Ei are the ith basis elements of se(3).
The corresponding measurement equation is then:

Zt = g(Xt) + nt, nt ∼ N (0NZ×1,Σn) (3)

where g : SE(3) �→ RNZ is a nonlinear measurement function and nt is a
Gaussian noise with a covariance Σn ∈ RNZ×NZ .
The first-order AR state dynamics on the Lie group is applied for more
effective particle propagation as:

Xt = Xt−1 · exp(At−1 + dWt

√
Δt), (4)

At−1 = λa log(X
−1
t−2Xt−1). (5)

Experimental Results

�: N = 1, �: N = 100

�: N = 100, �: N = 100, RANSAC

�: N = 100, λa = 0.0, RANSAC, �: N = 100, λa = 0.5, RANSAC

�: particles, �: mean of particles

References

[1] J. Kwon, F. C. Park Visual tracking via particle filtering on the affine group IJRR,
29(2-3):198, 2010.

Conclusion
• For fast particle convergence, we employed keypoint features and

initialized particles by using a linear time non-iterative solution for
the PnP problem.

• Particles are propagated by the state dynamics which is given by
the AR process on the SE(3), and the state dynamics distributed
particles more effectively.

• Edge correspondences were first enhanced by considering orienta-
tions of the edge points, and they were further refined through the
RANSAC process.

• During the tracking, the proposed system appropriately re-initialized
by itself when the number of effective particles is below a threshold.

1
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Affordance Prediction via Learned Object Attributes
Tucker Hermans! ! ! Advisor: Aaron Bobick! ! Co-Advisor: James M. Rehg
Computational Perception Lab - School of Interactive Computing

• Fully supervised procedure
• Learn semantic attributes from visual features
• Learn affordances from attribute feature vectors
• Attributes share visual information across different 

affordances

 

Attribute ModelAffordance Prediction

Preliminary Results

Future Work

• Wish to predict affordances distally from visual 
input

• Incorporate object category-affordance methods 
in a fully Bayesian framework

• Learn a wider set of affordances and incorporate 
depth features using PR2

 

    CA-Full Model:! ! Att-Aff Model:

• Attribute based affordance prediction:

Combined Model: 
• Direct perception results:

Affordances:

Attributes:

Visual Features:

• Affordances are action possibilities defined jointly 
between an agent and its environment

• Attributes have potential for inferring affordances 
of novel objects

• Novel object inference requires a rich set of 
objects spanning the attribute set

• Category based affordance prediction captures 
certain semantic biases
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Fully Distributed Multi-Robot 
Simultaneous Localization and Mapping

Alex Cunningham and Frank Dellaert
Center for Robotics and Intelligent Machines, Georgia Institute of Technology, Atlanta GA, 30332

Figure 5. Full trajectories and global landmarks with 3 
robots in Freiburg dataset for run 1 (top) and run 2.

Abstract
Multi-robot SLAM systems are necessary to 
coordinate teams of robots by producing 
consistent, reliable maps of the environment. 
One challenge in a multi-robot system not 
present in single robot SLAM is finding 
globally consistent labels for landmarks 
observed by separate robots when the starting 
reference frames of the robots are not known. 
We present a novel, RANSAC-based, 
approach for performing the between-robot 
data associations and initialization of relative 
frames of reference, obtaining an end-to-end 
multi-robot SLAM system,  when combined 
with our previous DDF-SAM approach, for 
which have only shown simulated result until 
now.

Figure 2. Two robots with globally consistent landmarks (black circles), showing corrected trajectories (green and blue 
lines) and landmark observations (translucent lines), shown after aligning landmarks and global optimization.

References
[1] A. Cunningham, M. Paluri, and F. Dellaert, “DDF-SAM: 
Fully distributed SLAM using constrained factor graphs,” in 
IEEE/RSJ Intl. Conf. on Intelligent Robots and Systems 
(IROS), 2010.
[2] A. Cunningham, K. Wurm, W. Burgard, and F. Dellaert, 
“Fully distributed smoothing and mapping with robust multi-
robot data association,” submitted to IEEE/RSJ Intl. Conf. 
on Intelligent Robots and Systems (IROS), 2011.
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Overview
The primary requirements for multi-robot 
mapping system useful in harsh 
environments, which performs Decentralized 
Data Fusion (DDF), are as follows:

● Scalable in computational cost
● Scalable in communication bandwidth as 

the number of robots increases
● Robust to node failure
● Robust to changes in network topology

Figure 3. Map matching via triangulations of feature maps.  
Left: two sets of landmarks, their triangulations, and 
correspondences.  Right: matched maps overlaid.  

Figure 4. Robots used for experiment and example 
pole feature (left) and aerial view of the parking lot 
used in Freiburg.  

Figure 1. An example scenario with two robots driving 
through an environment with landmarks (stars).  

DDF-SAM
The DDF-SAM system, introduced in [1] and 
expanded in [2], consists of three main 
modules:

1) Local Mapping Module: Performs full 
nonlinear SAM to solve for the full 
trajectory and landmark map, then 
compresses the local map to broadcast to 
neighboring robots.

2) Communications Module: Updates a 
cache of compressed maps from many 
robots with correspondences and 
initializations and computes multi-robot 
data associations.

3) Global Mapping Module: Optimizes 
graph over all known neighbors and yields 
a global feature map.

Local Smoothing and Mapping (SAM) solves 
nonlinear least-squares optimization problem, 
while global optimization introduces hard 
equality constraints to bind landmarks in 
different reference frames together.

Experiments
We tested the system in the following 
scenario

● Three robots (shown in Fig. 4) 
equipped with laser scanners

● Parking lot environment with pole 
features added

● Two runs through the environment, 
manually controlled by human

All results were computed off-line for 
visualization, using the GTSAM graphical 
inference library for optimization. Full 
map outputs can be seen in Fig. 5, with a 
closeup of a two-robot case in Fig. 2. 

Conclusions
● Decentralized multi-robot maps are feasible 
with real-time performance

●  We can assemble a global map even when 
the initial positions of the robots are 
unknown

● The system scales with the number of 
robots while producing accurate maps, as in 
Fig. 2 and Fig. 5

Map Matching
● Rather than matching landmarks directly, we 

compute features on the landmarks
● We compute Delaunay triangulations (shown 

in Fig. 3) over the landmarks in a map
●  Correspondences between the triangles will 

be more robust to noise
● We use these triangle correspondences as 

inputs to a RANSAC algorithm to find data 
associations and relative reference frames
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Solve large-scale mapping problems in a fast, exact, robust, and scalable way.
Divide-and-Conquer

Recursively partition the data using nested dissection algorithm and then 
solve from bottom up. 

Tectonic Smoothing and Mapping
Kai Ni and Frank Dellaert
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Subgraph Preconditioned Conjugate Gradient for Large-Scale Bundle Adjustment

Yong-Dian Jian, Doru C. Balcan and Frank Dellaert

Introduction

� Reconstructing 3-D structure from images is an
interesting problem (SfM)

� In the SfM pipeline, we are interested in Bundle
Adjustment, which serves to optimize the cameras and
points at the final stage

Bundle Adjustment (BA)

� Nonlinear Optimization Problem:

min
x,l

K∑
k=1

‖hk (xki , lkj)− zk‖2 (1)

x : camera, l : 3-D point, z: measurement, h: projection function

� Linearize Eq. (1) to derive a linear system, and solve it
for δx (the concatenation of all δx and δl)

Aδx = b (least squares form)

AT Aδx = AT b (normal form)

δx = (AT A)−1AT b

Graph Perspective

x0 x1 x2

l0 l1 l2 l3

x0 x1 x2 l0 l1 l2 l3

A

x0 x1 x2 l0 l1 l2 l3

H≈ A
T
A

� Solving graphs is equivalent to solving linear systems
� Properties of the BA graphs:

� Bipartite: No edges between cameras or points
� Unbalanced: Much more points than the cameras

Preconditioning

� If H is ill-conditioned, we can solve an equivalent
equation:

S−T HS−1δy = S−T c

� S−1 shoulbe easy to compute
� S−T HS−1 is well-conditioned

� Variable Reparametrization

x0 x1 x2 x3 x4

y0 = x0

y1 = x1− x0

y2 = x2− x1

y3 = x3− x2

y4 = x4− x3

Subgraph Preconditioner

� Main Idea: Take a subgraph as the preconditioner
� An example:

x0 x1 x2

l0 l1 l2 l3

x0 x1 x2 l0 l1 l2 l3

S

x0 x1 x2 l0 l1 l2 l3

S
T
S

Results



21



22

3D Visualization of the Operating Room Using Advanced Motion Capture: 
A Novel Paradigm to Expand Simulation-Based Surgical Education

• The Society of Thoracic Surgeons 47th 
Annual Meeting (STS 2011)
• International Society for Minimally 
Invasive Cardiac Surgery (ISMICS 2011)

Eric L. Sarin1, Kihwan Kim2, Irfan Essa2, and William A.Cooper3

Inova Heart and Vascular Institute1,
College of Computing, Georgia Institute of Technology 2,

Division of Cardiothoracic Surgery, Emory University School of Medicine3

Motivation
• There are multiple challenges facing the current era of 
cardiothoracic  surgical training

• Cardiac surgical operations are trending towards older, more 
complex patients

• Changes to resident training programs including the mandatory 
80 hour work week and the shift towards integrated programs 
will shorten the overall length of training

Video Textured Billboard  The original image in each 
segmented region (Fig.5a,b) is directly mapped onto a billboard 
for each video frame.  A video‐textured billboard is now rendered 
for the virtual view point.  This maintains  consistent visuals for 
the users despite slight changes in the virtual viewpoint. (Fig.5 c). 
For the smooth transition of virtual view, we applied novel 
blending techniques with adequate depth tests to our

O A h

• Use of simulation techniques in cardiothoracic surgical 
education has been highly effective and well‐received by trainees

• To ascertain whether advanced visualization techniques can be 
effectively applied  in the operating room 

• Utilization  of the video data to develop a viable simulation 
platform for cardiac surgical procedures.   

Purpose

Figure 5
a b c

Results
Our Approach

Method Overview     We deploy multiple cameras in the 
operating room.  We typically utilize four fixed camera views to 
provide a global overview of the operating room (Fig. 1). These 
views are supplemented with additional views from the others 
cameras focused on the surgery to provide a more close‐up view 
of the procedure itself

Manipulation of the virtual viewpoint allows access to different 
camera inputs.  Rotation from right to left (Fig. 6) brings the local 
view of the heart into view.  The ability to rotate and magnify 
the view (Fig. 7) allows visualization of the surgeon’s hands and 
technical details of the operation. Application also allows users 
to select a person to be (1) transparent  to look through (Fig.8b),  
or (2) highlighted to concentrate on actions. (Fig.8c)

Figure 1

Registration     Each camera view is then registered onto a 
reference plane in a virtual 3‐dimensional space.  Projective 
homography matrices are calculated from each view based on the 
reference points (Fig. 2)

Figure 6

Figure 2
Segmentation    A region of each person in the videos is 

extracted using  a segmentation algorithm over time (Fig.3a,b ) 
and the location and height of each person is measured from the

g

Figure 7

Conclusion

and the location and height of each person is measured from the 
videos (Fig. 3c). This information is used for locating  the billboard 
of each individual person consistently over time in 3D space (Fig. 
4). The geometric constraints  of vertical vanishing points from 
each camera are used for this step

a b c
Figure 8

a b c

• Advanced motion capture using video based rendering 
can be used to provide an accurate representation of 
cardiac surgical procedures

• Video‐based simulation represents a potentially viable 
adjunct to  the currently available techniques  utilized in  
cardiothoracic surgical education.

Figure 3

Figure 4
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Special Thanks to the Computational Perception Laboratory under the supervision of 
professor Irfan Essa, at the Georgia Institute of Technology. 

Diagram 3 - State and Requirement Setup

State 1
Requirement 1:
Knee: 90 degrees | ε: 5

Requirement 2:
Elbow: 180 degrees | ε: 6

Requirement 3:
Back: 90 degrees | ε: 4

RRequirement 4:
Shoulder: 30 degrees | ε: 7

State 2
Requirement 1:
Knee: 90 degrees | ε: 5

Requirement 2:
Elbow: 175 degrees | ε: 6

Requirement 3:
Back: 60 degrees | ε: 4

RRequirement 4:
Shoulder: 45 degrees | ε: 7

State 3
Requirement 1:
Knee: 135 degrees | ε: 5

Requirement 2:
Elbow: 180 degrees | ε: 6

Requirement 3:
Back: 90 degrees | ε: 4

RRequirement 4:
Shoulder: 90 degrees | ε: 7

State 4
Requirement 1:
Knee: 175 degrees | ε: 5

Requirement 2:
Elbow: 175 degrees | ε: 6

Requirement 3:
Back: 170 degrees | ε: 4

RRequirement 4:
Shoulder: 90 degrees | ε: 7

Our Method:  We begin by feeding our sensor data into the OpenNI (Natural Interactions) library, which will allow us to 
track our user. We then capture and analyze the angles of relevant skeletal joints. By matching the angles of the users joints 
against the angles of a known state, we are able to identify when a user has entered a specific stance or pose. In order to track 
the user's progress during the exercise, the exercise is broken down into a set of key states, which the user must move through 
successfully to complete the exercise.

ForFor testing, we retrieved an exercise from arthritistoday.org, and broke it down into what we deemed were the four key states. 
These can be seen in diagram 1. Diagram 2 illustrates how our program recoginizes the user in the four different states. Note 
that the user is shaded green, indicating that he is performing the pose correctly. The requirements for our test exercise, the No 
Band sit-stand squat, can be seen in diagram 3.

Diagram 2:The four poses that comprise 
the No-Bands Sit-Stand Squat Exercise.

Diagram 2 - Standing up Exercise Data

Diagram 1: The original exercise video and the 
chosen frames for our four key states.

Diagram 1 - Original Exercise

Abstract: Abstract: Microsoft's Kinect hardware has brought depth sensing hardware to the everyday user at an affordable 
price. It has set records for being one of the highest selling consumer electronics on the market today. Because this hardware is 
becoming increasingly accessible, we are developing new techniques to expand upon existing applications to leverage the 
Kinect as a medical tool. By using the Kinect to track a user's skeleton in real time, we are able to analyze how their body 
performs certain exercises, in order to aid in early recognition and diagnosis of physical disabilities or health problems. 

AfterAfter establishing a framework capable of capturing critical skeletal data, we can then apply a supervised learning algorithm to 
empirically classify an individual, and suggest possible causes of negative performance. This proof of concept demonstrates the 
collection of skeletal data, which would then be ready to be classified under the guidance of medical experts. 

Using the Microsoft Kinect in order to Analyze Medical Exercises
Daniel Castro, Henry Dooley, Gaurav Mathur, and Irfan Essa. Computational Perception Laboratory, Georgia Institute of Technology
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                Presenter:  Joy Buolamwini   
                Advisers: Dr. Irfan Essa , Dr. Andrea Thomaz 

 

Interactions 

Motivation:  As robots begin to enter social spaces such as care centers and hospitals, there is a growing 
need to study Human Robotic Interaction. The objective of the Peek-A-Boo Simon initiative is to explore how 
to engage humans in turn taking interactions with a robotic agent to better understand how to structure 
these social interactions so that robots can engage meaningfully with humans in a context appropriate 
manner.  

Peek-A-Boo Simon 

Perception Tree Finite State Machine 

Use Video Input to Construct Beliefs 

Use Beliefs to Determine Appropriate Interactions 

IRCP: Intra Robot Communication Protocol 
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Motion Fields to Predict Play Evolution in Dynamic Sport Scenes

IEEE CVPR 
2010

Kihwan Kim1, Matthias Grundmann1, Ariel Shamir2, Iain Matthews3,
Jessica Hodgins3 and Irfan Essa1

Georgia Institute of Technology1, Interdisciplinary Center2

and Disney Research Pittsburgh3

Goal and Motivation
To predict how a play in a sports game will evolve, given current 
positions and motions of the players.

(1) Player intent can be analyzed from ground motion fields 
(2) The dense ground motion field can be interpolated from a 

sparse set of motion vectors over time.

Points of Convergence (POC)

ijijijijij vjuivjui  ),(),(

1. Given a location x(i,j), propagate the 
magnitude of ground flow velocities                        
along the flow field.  are 
accumulated in the confidence table

2. Then,  find the largest accumulation 
using meanshift and GMM

2
ij

2
ij

2
ij vu 

Overview of Approach
(1) Extracting players’ locations on the ground from multiple 

cameras
(2)  Generating dense flow fields from a sparse set of player 

motions over time using Radial Basis Function (RBF) 
Interpolation

(3)  Detecting Points of Convergence (POC) by clustering 
propagated flow magnitude.

using meanshift and GMM

y
v

x
u





 

div

Red : negative divergence, 
Blue : positive divergence

Detected POCs
(a) Critical Points  (b) Non‐singular region

Results & Evaluation
Qualitative results : Red contours : POC, White arrows : Motion Fields
Back‐door play and through pass

propagated flow magnitude.

Predict the location of future play

Motion on the Ground
1. Extract ground position of each player on the field by optimizing 

geometric constraints from vertical vanishing points

Interception and goal keeping
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2. Motion on the ground
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Foreground Distances from vertical 
vanishing lines Evaluation : Distances between the location of the detected POC in 

the current frame vs. the location of the ball in future frames 
(blue : +4 frames, and red : +120 frames)

Faint motion and drive‐in (Basket ball)
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Color proximity

Global Flow Field



Spatio‐temporal interpolation of player flow using RBF

4.5 meter errors without the period 
that goal‐keeper occupies the 
ball, and 6.5 meter errors for 
whole time offsets when we take 
the minima of each frame.
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Given a collection of n scattered 2D points (x, y) with associated 
scalar velocity values (U,V), construct a smooth velocity field that 
matches each of these velocities at the given locations

Velocity function for x direction

Velocity function for y direction

     222

Over time
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Conclusion

Applications
(a) Camera control for 

automated 
broadcasting

(b) Novel type of sports 
scene visualization
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Motion field

Future work : (a) Developing more efficient ways to calculate 
motion fields    (b) Automatically driving robotically 
controlled cameras using our algorithm

Conclusion
We introduce a novel approach for play evolution analysis, and 

show that global analysis of local players’ movement can be 
used for predicting future events in dynamic sport scenes.
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Augmenting Aerial Earth Maps with Dynamic Information

Oral presentation at ISMAR 2009
Virtual Reality Journal Springer 2011

Kihwan Kim, Sangmin Oh, Jeonggyu Lee and Irfan Essa
College of Computing, Georgia Institute of Technology

{kihwan23, sangmin, glaze, irfan}@cc.gatech.edu

Goal and Motivation
To make Augmented Aerial Earth Maps that can visualize an 
alive and dynamic scene within city using distributed videos

(1) Current Virtual Earth updates spatial information over 4~6 
months : almost static

(2) Making use of videos can be a solution, but videos are 
sparsely located, and have narrow Field of View (FOV)
: Need to find spatio temporal correlations between videos

Results

Overview of the prototype system (28 videos are used)
: Need to find spatio‐temporal correlations between videos 
taken at different locations

Our Approach
Four different scenarios are proposed, based on sparsity of 

cameras and motion complexity
: Different spatial correlations are used for visualization of the 
arbitrary viewing‐angle and unobserved region.

1 Pedestrian visualization : single view and simple motion

1. Visualization of overlapping multiple videos 

Five views of friendly game are registered on virtual earth map

1. Pedestrian visualization : single view and simple motion

(a) Tracking pedestrian

2. Traffic visualization : sparse views and simple motion

(b) Matching motion capture 
data

(c) Projecting models onto 
virtual map

Sports broadcasting videos

2. Pedestrian Visualization using single views

Surveillance videos

(a) Tracking cars and registering a 
geometry of the road

(b) Finding spatial correlation 
between observed region (red) 
and unobserved region (green)

(c) Applying behavioral model 
based on the spatial 
correlation between nodes

3. Sport visualization : overlapping views and complex motion

3. Traffic Visualization using sparse multiple videos

4. Sky visualization : sparse views and complex motion

(a) Each rectified video is mapped onto the virtual 
plane, then searching two closest views based 
on a viewing angle of virtual view

(b) A video of the arbitrary view can be 
reconstructed by global blending of 
closest views and their backgrounds

(a) From sky videos taken at 
different locations, cloud 
density at in‐between 
region can be estimated

(b) Variational approach using 
Radial Basis Function is 
used for interpolating 
gradients of textures from 
observed videos

(a) Propagated gradients are 
used to generate clouds 
procedurally

Sky and clouds are visualized from sparse  Sports game can be mapped in different 

Conclusion
(1) A l f k f i li i d i i

4. Sky/Cloud Visualization using sparse multiple videos

set of sky videos location from user interface

Future work : (a) aim to overcome algorithmic trade‐offs (b) 
plan to apply other situations (i.e. river, seashore, etc.)

‐ For more information : 
http://www.cc.gatech.edu/cpl/projects/augearth

(1) A novel framework for visualizing dynamic scenes is 
proposed  : Global view‐blending, Parameterized behavioral 
model and Vision‐driven procedural rendering of clouds

(2) The prototype system handles maximum 32 observations at 
a time at 10 frames per seconds

(3) The system can be used for : (a) Dynamic online map 
services (b) Interactive sports broadcasting (c) Surveillance 
applications
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fe

a
tu

re
m

o
v
e
m

e
n

t
w

it
h

in

th
e

s
ta

ti
c

c
ro

p
w

in
d

o
w

is
s
m

o
o

th
.

d
ir

e
c
te

d
b
y

h
a
rd

a
n
d

s
o
ft

s
a
li

e
n
c
y

c
o
n
s
tr

a
in

ts
in

a
fe

a
tu

re
-

b
a
s
e
d

fo
rm

u
la

ti
o
n
.

W
e

e
m

p
lo

y
s
a
li

e
n
c
y

m
e
a
s
u
re

s
th

a
t

im
-

p
a
c
t

th
e

u
p
d
a
te

tr
a
n
s
fo

rm
a
s

a
c
o
n
s
tr

a
in

t.
F

o
r

th
is

w
e

h
a
v
e

to
re

q
u
ir

e
th

a
t

s
p
e
c
ifi

c
s
a
li

e
n
t

p
o
in

ts
re

s
id

e
w

ith
in

th
e

c
ro

p

w
in

d
o
w

,
w

h
ic

h
is

e
s
s
e
n
ti

a
ll

y
th

e
in

v
e
rs

e
o
f

o
u
r

in
c
lu

s
io

n

c
o
n
s
tr

a
in

t.
L

e
t

u
s

c
o
n
s
id

e
r

o
p
ti

m
iz

in
g

th
e

in
v
e
rs

e
o
f

th
e

u
p
-

d
a
te

tr
a
n
s
fo

rm
,

i.e
.t

h
e

fe
a
tu

re
tr

a
n
s
fo

rm
W

t
a
p
p
li

e
d

to
s
e
t

o
f

fe
a
tu

re
s

in
e
a
c
h

fr
a
m

e
I t

a
s

in
d
ic

a
te

d
in

fi
g
.
5
.

W
e

d
e
n
o
te

th
e

in
v
e
rs

e
o
f
F

t
b
y

G
t
=

F
−

1
t

.
In

s
te

a
d

o
f

tr
a
n
s
fo

rm
in

g
th

e

c
ro

p
w

in
d
o
w

b
y

B
t,

w
e

s
e
e
k

a
tr

a
n
s
fo

rm
W

t
o
f

th
e

c
u
rr

e
n
t

fe
a
tu

re
s
,

s
u
c
h

th
a
t

th
e
ir

m
o
ti

o
n

w
it

h
in

th
e

s
ta

ti
c

c
ro

p
w

in
-

d
o
w
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o
n
ly

c
o
m

p
o
s
e
d

o
f

s
ta

ti
c
,

li
n
e
a
r

o
r

p
a
ra

b
o
li

c
m

o
ti

o
n
.

T
h
e

a
c
tu

a
l

u
p
d
a
te

o
r

s
ta

b
il

iz
a
ti

o
n

tr
a
n
s
fo

rm
is

th
e
n

g
iv

e
n

a
s

B
t
=

W
−

1
t

.
W

e
b
ri

e
fl

y
d
e
ri

v
e

th
e

c
o
rr

e
s
p
o
n
d
in

g
o
b
je

c
ti

v
e
s

fo
r
D

i W
t,

i
=

1.
.3

b
a
s
e
d

o
n

fi
g
.
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1
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−
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−

R
t
|=
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−
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−

2
R

t+
1
−
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6
:

C
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n
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n
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a
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c
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a
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s
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m
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r
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e
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n
g

.

T
h
e

a
d
v
a
n
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g
e

o
f

th
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fe
a
tu

re
p
a
th
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rm

u
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ti
o
n

li
e
s

in

th
e

p
o
s
s
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il
it

y
to

s
p
e
c
if

y
s
a
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e
n
c
y

c
o
n
-

s
tr

a
in
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.

S
u
p
p
o
s
e

w
e

w
a
n
t

a
s
p
e
c
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c

p
o
in

t
(e

.g
.

m
o
d
e

in

a
s
a
li

e
n
c
y

m
a
p
)

o
r

c
o
n
v
e
x

re
g
io

n
(e

.g
.

fr
o
m

a
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c
e

d
e
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c
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r)
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b
e

c
o
n
ta
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e
d

w
it

h
in

th
e

c
ro

p
w
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d
o
w

.
W

e
d
e
n
o
te

th
e

s
e
t

o
f

s
a
li

e
n
t

p
o
in

ts
in

fr
a
m

e
I t

b
y

st i.
A

s
w

e
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re

e
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ti

m
a
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n
g

th
e

fe
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tr
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n
s
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d
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f
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e

c
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w
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o
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n
s
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rm
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w
e

c
a
n
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d
u
c
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o
u
n
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n

st i
tr
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n
s
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rm
e
d

b
y

A
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�
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0
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0

0
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1
0

sx i
sy i

�
p t

−
�

b x b y

�
≥

�
−

� x
−
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�
,

3
C

o
m
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a
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o
-s

id
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d
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o

u
n

d
s
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r
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c
lu

s
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n
c
o

n
s
tr
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in

t
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e
q

.
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)

w
it

h
� x

,�
y
≥

0.
T

h
e

b
o
u
n
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s
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x
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y
)

d
e
n
o
te

s
h
o
w

fa
r

fr
o
m
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e

to
p
-l

e
ft

c
o
rn
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r
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e
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d
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c
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d
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c
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=
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e

s
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t
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in
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c
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e

s
a
li

e
n
t
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c
a
n

b
e
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e
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s
p
e
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c
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c
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c
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0

th
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c
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n
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c
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d
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h
t
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c
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c
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c
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p
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a
t
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y
a
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n
e
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c
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b
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w
h
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h
a
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a
d
d
e
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o
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c
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v
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f
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L
P
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c
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w
e
ig

h
t

c
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b
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g

c
o
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n
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w
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c
h
o
s
e

a
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e
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h
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o
f

1
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p
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m
e
n
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o
n
.
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c
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c
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c
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n
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)

T
h
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p
a
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a
s
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e

a
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g
e
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t
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w
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e
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n
g

c
o
n
s
tr
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b
e
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p
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y

a
n
d

in
c
lu
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n
c
o
n
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a
n
d

is
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e
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o
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o
w
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u
l
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a
t
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e

c
a
m

-
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p
a
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.
H

o
w

e
v
e
r,

th
e

in
c
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s
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n
c
o
n
s
tr

a
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t

n
e
e
d
s
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b
e

a
d
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s
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d
,

a
s
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e

c
ro

p
w
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d
o
w

p
o
in
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a
re

tr
a
n
s
fo

rm
e
d

b
y

th
e

in
v
e
rs

e
o
f

th
e

o
p
ti

m
iz

e
d

fe
a
tu

re
tr

a
n
s
fo

rm
,

a
n
o
n
-l

in
e
a
r

c
o
n
s
tr

a
in

t.
A

p
o
s
s
ib

le

s
o
lu

ti
o
n
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to

re
q
u
ir

e
th

e
tr

a
n
s
fo

rm
e
d

fr
a
m

e
c
o
rn

e
rs

to

li
e

w
it

h
in

a
re

c
ta

n
g
u
la

r
a
re

a
a
ro

u
n
d

th
e

c
ro

p
re

c
ta

n
g
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a
s

in
d
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a
te

d
in
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g
.
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c
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e
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p
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c
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g
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c
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s
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n
a
n
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x
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y
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o
n
s
tr
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in
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.
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n
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e
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s
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a
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n

o
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o
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l
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a
-
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a
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a
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b
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v
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c
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o
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a
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p
o
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a
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it
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n
e
e
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to
c
o
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p
u
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G
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In
th
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s
e
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n
g
,
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s
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a
d

o
f

m
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in
g

th
e

L
1

n
o
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o
f

th
e

p
a
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m
e
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e
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s
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u
a
l
R
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t)

,
w

e
d
ir

e
c
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y
m
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e
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e

L
1

n
o
rm

o
f

th
e
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a
tu
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d
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n
c
e
.
R

t
b
e
c
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f
k
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a
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a
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−
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1
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A
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u
s
u
a
ll

y
c
o
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p
u
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s
u
c
h
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a
t
G
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1
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=

f
t+

1
k

,
w

e
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a
t
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e
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s
c
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b
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c
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n
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b
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s
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L
1

s
e
n
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W
e

im
p
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m
e
n
te

d
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e
e
s
ti

m
a
ti

o
n

o
f

th
e

o
p
ti

m
a
l

p
a
th

d
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c
tl

y
fr

o
m

fe
a
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s
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r
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n
c
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b
u
t
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u
n
d

it
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h
a
v
e

li
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b
e
n
e
fi

t
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e
b
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b
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Capturing Style for Robotic Task Specification and Analysis 
of Aesthetic Movements

Amy LaViers and Magnus Egerstedt 

2) We deconstruct movements into two components: poses important to the 
experience of the movement and transitions between such goal poses.  Hence, the 
model becomes a transition system where states correspond to body poses (usually 
angles of a single limb – leg shown below) and events correspond to allowable primary 
motions between these poses.

“Never do B after A 
unless C”

1) We can use an automata theoretic setting to combine the system dynamics 
with stylistic specifications. A transition system augmented with a set of atomic 
propositions enumerates allowable system transitions and which propositions are 
true at which state. The resulting product automaton accepts sequences of states 
which satisfy both the system dynamics and the specifications. 

Overview: Through analysis of formalized movement genres, namely, classical ballet, we have constructed a method for enumerating
stylistic principles.  With this quantified instantiation of style, we are able to assemble these principles as movement rules and 
automatically generate robotic motions which respect the desired stylistic task.  Furthermore, such tools can enable quantitative 
study of style as it is employed in human behavior – through the creation of distinct movement genres such as ballet, hip‐hop, and 
flamenco dance to name only a few.

Here, we provide an overview of the work we have done in several publications.  First, we look at capturing an essential essence of 
classical ballet in order to establish a reasonable method.  Then, we apply this method to a real robotic platform.  The sections below 
highlight key aspects of these works.

3) To apply this framework on an Aldebaran NAO robotic platform, we establish 
the following single arm states and dynamics. Using two different dynamics, we 
begin to establish two distinct stylistic behaviors: disco and cheerleading.

States for NAO arm dynamics:

Visit our website!: http://gritslab.ece.gatech.edu/ http://www.prism.gatech.edu/~alaviers3/

Allowable single arm transitions:
Cheerleading style Disco style

4) These two single arm systems are then combined to make a two arm system.  
This joint system allows both physically infeasible (i.e., when the arms collide) and 
aesthetically disallowed poses and motion sequences.  We can restrict the 
behavior of these joint automata using formal composition methods.  The 
specifications can be split into physically infeasible and aesthetically disallowed.  
In the case of the NAO, both styles will have the same physically infeasible 
restrictions since they take place on the same physical platform while each 
receives its own aesthetically driven restrictions specific to the desired style.

5) Snapshots of resulting sequences are shown below.  Images of the robot 
accompany simulated abstractions of each pose.
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 The BE algorithms are provably complete.  
 To implement the BE algorithms, only a          circula
rly linked list is stored and updated based on two simpl
e rules. 

Simultaneous Cooperative Exploration 
 and NeTworking (SCENT)

 Each vehicle deploys information nodes while expanding the 
explored area using the BE algorithms. 
 Subgraphs laid out by different vehicles are merged  
into one maximally connected graph when they intersect. 
 Coordinate of an information node is not necessary       (topolo
gical localization). 

References  
J. Kim, F. Zhang, and M. Egerstedt.  A Provably Complete Exploration Strategy by Constructing Voronoi Diagrams, Autonomous Robots, Vol. 
29, No 3-4, pp. 367-380, 2010.   
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J. Kim, F. Zhang, and M. Egerstedt. An exploration strategy based on construction of Voronoi diagrams with provable completeness, in Proc. of 
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J. Kim, S. Maxon, F. Zhang, and M. Egerstedt. Simultaneous Cooperative Exploration and Networking based on Voronoi diagrams, submitted 
to IEEE Transactions on Robotics. 

Construct the 
Initial Enclosing Bo
undary. 
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Single Vehicle Exploration

                                  Exploration Time Analysis
 There are M obstacles in the workspace, and all Voronoi cells are hexagonal with identical size. 
 The exploration time using one vehicle is              . 
 The exploration time using N vehicles is upper bounded by                                             .                         

Advanced BE algorithms : 36.5 time unit. 

Tracking  Control  Law 

Expand the  
Enclosing  
Boundary. 

Multiple Vehicles Exploration

The Boundary Expansion Algorithms 

Advanced SCENT algorithms : 17.35 time unit. 

Information node 

Voronoi edge 

obstacle 

Enclosing  
boundary 
built by  
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Georgia Robotics and InTelligent Systems Laboratory 

http://gritslab.ece.gatech.edu 

Problem Statement 
The research presented here addresses two key 
questions in the control of multi-agent networks.   

1. How to design a multi-agent system that is 
appropriate for completing a given task? 

2. Given a multi-agent system, how to design 
decentralized coordination strategies for it?  

Distributed Air Traffic Scheduling Algorithm 

Optimal Decentralized Controller Generation 

Philip Twu (ptwu@gatech.edu) 
http://www.prism.gatech.edu/~ptwu3 

Control of Multi-Agent Networks: 
From Network Design to Decentralized Coordination 

Network Design: Homogeneous  

Single-Leader Networks 
This project explores the effects of agent diversity 
and network topology on a multi-agent system’s 
expressiveness. 

In Single-Leader Networks:  
• Expressiveness of network can be given by its 

controllability properties. 
• Cells of maximal leader-invariant externally 

equitable partitions give the reachable subspace. 

• The network topology limits how close a target 
point can be reached.

If Agents in the Network are Homogeneous: 
• It does not matter which agent is assigned to 

which target point. 
• Target labels can be permuted while still specifying 

the same desired configuration. 
• Some target point permutations are closer to 

the system’s reachable subspace than others.

• But, finding the optimal permutation involves 
solving a NP-hard problem.

Publications: 
• P. Twu, M. Egerstedt, and S. Martini, “Controllability of 

homogeneous single-leader networks,” in Proceedings 
of the 49th IEEE Conference on Decision and Control 
2010, vol. 2, pp. 1538–1543, 2010.

This project explores how decentralized control laws for agents 
can be generated for tracking multi-agent motions.

Overview of Approach: 
1. Specify parameterized constraints which describe what 

constitutes a decentralized controller for the system. 
2. Optimize the parameters to minimize the tracking error. 

Results: 

Publications:
• P. Twu and M. Egerstedt, “Optimal decentralization of multi-agent 

motions,” in American Control Conference (ACC), 2010, pp. 2326–2331, 
IEEE, 2010. 

This project explores using distributed negotiation algorithms to 
resolve terminal approach air traffic merging conflicts.

Highlights of Algorithm: 
• Opposing  aircraft negotiate for: 

 Order of merging 
 Arrival time at merge point, 

• while minimizing: 
 Fuel Consumption 
 Path Deviations 
 Changes in ETA. 

• Sufficient feasibility conditions proven for safe merging. 

Publications:
• P. Twu, R. Chipalkatty, A. Rahmani, M. Egerstedt, and R. Young, “Air 

traffic maximization for the terminal phase of flight under FAA’s NextGen 
framework,” in Digital Avionics Systems Conference (DASC), 2010 
IEEE/AIAA 29th, pp. 2.C.1–1 –2.C.1–14, Oct. 2010. 

Philip Twu (ptwu@gatech.edu) and Magnus Egerstedt
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A Conceptual Space Architecture for  
Widely Heterogeneous Robotic Systems 

HyunRyong Jung, Arjun Menon, and Ronald C. Arkin 
Mobile Robot Laboratory, School of Interactive Computing 

Motivation 
• Sharing knowledge across widely disparate robotic platforms is challenging.  
• Robots are equipped with radically different sensors. 
• Classical knowledge representations (e.g., symbolic representation and connectionist) have several 

deficits. 
 

Conceptual Spaces 
• Gärdenfors suggested the conceptual space, 
     a metric world. 
• Objects and abstract concepts are  
     represented by quality dimensions.  
• The Similarity which is quite important in learning and induction, can be measured easily. 

𝑐𝑐 𝑘𝑘 𝑘 𝛼𝛼 𝑘𝑘, 𝑖𝑖 ∙ 𝑠𝑠 𝑝𝑝 𝑘𝑘, 𝑖𝑖 , 𝑓𝑓 𝑘𝑘, 𝑖𝑖
𝑛𝑛

𝑖𝑖=1
 

• Gaussian mixture model (GMM) for representing the region of a property 
• Abstract sensor layer is to convert sensor data to vectors which can represent a property of an object.  

 
 
 
 
 
 
 
 
 

Architecture & Scenario 
• Detect a biological weapon with two different robots: crawler and flyer.  
• Properties of a biohazard - Barrel shaped, Chemical signature, Stored at low temperatures 
 

 
 
 
 
 
 
 

 
 

 
 
 

Conceptual Space (C ) Conceptual Space (C ) 

Symbol Space 
 

Concept Space 
 

Abstract Sensor Layer Abstract Sensor Layer 

mm-wave Radar Micro Gas  
Chromatograph 

Thermal IR  
Camera 

HAIR  
Sensor 

Vision  
Sensor 

𝑪𝑪𝑺𝑺 𝑺𝑺𝑺𝑺 

𝒄𝒄𝒄𝒄𝒄𝒄 𝒄𝒄𝒄𝒄𝒄𝒄 𝑫𝑫𝒄𝒄 𝑫𝑫𝒄𝒄 

Symbol Space Concept Space 

Biohazard Trash  
Can 

Temperature Chemical 
Composition 

𝑫𝑫𝟑𝟑 
Color 

Prototype of 
Biohazard 

Prototype of 
Trash Can 
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HUNT: Heterogeneous Unmanned Networked Teams 
 Future Naval Combat Operations and Systems will 

entail small expeditionary forces which must 
monitor and protect large and complex areas 
continuously 

 The purpose of HUNT is to push the state-of-the-art 
in complex, time-critical mission planning and 
execution for large numbers of heterogeneous 
vehicles collaborating with warfighters  

 Sophisticated cooperation among intelligent 
biological organisms will offer critical insight and 
solution templates for many hard engineering 
problems 

Prototypical Progression of a Hunt 
 Prototypical progression through foraging states 

shown to the right 
 Hunt begins with wolves searching for prey 
 Once prey is discovered the wolves transition to 

approach 
 Transition to attack group when prey begins running 
 Transition to attack individual when a weak 

individual is discovered 
 Transition to capture when the prey is close enough 

to make contact 
 Capture ends in a kill for successful hunts 

Implementing Wolf Behavior 
 Software implementation was accomplished through 

a set of releasers (stimuli) and a weighted roulette 
wheel of probabilities 

 The presence or absence of stimuli make a transition 
possible (we say they release that transition) 

 The set of releasers and the transitions they 
facilitate are shown in the table to the right 

Finite State Automata 
 The foraging states and transitions are represented 

by states and triggers in the Finite State Automata 
(FSA) shown below 

 The FSA is a fully connected graph, however the only 
transitions possible are those with the necessary 
releasers present 

Results 
 Experiments were run for 4 scenarios: 

 1 wolf, 1 elk (stop) 
 1 wolf, 1 elk (run away) 
 1 wolf, 3 elk (run away) 
 2 wolf, 3 elk (run away) 

 Each scenario was run 20 times and the progression 
of the wolf through the foraging states was recorded 
for each run  

 The tabulated values show a high fidelity to the 
original observed probabilities 

 Differences between probabilities in each scenario 
show that the wolves behavior reacted to prey 
behavior  
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Phillip Grice, Tiffany Chen, Hai Nguyen, Charles Kemp
, Georgia Institute of Technology

An accessible interface for  mobile manipulation by the motor impaired

www.healthcare-robotics.com

Purpose: To produce an accessible interface which allows persons with severe motor disability to control a 
fully articulated humanoid robot in performing self-assistive healthcare tasks. 

Overview:
This project involves a rapidly iterating, user-

integrated design process to produce a user interface 
and underlying autonomous capabilities, allowing a 
single quadriplegic user/collaborator to physically 
interact with his environment through a PR2 robot.  

In addition, the user provides a case-study in the 
needs of the severely disabled with respect to potential 
robotic solutions.  His insight into patient needs and 
capabilities alike allows for the design of an interface 
which is both effective and easy to use, and remarkably 
powerful  as a results

Interface:  
• Web-based: Only requires a browser
• Direct control of all 25 physical DoF’s
• Arm movements decomposed into:

• 3D gripper position
• Wrist joint configuration. 

• Visual feedback from cameras in head and arms
• Text-to-speech
• Low-gain control of compliant, gravity compensated 

arms – Safe for contact 
• Roll-over emergency stop to halt all motors.  
• Designed from user-specified layout and developed 

with extensive, frequent user testing and feedback.

Initial Outcomes: 
The user has used the interface and robot to:
• Perform remote manipulation tasks

• Using the GT PR2 from home in California
• Interact and talk with others remotely
• Perform in-person object manipulation
• Scratch his own face
• Brush his own hair and scratch his own head
Significant need-finding has shown:
• Clear opportunities for Mobile Manipulators

• Environmental control
• Many ADL’s

• A focus on communication
• Currently slow, time-consuming
• Potential for physical social presence

Continuing Goals: 
1. Increase autonomy 
2. Reduce required effort

This will include: 
• Visualization of 3D sensor data
• Choosing a point on a map for autonomous navigation.
• Point-and-click autonomous grasping  and placement 

(Willow Garage)
• ‘Perpendicular Approach’ movement primitive
• Improved low-level control

Acknowledgements: The presenters would like to thank Mr.
and Mrs. Henry Evans for their contributions and inspiration, and
to recognize collaborative contributions and financial support from
Willow Garage.

The user seated next to a robot 
under his control.

With the Web-based interface:
• No software is required
• Remote access is simplified
• Numerous commercial 

devices allow mouse control 
for a wide range of 
disabilities, which can now 
control the robot
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Ultra-High Frequency (UHF) Radio Frequency 
Identification (RFID) Sensing for Robotics Applications

The mobile manipulator "EL-E" has a 
variety of sensors and actuators.  Of note, 
EL-E has two sets of UHF RFID antennas: 
A pair of long-range antennas can read 
tags up to 6 meters away; four short-range 
antennas embedded in EL-E's manipulator 
can verify the IDs of nearby or grasped 
objects.  Both sets of antennas read the 
same UHF RFID tags, which are low-cost 
($0.10), self-adhesive, and operate at 
~900MHz.

By: Travis Deyle & Prof. Charles C. Kemp
(Healthcare Robotics Lab)

We develop a number of UHF RFID 
sensing techniques and robot behaviors: 
tag localization, RSSI images (shown 
right), RFID servoing to approach tagged 
objects, multi-sensor fusion, semantic 
databases for robust applications, context-
aware user interfaces, tag inventory 
behaviors, and grasped-object verification. 

We develop a number of capabilities 
using this unique sensing modality.  
For example, robots that deliver the 
right meds to the right person at the 
right time could drastically improve 
medication adherence among older 
a d u l t s .  E L - E l o c a t e s a n d 
approaches a tagged person using 
long-range antennas, verifies the 
person and medication ID using 
short-range antennas, and then 
hands off the meds.
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Leveraging Haptic Sensing and Low Mechanical Impedance 

for Mobile Manipulation in Unstructured Environments 

Advait Jain                Prof. Charles C. Kemp 
 

Healthcare Robotics Lab, Georgia Tech (www.healthcare-robotics.com) 

[1]  A. Jain and C. C. Kemp. EL-E: An Assistive Mobile Manipulator that Autonomously Fetches Objects from Flat Surfaces. Autonomous Robots, 2010. 

[2]  A. Jain and C. Kemp, “Pulling Open Doors and Drawers: Coordinating an Omni-directional Base and a Compliant Arm with Equilibrium Point Control.” ICRA, 2010 

[3]  A. Jain, H. Nguyen, M. Rath, J. Okerman, and C. C. Kemp. The Complex Structure of Simple Devices: A Survey of Trajectories and Forces that Open Doors and 
      Drawers.  IEEE RAS/EMBS BIOROB, 2010. 

[4]  A. Jain and C. C. Kemp. Sharing Haptic Experience for Improved Manipulation. IEEE Robotics and Automation Magazine (under review). 

Haptic Sensing to Reduce Uncertainty 

Low Mechanical Impedance for Robust Performance 

Capturing Everyday Mechanics Sharing Haptic Experience 

• Database of haptic common sense. 

• Rational trade-offs in assistive robot 

design. 
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Gamepad Interface

Results

Healthcare Scenario 2: Patient Room

Healthcare Scenario 1: Hallways

Lead Me by the Hand: Evaluation of a Direct 

Physical Interface for Nursing Assistant Robots
Tiffany L. Chen and Charles C. Kemp

Healthcare Robotics Laboratory | Georgia Institute of Technology

Motivation

- Older adult population is rising [1]

- Number of nurses and direct-care 
workers is decreasing [2]

- Robots may be able to assist nurses to 
perform care tasks such as bathing, 
feeding, and ambulating

- Using a direct physical interface (DPI) may 
provide an intuitive way for nurses to lead 
a robot to prepare for care tasks

Direct Physical Interface

Experimental Design

- 18 nurse participants from Atlanta Area

- 2x4 Within-Subjects Design

- Independent variables: 
(1) Interface Type (DPI and Gamepad)
(2) Task (Hallway Fwd, Hallway Bwd, 
Room Fwd, Room Bwd)

- Dependent variables:

- Time to complete, # of collisions, NASA 
TLX, subjective ratings
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References
[1] Institute of Medicine. Retooling for an Aging America: Building the Health Care 
Workforce. The National Academies Press, 2008.
[2] H. J. Goodin. The nursing shortage in the united states of america: an integrative 
review of the literature. J Adv Nurs ’03.

Conclusions

- DPI found superior to comparable 
gamepad interface according to 
several objective and subjective 
measures

- DPIs may be well-suited for human-
robot interaction (HRI) in nursing 
context and extend well to other fields

Acknowledgements 
We would like to thank Advait Jain, Travis Deyle, Hye Yeon Nam, Kristina Falkenstrom, 
Aakanksha Gupta and all of the nurse participants. We gratefully acknowledge support 
from Hstar Technologies, the NSF Graduate Research Fellowship Program, Willow 
Garage, and NSF grant IIS-0705130.
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Algorithm 

Conclusion 

Background & Motivation 

My turn! Your turn! 

- Interactive play helps promote cognitive, 
physical, and social skill developments 
[Piaget, 1952]  

- For children with developmental 
disabilities, uniform and repetitive 
exposure to interaction play is important 
[Dawson et. al, 2008] 

Previous Robot Playmates 

- Help learn, diagnose, or treat cognitive disabiities 

- However, limited to non-autonomous imitation 
play 

• Kaspar / Robota / Tito 
[Dautenhahn 2000, Scassellati 2005, Billard 
2006] 

Fig.  Image Results showing Child subjects and Toy 

Tracking for Play Primitive Sequencing 

A. Sequencing Play Primitives 

Play Primitives 

- Basic motions that form manipulations when 
children interact with toys 

- Play behavior = Sequence of Play Primitives 

- Trained and recognized with 14 Hidden 
Markov Models 

Results 

- Average recognition rate: 86.88% 

B. Planning Turn-Taking Strategy 

Case-Based Reasoning (CBR) 

- Solve new problems based on the solutions 
of similar past problems 

Child-Robot Turn-Taking CBR 

- Compare child’s play to past play cases 

- Adapt to current play scene 

Results 

- Average recognition rate: 82.36% 

Fig.  Two play scenarios being 

evaluated by Turn-Taking CBR 
system & retrieving solution 

Modeling a play action by sequencing play 
primitives 

- Decomposes a large action to a 
temporally-sequenced primitives with first 
order Markov process 

- Provides versatility to understand any kind 
of unpredicted behaviors 

- Achieves real-time recognition with low 
resolution camera 

Applying Case-Based Reasoning(CBR) for 
planning turn-taking task 

- Solution is easily retrieved by comparing 
the child’s play in the current scene to 
some past play cases stored in memory 

- Enables the whole system to bypass a 
repetitive long decision process 
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Horizon Detection

Visual Glacial Navigation
Stephen Williams and Ayanna M. Howard, Ph.D.

HumAnS Lab., School of Electrical and Computer Engineering

Background & Motivation
‣ Weather-related data from arctic regions 

can help scientists model climate change
- Automatic weather stations provide only spare 

coverage in Greenland and Antarctica

‣ Key technologies are needed to enable a 
robotic weather station network
- Detect and avoid arctic-specific hazards
- Utilize of low-cost sensing technologies

‣ “White-out” conditions make it difficult to 
separate ground from sky
- Low elevation clouds obscure background 

mountains
- Overcast weather reduces available light and 

contrast

‣ Distributed architecture integrates different, 
competing  goals
- “Pursue Goal” and “Avoid Slope” behaviors 

implemented to minimize chassis roll

‣ Vision systems can extract useful terrain 
information, even in low-contrast glacial 
environments
- Methods developed for horizon detection, slope 

estimation, and hazard avoidance
- Visual slope estimates produced similar 

navigational results to true slope data

‣ The low cost of camera systems is compatible 
with the requirements of multi-agent systems

Slope Estimation

‣ Humans look for regions with strong 
information, then “fill in the gaps”

Detect strong 
edges

Weight each edge 
using a heuristic set

Perform a greedy 
search to connect 

segments‣ Results

‣ Environmental hazards largely “slope-
based”
- Few rocks/discrete obstacles
- Gentle slope changes near mountains
- Steep snow banks and lake basins
- Cracks and crevasses

‣ Small-scale surface features and erosion 
patterns visually align
- Apply nonlinear contrast enhancement to 

emphasize small-scale texture
- Perform least-squares estimate of dominant 

gradient direction

‣ Results

Behavior-based Control Conclusions

Original image showing 
perceived terrain slope

Enhanced image with 
slope estimates shown
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Approach

Results & Future Work

Science-centric Coverage Approaches for 
Intelligent Robot Navigation

Lonnie T. Parker and  Ayanna M. Howard, Ph.D.
HumAnS Lab., School of Electrical and Computer Engineering

Background & Motivation

or 

Fig 1.  Future of robotic surveying – Teams of intelligent robot
traversing the terrain and relaying relevant science data to a human 

surveyor

Fig 3.  Sampling strategies that impact robot navigation
Lawnmower Random Piece-wise

Fig 2.  Sample digital elevation map

Define the type of phenomena the robotic system will 
operate within (i.e. variable terrain, hills, valleys, etc.)

� 50 different DEMs generated to test 
navigation algorithms.

Design suitable navigation options for the chosen 
environment type .

� Data measured ONLINE should dictate the 
path that will provide the most dispersive 
sample set (i.e. best coverage) and yield the 
lowest resource usage (i.e. least distance 
traveled).
� Possible sampling options considered: 
Navigate according to a Parallel Transect 
Framework (i.e. Lawnmower), Random 
waypoints, or a custom Piece-wise 
continuous rule-set.
� Of these three, Piece-wise continuous is 
the only pattern that incrementally uses the 
measurements collected to dictate navigation 
ONLINE.

Execute each navigation option (in simulation), 
collecting samples along each path, and interpolate 
across the entire Area Under Test to create an 
estimated map for comparison with ground truth data.

NASA (Earth Sciences Division) needs improved 
ground-based sensing of changes in 
environmental phenomena (i.e. soil moisture, 
chemical concentrations in air or water, and ice 
sheet deformation).

The Piece-wise continuous navigation rule-set 
proves to be the most beneficial, yielding the 
lowest RMSE across 50 simulated terrains and 
the lowest resource usage in terms of total 
Euclidean distance traveled.

The next step will be to develop navigation options 
for environmental phenomena other than elevation. 
Also, we will evaluate the performance of navigation 
patterns under noisy measurement conditions.

We present a robotic surveyor system that 
incorporates on-line measurements to dictate the 
path of navigation. GOAL:  Ensure that the area of 
interest is properly surveyed and minimizes error 
between estimated values and ground truth data.

Previous research has shown that robotic 
technology can significantly aid the Earth scientist 
in this task, yet, the question remains: “How should 
a robot navigate for the purpose of collecting data 
in an unknown environment?”
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Quantifying Upper-Arm Rehabilitation Metrics for Children 
through Interaction with a Humanoid Robot

Douglas Brooks Ayanna Howard, Ph.D.

HumAnS Lab, School of Electrical and Computer Engineering

Manoi AT01

Problem
 Being able to objectively assess
the performance of a patient
through repeatable and
quantifiable metrics has shown to
be an effective means for
rehabilitation therapy.
• However, to date, we are
unaware of any research
regarding child upper limb
rehabilitation techniques using
robotic systems; rather, the
majority of these systems are
only being applied to stroke
patients.
• While there are a number of
robotic toys that have been
shown to be engaging to children
many of the studies focus solely
on children with autism.

Goal
• The goal of this research is to
fuse play and rehabilitation
techniques using a robotic design
to induce child-robot interaction
that will be entertaining as well as
effective for the child.
• We also want to use computer
vision algorithms as the only
means of evaluating proper
rehabilitation techniques.

Simulated Scenario

Approach
Motion History Imaging

• Our algorithmic approach is to
use temporal templates (MHI) to
represent how motion in the image
is moving.
• Using a replacement and decay
operator, we obtain a scalar-valued
image where more recently moving
pixels are brighter.

Contour Extraction & RANSAC
• We employ Median filtering,
Canny Edge Detection, and a
Convex Hull to extract a more ideal
contour representing the patient’s
movement.
• Then we employ and elliptical fit
and RANSAC in order to determine
the upper and lower segments of
movement.

Manhattan Distance
• Next, we divide the MHI’s into
grids, create feature vectors, and
calculate the Manhattan Distance
between two features vectors (the
robot’s and the patient’s).

Angular Velocity and 
Range of Motion

• Finally, we calculate Range of
Motion and Peak Angular Velocity
using the lines obtained from
RANSAC and the associated
timestamp.

Dynamic Time Warping
• Using the distance calculations,
we align image representations of
robotic movements with those of the
patient’s movements.
• This allows us to determine
whether or not the patient is doing
the correct exercise.

Resulting Image Sequence

Canny Edge 
Detection

Motion History 
Image Median Filter

Convex Hull

Major Axis Upper Line Lower Line

Experimental Results
 We collected two types of
exercise data from six different
participants.
 ~ 92% Accuracy

Future Works
• Incorporate patient movement
smoothness, stereo vision, equip
robotic platform with software on-
board, and test with child subjects.
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▶  Reduce Confusion
– Many avoidable injuries/deaths
– Unfamiliar buildings
– Unknown situation

▶  Why use robots?
– Reduce number of emergency personnel
– Reduce response time

▶  Focus:
– Guidance
– Notification

Methodology and Simulation

Conclusion

Incorporating a Model of Human Panic Behavior 

For Robotic-Based Emergency Evacuation
Paul Robinette and Ayanna M. Howard, Ph.D.

HumAnS Lab., School of Electrical and Computer Engineering

Background & Motivation
▶  Panic Models

– Close-knit (high affinity) groups stay together
– Groups of strangers (low affinity) separate 

quickly
▶  Aircraft Evacuation

– Increased incentive increased time to 

evacuation
–  Evacuees very selfish

HUMAN SIMULATIONS
High Affinity Groups

Low Affinity Groups

ROBOT SIMULATIONS

With Robots Without Robots
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– 360o awareness
– 100 unit sight to lighted objects
– 50 unit sight to other humans
– 20 groups

●  Random size (m=5, σ=2)
● Random affinity (high or 

low)
● Random position 

(m=group 

center, σ=50)

– 360o awareness
– 100 unit range to      

detect humans
– 50 unit range to lead 

humans

ENVIRONMENT

– Four exits in 

corners
– 500x500 units
– 1000 iterations

Results

Red dots: robots

Other colors: group ID

Initial Setup

Lines Forming

Exiting

Exploring

Future Work

▶  Robots enabled better evacuation
– More people evacuated within time limit
– Orderly lines to exit
– High and low affinity groups exited

▶  Use swarming/collaborative robot behavior
▶  Add third affinity level
▶  Add obstacles
▶  Create simulated human leaders
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Combining Motion Planning and Optimization for 
Flexible Robot Manipulation

Jonathan Scholz & Mike Stilman, ICHR 2010

Generalization to other manipulation tasks

Table-setting with arbitrary numbers of objects

In the presence of fixed obstacles

Appropriate for tasks naturally expressed

 as optimization of a cost function:

 ● Arranging clutter on a surface

 ● Multiple object placement

 ● Table setting

Robots face two challenges in natural environments:

 ● Underspecified goals: no human to specify exact 
      goal configuration

 ● Uncertain dynamics: Effects of robot's actions on 
      novel objects is uncertain

Motivation:

 ● Searches in object configuration space using 
      Rapidly-exploring Random Trees (RRT)
    

 ● Adds leaves to search tree by forward-simulating 
      the learned dynamics for each object-action pair

 ● Uses directGD heuristic to quickly search 
      optimization landscape

 ● Returns a plan from the starting state to the
      most optimal reachable state, given cost function

Our algorithm:

Approach:
 ● For underspecified goals:

     • Pose task as a constrained optimization problem
        over a set of reward or cost terms. 
     • Can be defined manually or modeled from human

 ● For uncertain dynamics:

     • Quickly approximate dynamics for a set of actions
     • Plan efficiently using sampling-based techniques

Pseudo code for TS-RRT algorithm

Six action primitives defined for interacting 
with objects in the robot's workspace

Model Learning
Goal: discover the dynamics of each object 
         class over a set of action primitives

Model learning results from three object types, 
depicting mean and 95% CI for object displacement 

in each workspace dimension

Model-learning procedure

Advantages
Appropriate for tasks naturally expressed as 
optimization of a cost function:
 • Unlike conventional single-shot methods, 
    doesn't require user specified goals
 • Always guaranteed to return reachable solution
 • Favorable anytime characteristics
 • Feasible for real-time planning in high DOF problems

Similar to Reinforcement Learning formalism, but 
trades path optimality for realtime feasibility
 • RL can require many full-passes through 
    configuration space to converge to optimal policy
 • Handling continuous features requires discretization,
    tiling, or other appoaches
 • RL better suited for problems with sparse reward 
    landscape, but optimizations offer a gradient (like
    shaping reward) which allows fast heuristic search
    with RRT

Random initial 
configuration

Optimized final 
configuration

Manipulation under uncertainty 

● Robot begins with a workspace containing
    three unfamiliar objects

● Robot provided a cost function expressing
    the following desiderata:

    • Orthogonality
    • Cicumscribed area
    • Distance from edge of workspace

● All objects pushed to orthonormal 
    orientations in the center of the workspace

● All paths free of collisions and redundant 
    actions

● Robot monitored error and replanned as 
    necessary

Initial state Solution
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The Motion Grammar
for Physical Human-Robot Games

Neil Dantam, Pushkar Kolhe, Mike Stilman

Center for Robotics and Intelligent Machines, Department of Interactive Computing,

Georgia Institute of Technology, Atlanta, GA 30332

ntd@gatech.edu, pushkar@gatech.edu, mstilman@cc.gatech.edu

Figure 1: Experimental setup for human-robot chess
and partial parse-tree indicating the robot’s plan to
perform a chess move.

Abstract

WE INTRODUCE THE MOTION GRAMMAR [1], a pow-
erful new representation for robot decision making,
and validate its properties through the successful im-
plementation of a physical human-robot game. The
Motion Grammar is a formal tool for task decompo-
sition and hybrid control in the presence of signifi-
cant online uncertainty. This work describes the Mo-
tion Grammar, introduces some of the formal guaran-
tees it can provide, and represents the entire game
of human-robot chess through a single formal lan-
guage. This language includes game-play, safe han-
dling of human motion, uncertainty in piece posi-
tions, misplaced and collapsed pieces. We demon-
strate the simple and effective language formulation
through experiments on a 14-DOF manipulator inter-
acting with 32 objects (chess pieces) and an unpre-
dictable human adversary.

1. The Motion Grammar

1.1 Overview

• A Linguistic Approach to Robot Control

• Discrete Events as Context-Free Grammar

• Continuous Semantics as Differential Equations

• Grammar used to produce the Motion Parser to
control robot

Motion Parser

ζ0 ζ1 . . . ζk−1
� �� �

history

ζk ζk+1 . . . ζn
� �� �

future

tape

Robot η(z)

ζ

u

Figure 2: Operation of the Motion Parser.

1.2 Definition

Definition 1. The Motion Grammar, GM , is a tuple
GM = (Z, Z,U , η, V, P,K, S):

Z space of robot sensor readings

Z set of tokens representing events

U space of robot inputs

η tokenizing function, η : Z �→ Z

V set of nonterminals

P set of productions

K set of semantic rules, each associated with one and only one
production.

S starting nonterminal, S ∈ V

Definition 2. The Motion Parser is a program that
recognizes the language specified by the Motion
Grammar and executes the corresponding semantic
rules for each production.

1.3 Benefits

• Immediate response to uncertainty and effi-
ciency in the context of many degrees of free-
dom.

• Structure imposed by the grammar yields rigor-
ous guarantees that controllers will respond to
all contingencies.

• Hierarchical nature of grammatical productions
and corresponding parse trees allows robot
tasks to be recursively divided into simpler sub-
tasks.

2. Guarded Trajectory Control

�

�

�

�

�G� → �GD� | �GL� (1)

�GD� → �1� | �κ��GD� (2)

�GL� → �limit� | �κ��GL� (3)

�κ� → �0� {q̇ = J∗
�
ẋ−Kp (x− xr)−Kf (F− Fr)

�
} (4)

Figure 3: Grammar fragment for guarded moves

-14

-12

-10

-8

-6

-4

-2

 0

 2

 0  5  10  15  20  25

F
o

rc
e

 (
N

)

Time (s)

X
Y
Z

force limit

( a ) Forces ( b ) Contact

Figure 4: Grammatical guarded moves safely pro-
tecting the human player.

• Force limit at 4.7s, Fig. 4(a)

• Fast online control – responds immediately.

• Production (3) of Fig. 3 guarantees that when
this situation occurs, the robot will stop.

3. Board Resetting

�

�

�

�

�reset board� → �misplaced(x)� �reset : x, home(x)��reset board�

| �set�

�reset : x0, x1� → �clear(x1)� �move : x0, x1�

| �occupied(x1)� �reset : x1,home(x1)��move : x0, x1�

| �cycle(x1)� �move : x1, rand()�

Figure 5: Grammar fragment to reset chessboard

8srmbjqan
h g f e d c b a

( a ) Initial

8snaklbmr
h g f e d c b a

( b ) Final

�reset bd�

�mispl(Rg8)�

�reset : Rg8a8�

�occupied(a8)� �reset : Na8b8�

�occupied(b8)� �reset : Bb8c8�

�occupied(c8)� �reset : Qc8d8�

�occupied(d8)� �reset : Kd8e8�

�occupied(e8)� �reset : Be8f8�

�occupied(f8)� �reset : Nf8g8�

�cycle(g8)� �move : Nf8χ�

�move : Be8f8�

�move : Kd8e8�

�move : Qc8d8�

�move : Bb8c8�

�move : Na8b8�

�move : Rg8a8�

�reset bd�

�mispl(Nχ)��reset : Nχg8�

�clear(g8)��move : Nχg8�

�reset bd�

�set�

( c ) Parse Tree

Figure 6: Example of board resetting

• When occupied squares form a cycle, robot must
break before resetting

• As the parser searches chain of pieces occupy-
ing each other’s home squares, it builds up a
stack of the moves to make

• Arbitrary depth search that is Context-Free –
cannot be done with a Regular (finite state) Lan-
guage

References
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Optimized Whole-body Motion Control for Wheeled Humanoid Robots

Kasemsit Teeyapan and Mike Stilman
kasemsit@gatech.edu, mstilman@cc.gatech.edu

Humanoid Robotics Lab, Georgia Tech

Abstract
In this paper, the whole-body motion control of a
dynamically-stable two-wheeled humanoid robot is in-
vestigated. With feedback linearization as a control law
cooperating with a stochastic optimization technique called
particle swarm optimization (PSO) to search for an optimal
set of certain unknown parameters, an optimal robot motion
can be realized according to a pre-fined performance index.
The main contribution of this work is our first success on
implementing the proposed control strategy on the actual
physical system, Golem Krang, a novel two-wheeled hu-
manoid robot developed at Georgia Tech. The experiments
are demonstrated by two primitive motions, standing from
the ground and deceleration.

Dynamics Model
The dynamics model of the robot is derived by Lagrangian
mechanics as a two-wheeled planar double inverted pendu-
lum resulted in the equation of the form

M(q)q̈+V(q, q̇) = τ, (1)

where q = [q1, q2, q3]
T and τ = [τ1, 0, τ2]

T .

Control
Let qa = q1 + q2. Differentiate two CoM equations twice, we
obtain the following equations :

w1q̈1 + w2q̈2 + w3q̈3 + v4 = ÿm3
(2)

w4q̈1 + w5q̈2 + w6q̈3 + v5 = q̈a (3)

Augment them into Eq. 1, we get



−1 0
M(q) 0 0

0 −1

w1 w2 w3 0 0
w4 w5 w6 0 0







q̈

τ1
τ2



=




V(q, q̇)

ÿm3 − v4
q̈a − v5




(4)

The control law is formulated by the inversion of the above
mass matrix. ÿm3

and q̈a can be linearized by

ÿm3 = −k1(ym3 − ydm3
)− k2ẏm3 (5)

q̈a = k3x
r
cm + k4ẋ

r
cm + k5x

a
cm + k6ẋ

a
cm (6)

where ki, i ∈ 1, 2, .., 6 are control gains. ym3 is the vertical
position of the upper body CoM relative to the wheel axis.
xr
cm is the relative CoM of the entire body horizontally to the

wheel. xa
cm is the horizontal absolute CoM of the entire body.

PSO
PSO is a stochastic optimization technique inspired by social
interaction which does not rely on gradient information but
rather estimates the search direction through interactions with
neighboring particles. We use PSO to search for the robot
trajectory that minimizes the maximum wheel displacement
(Dp−p) and motor inputs over a broad space of gains and ref-
erence as needed by Eq. 5 and 6.

The cost is defined as

cost = Dp−p +

∫ T

0

(R1τ
2
1 +R2τ

2
2 ) dt (7)

where Dp−p = max(qa) − min(qa). R1 and R2 are scalar
weight.

Implementation
Simulation of PSO including joint position/velocity con-
straints was done in MATLAB to generate the control param-
eters and then they were tested on the robot.

Torque cannot be applied directly to the waist motors due
to nonlinearity of harmonic drives. Therefore, a PD tracking
control with gravity compensation was designed

Motor input = −kp(q3 − q3s)− kv(q̇3 − q̇3s)

+kgm3gr3 sin(q2 + q3 + d3)

where kp, kv , and kg are control gains. q3s and q̇3s are pre-
computed trajectories of the waist motors obtained from sim-
ulation. For the wheel motors, torque command was normally
used.

Standing up with less space
PSO chose k1 to k6. The target height was set as ydm3

= 1.0 [m]. The robot required 0.62 [m] to stand up to full height. Note that
blue (solid) and red (dash) are of the actual robot and simulation, respectively.
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Deceleration by minimizing stopping distance
PSO chose k1 to k6 as well as ydm3

, except for k5 which was set to zero. R2 was also set to zero. The robot lifted its torso down in
order to stop within 1.05 [m].
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Deceleration by minimizing stopping distance and waist input
PSO chose k1 to k6 as well as ydm3

, except for k5 which was set to zero. The robot lifted its torso up in order to stop within 1.17
[m] and with less torso input.
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Kaushik Subramanian and Andrea L. Thomaz
Socially Intelligent Machines Lab, Georgia Institute of Technology, GA

Attribute Learning from 
Human Interaction

Human Interaction

Motivation

1. Intuitive to represent objects in terms of 
their defining attributes.

2. Allows human interaction to take place at 
a very high-level.

3. Attributes are transferrable across 
multiple domains.

Giraffe = has horns and a long neck and has four legs and is spotted and eats leaves.

Challenges

1. Learning to predict attributes.
2. Limiting the number of human 

interactions.
3. To generalize the labeled data to unseen 

examples.
4. To reuse the learned attributes in other 

scenarios.

Learning Algorithm

Eagle
Extract image 

features
Append to 

training vector
Request 

explanation

Training

Testing

Advantages Results

Body

Wing

Tail

Wing

Beak

Sky

Nearest 
neighbor 

classification

Sliding 
window 

operation

Testing
Predict the 

presence and 
location of 
attributes

Generate 
attribute 

histogram

Compare with 
trained attribute 

histogram

Predict the 
animal in the 

image

Attribute Prediction

Class Prediction

Transfer of 
learned 

attributes

Stripes

Tiger Zebra

Generalization 
over different 

images

Common Attributes = water, fins, flippers, tail, grey

Attribute 
Prediction

Animal 
Prediction

Stripes Whale Skin
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Trajectories and Keyframes for Kinesthetic Teaching: 
A Human-Robot Interaction Perspective
Jae Wook Yoo, Maya Cakmak, Baris Akgun and Andrea L. Thomaz

Socially Intelligent Machines Lab, Georgia Institute of Technology

Motivations & Goal 

Trajectory Demonstration (TD)

Implementation & Experiments

Results

**This study is submitted to the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS) 2011

Robot Learning from Demonstration (LfD)
- Personal robots won’t be possible to be preprogramed 

for every specific task
- Every day users should be able to teach robots without 

programming expertise

Kinesthetic Teaching
- physically guiding robots to demonstrate a skill
- avoiding correspondence problem
- being restricted to robot’s capabilities

Challenges in Kinesthetic teaching
- Everyday users do not have experience manipulating a 
robot arm with many degrees of freedom. 
- The usability of the interaction interface has not been 

explored in depth

Can you teach me 
how to insert? 

New demo

Simon is recording all the 
movement..

End demo

Keyframe Demonstration (KD)

Record 
frame

Record 
frame

Keyframe Iterations (KI)

 Next 
frame

 Previous 
frame

 Modify 
frame

 Add/Delete 
frame

Keyframe Adaptation (KA)

 Next 
frame

 Previous 
frame

 Modify 
frame

 Add/
Delete 
frame

Starting from the 
predefined failing 

skill

Goal-oriented skills
- Insert, Close, Stack, Touch

Means-oriented skills
- Salute, Throw, Beckon, Raise-hand

1 2 3

2 2 1 2

Goal of the Study
- Identifying challenges that everyday users are faced with 

common methods in the field
- Proposing improvements to these methods to increase 

their usability.

Advantages of keyframe-based LfD
- TDs were preferable for goal-oriented skills when the skill is taught with a single 

demonstration
- Multiple TDs can result in alignment problem
- KDs were good at handling multiple demonstrations
- KDs can let the user make temporally local modifications on a skill (KI)
- People were able to use the KI starting from a skill that was not their own (KA)
- KDs may result in preferable means-oriented skills
- Participants like both TD and KD

Cond. Expert Appropriate 
Emphasis

Communication 
of Intent

Closeness 
to Perfection

TD 1
2

5.5 (0.27)
3 (0.29)

5 (0.33)
3.5 (0.38)

5 (0.35)
4 (0.3)

KD 1
2

6 (0.21)
4(0.21)

6 (0.17)
4 (0.24)

6 (0.2)
5 (0.22)

TD vs. KD
(Wilcox s.r. test)

Z=2.679
p=0.10

Z=2.677
p=0.11

Z=2.796
p=0.03

ra
tin
g

1
2
3
4
5
6
7

1
2
3
4
5
6
7

Feeling

!

!

!

!

TD KD

Naturalness

!

!

TD KD

Ease

!! !

TD KD

Enjoyability

! !

!

!!

!

!

!

TD KD

Single
M
ultiple

Fraction of participants who 
achieved different levels of success

Examples of the temporal alignment issue
 (TD - Close skill)

Examples of forgetting obstacle avoidance,
and of good handles of the temporal 
alignment issue (KD - Touch skill)

Subjective ratings of TD and KD 
for goal-oriented skills

Expert ratings of means-oriented skills
(Median and Coefficient of dispersion)

Future work
- Timing in Keyframe-based LfD: timing, and speed of 

movements.
- Different types of keyframes: goal-keyframes and waypoint 

keyframe.

Comparison of Goal- and Means- skills
- Different objective functions are used for each skill type
- Characteristics of provided keyframes are different for each skill type

A

C

D

E

F

A

C

D
A

AF

E

Goal-.
skills

Means-.
skills t-test

Avg. # of 
demo

2.37
SD=1.45

1.22
SD=0.53

t(84)=6.18
p < 0.001

Avg. 
distance 
between 

keyframes

0.12
(47% 

smaller)
0.27 t(38)=-3.94

p < 0.001

Goal- and Means- skills

B

B

B
A

A
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Social Exploration Strategies for
Robots Learning from Human Partners

Karl Jiang and Andrea L. Thomaz
Socially Intelligent Machines Lab, Georgia Institute of Technology

Motivation

Implementation & Experiments

Preliminary Observations

Object Affordances
- Robots cannot be preprogrammed for every possible environment
- Must dynamically learn effects of actions on objects

Social Exploration Strategies
- Humans use different strategies to learn affordances from their peers

- Stimulus Enhancement / Emulation:  Pay attention to the objects peers act 
on and the effects of their actions

- Mimicry:  Pay attention to actions peers use

- Imitation:  Imitate both the action used and the object it is used on
- Previous study [1] showed different exploration strategies are effective in 

different environments, with robot teacher
- Are the same strategies useful in interactions with humans?

0

17.5

35.0

52.5

70.0

A B C

Experimental Environments

Object % Action %

Environment Strategy 1 Strategy 2

A Stimulus 
Enhancement

Mimicry

B Stimulus 
Enhancement

Mimicry

C 
(different-goal)

Goal-
oriented 
Imitation

Non goal-
oriented 
imitation

Conditions Run

GLOW!! ANIMATE

Objects Actions Effects

+ :

Object % reflects percentage of objects capable of 
producing an effect.  Action % is the percentage of effect-
producing actions.  Different-goal means the human and 
robot were trying to achieve different effects.

Experiments
- Different environments modeled by different 

concentrations of objects/actions that produce 
effects

- Strategies chosen based on what is expected to do 
well in each environment

Hypotheses
- Stimulus Enhancement yields better recall/accuracy in 

environment A
- Mimicry over S. Enhancement, in environment B
- Goal-oriented over non goal-oriented, in C

Implementation
- Objects are augmented reality toys
- Actions are AR tool blocks which act on 

objects
- Operational space control constraints to 

grab blocks

Increase object 
saliency

Increase action 
saliency

human:  action + object = effect

if: non goal-oriented or goal 
achieved

Strategy Action 
chosen by

Object 
chosen by

S. 
Enhancement

Random 
choice

Object 
saliency

Mimicry Action 
saliency

Random 
choice

Imitation Action 
saliency

Object 
saliency

0

1

2

3

4

5

6

7

8

0 1 2 3 4 5 6 7 8

Subject Confidence in Simon

C
on

fid
en

ce
 in

 S
im

on

Confidence in Self

‘How well do you think Simon learned about the objects?’
- Strong correlation between how well subjects reported they understood the object affordances and how 

well they thought Simon did
- Currently analyzing: correlation with how well Simon actually learned the affordances

Observed Teaching Behavior not Picked Up by Exploration Strategies
- Subject places block on Simon’s side (but does not act on an object)
- Subject emphasizes a certain property of an object
- Subject hides an irrelevant object

Reference: [1] M. Cakmak and A.L. Thomaz,  “Exploiting Social Partners in Robot Learning.”  Autonomous Robots, 2010. 
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Subjects who complete teaching

Mixed-initiative Learning for Robots
Maya Cakmak and Andrea L. Thomaz

Socially Intelligent Machines Lab, School of Interactive Computing, Georgia Institute of Technology

Example ”Clean up the kitchen” task

Motivation
Robots that learn new things from everyday people.

Different in every home

Only users know what they want

Challenges

Human

Limited time 

Limited patience

Robot

Limited perception

Limited model of human

Goal: Learn as much as possible from as few examples as possible!

Approach
Share responsibility of choosing examples between human and robot, combine strengths of both.

Mechanisms

?

Examples

!"#
$%"$

%&'()
$
*"+&
$
&","
%

Machine Learning Human-Robot Interaction
Active learning

Optimal teaching

Findings
Human teaching can get close to optimal with proper usage of queries and guidance.

Optimal 
Teacher

+ + + + +--- -------

  

Random 
Teacher

Active
Learner

+ + + + +--- -------

Human teaching behavior

Subjective preferences

+ + + + +--- -------

         

Guidance Queries

Balanced
Less effort

Increased control 
over teaching

query

Do you have 
any questions?

IF condition
THEN query

9
88

11

# 
of

 e
xa

m
pl

es

Number of examples to teach

Optimal

Natural teaching Unconditional queries

Conditional queries Teacher-triggered queries

Natural 
teaching

Uncond.
queries

Cond. 
queries

Teacher-trig. 
queries

Experiment 1 Experiment 2

G Y

P
P O P

YY Y

P

+ + - - -
|V| = 64 |V| = 8 |V| = 4 |V| = 2 |V| = 1

Y

P

Y

P

Y

O

Change things that 
don’t matter all at once

G Y

P
P O P

YY Y

P

+ + - - -
|V| = 64 |V| = 8 |V| = 4 |V| = 2 |V| = 1

Y

P

Y

P

Y

O

G Y

P
P O P

YY Y

P

+ + - - -
|V| = 64 |V| = 8 |V| = 4 |V| = 2 |V| = 1

Y

P

Y

P

Y

O

G Y

P
P O P

YY Y

P

+ + - - -
|V| = 64 |V| = 8 |V| = 4 |V| = 2 |V| = 1

Y

P

Y

P

Y

O

Change things that 
matter one by one

G Y

P
P O P

YY Y

P

+ + - - -
|V| = 64 |V| = 8 |V| = 4 |V| = 2 |V| = 1

Y

P

Y

P

Y

O

Show one 
positive example

Optimal Teaching Algorithm

Guidance
+ Queries

Natural 
teaching

Motivated Guidance
Teacher-trig. 

queries

[1] M. Cakmak and A.L. Thomaz “Optimality of Human Teachers for Robot Learners” International 
Conference on Development and Learning, 2010.
[2] M. Cakmak, C. Chao and A.L. Thomaz “Designing Interactions for Robot Active Learners” IEEE 
Transactions on Autonomous Mental Development, Vol. 2, No. 2, June 2010.

Traditional
approaches

Mixed-
initiative

approaches Unintuitive for people
Use queries instead!

References
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Human-like Motion For Anthropomorphic Robots
Michael J. Gielniak, C. Karen Liu,

 and Andrea L. Thomaz
Georgia Institute of Technology
School of Interactive Computing

Motivation
Robots interacting with humans can benefit from communicating in a 
manner that is socially relevant and familiar to their human partners.  
Believable behavior establishes appropriate social expectations. Our work 
addresses the overall problem of how to generate believable or human-
like motion for an anthropomorphic robot.

  Research Problem
Anthropomorphic robot bodies are different from human bodies. 
The challenge is to create human-like motion for robots 
autonomously from minimal input information, despite the 
differences between robots and humans. Our work focuses on a 
series of algorithms that work toward improving motion quality for 
social robots.

Optimized To Be Spatially & Temporally Coordinated

* Humans can more accurately label, recognize, and imitate STC-
optimized motion than uncoordinated motion.  

* Coordinating robot motion with respect to the STC metric makes 
the motion more human-like. 

* Coordinating motion increases recognition accuracy and the ability 
to imitate.

* Received Best Student Paper Award at HRI ’11.

We divide the problem of human-like robot motion for 
anthropomorphic robots into a series of discrete components, each 
of which present unique challenges.

(1) Social robots must use motion as a communication channel to 
communicate with human partners

Approach

The Components of Human-like Motion

(2) Motion must exhibit variety, as opposed to redundancy, so that 
gestures are never performed the same way twice.
(3) Motion should appear intuitive, recognizable, and familiar to 
human partners.
(4) Social robots must maintain world constraints in unison with all 
social constraints.

Anticipation

* Motion used for communication contains 
what we term as the ‘symbol,’ which is one 
frame that yields highest motion 
recognition accuracy. 

* By extracting and moving a symbol earlier 
in motion, humans can consistently label 
motion intent sooner, which has social 
interaction benefits such as decreased 
frustration and increased cooperative task 
response time from the human partner.

Secondary Action

* Secondary action communicates internal 
(robot) and external (world) state information 
such as motor temperature (fatigue), friction, 
mass, and passivity.

* Eigenanalysis on motion torques allows 
decomposition of coordinates into highly-
actuated and nearly-unactuated. 

* Our algorithm projects the highly-actuated 
torque response onto the nearly-unactuated 
coordinates so that internal and external force 
responses are consistent with respect to 
motion across the entire robot body.

* Published in Ro-Man ’10.

Adding Communication

Variance in the Presence of Constraints

* Optimal control can be used to find a local solution for state-space 
directions to inject torque-space noise.

* The injection of this noise produces visible differences to motion, 
thereby creating motion variants similar to the original motion.

* When coupled to operational space control, the resultant motions 
respect task-based world constraints.

* Published in ICRA ’11.

Exaggeration

*Exaggeration is used to draw attention, 
when something will be communicated via 
motion.

*Exaggeration moves parts of the body 
through larger regions of travel in Cartesian 
space, while minimizing the parts of the 
body to which attention should not be 
drawn.

*By “extremizing” coordinates based on 
actuation spectrum a single parameter can 
be used to control the amount of 
exaggeration to induce into a particular 
motion.
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a) Frame-level Integration

Sensor A

Sensor B

Cue A

Cue AB

Frame
Contingency 

Detection 
Module1

b) Module-level Integration

Sensor A

Sensor B

Cue A

Cue AB

Frame 1

Contingency 
Detection 
Module1

Frame 2

c) Decision-level Integration

Sensor A

Sensor B

Cue A

Cue AB

Frame 1
Contingency 

Detection 
Module1

Frame 2

Contingency 
Detection 
Module2

Decision

Decision

DecisionFrame 1Frame 1
Frame 1
Frame 1

Frame 1Frame 1
Frame 1
Frame 1

Frame 1Frame 1
Frame 1
Frame 2

Frame 1Frame 1
Frame 1
Frame 1

Frame 1Frame 1
Frame 1
Frame 2

Contingency Detection for HRI
Jinhan Lee

Advisors:  Aaron F. Bobick* and Andrea L. Thomaz**
Computational Perception Lab* and Socially Intelligent Machines Lab**

Georgia Institute of Technology

Motivations & Goal 

+published in International Conference on Human Robot Interaction (HRI) 2011

Contingent Behavior

- Psychological Definition: A person’s behavior in response to the behavior of 
another

- Our definition for HRI:  A robot generates an interactive signal to a human partner 
and detects their response.

- We use a contingency mechanism as an augmented perceptual cue for two 
interaction scenarios: Engagement Detection and Turn-Taking

Engagement Detection

- Determining whether a person is interested in having an interaction with a robot

Turn-Taking

- During interaction, determining whether a robot should hold, yield, or negotiate 
turns at each point in time while performing collaborative or competitive tasks 

Engagement Detection Turn Taking

Approach

TimeRobot Signal
Human Response

Robot Signal(S)

Human Response(R)

Evaluation Window

Time
After Window

Current Time

Before Window

Two strategies: Event Detection and Change Detection

- Event Detection: Looking for specific events as a response

- Analyzing sensor observations within After Window 

- E.g. audio cue: voice on during some fixed window, touch cue: contact sensed 
during some fixed window.

- Change Detection: Looking for behavioral changes before and after the robot’s 
signal

- Measuring statistical difference between sensor observations in Before Window 
and After Window.

Contingency Detection: determine the presence/absence of a 
human response (R)

Cue
Extracting data 
from Windows

Dissimilarity 
Measure

Building 
Distance Matrix

Cue 
Buffer Dissimilarity

Cue
Cue
Cue

Cuet

Stereo Camera

Motion Estimation 
using Optical Flow 

Color Image Disparity Image 

Motion Segmentation/Filtering 
using  Disparity 

FRAME

f1 f2 f3 f4 f5 f6 f7

Before Window

f1 f2 f3

f2 f3 f4

f4

f5

f3 f4 f5 f6

f4 f5 f6 f7

�1 �2 �3 �4 �5

�1 �2 �3 �4

�2 �3 �4 �5

b1

b2

b3

b4

a1

b2

After Window

b1

b4

b2 a1

b3 a2

w(a1,n1,2)w(b 1,
b 2)

w(a1 ,n1,1 )

w
(b2 ,b3 )

w(a2 ,n2,1 )

w(a2,n2,2)

w(b3 ,b4 )

w(b
2 ,b

4 )

w
(b1 ,b4 )

w(
b 1,

b 3)

Time

Similarity
score

Change Detection Framework

Extracting Cue From Sensor

Extracting data from Window 

Building Distance Matrix

Measuring dissimilarity 
over time

Classify 
Contingency

Our Implementation of Change Detection

Results

Experiments for Engagement Detection+

Setup: 
A human is not engaged with a robot while he is 
doing an assigned task (either playing with a Rubik�s  
cube, playing with foam blocks, talking on cell phone)  
The robot does either waving or beckoning to the 
human and detects the presence of any responses.

Among 41 interaction sessions from 5 subjects, our 
classifier detects responses with an accuracy of 
80%. 

Cue Integration at three different levels using Naïve 
Bayes Probabilistic Model

++submitted to CVPR Workshop for Human Communicative Behavior Analysis(CVPR4HB) 2011

Experiments for Turn-Taking++

Setup: 
A human and a robot plays an imitation game 
based on the traditional children�s game “Simon-
says”. During the game phase, the leader says 
sentences of the structure, “Simon says, [perform an 
action]” or “[Perform action]”. 

Among 167 interaction sessions from 11 subjects, 
our classifier detects responses with accuracy of 
85% when depth and motion cues are used together. 
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D. Chang, K Szwaykowska & F. Zhang 
School of Electrical and Computer Engineering 

Georgia Institute of Technology 

Control of Underwater Gliders for Study of Wintertime 
Phytoplankton Bloom in Long Bay, SC 

GCCS 
Ocean Models 

Server 
Fully Automated 
Closed Loop 

This project is being conducted in collaboration with 
oceanographers at the Skidaway Institute of Oceanography in 
Savannah, GA.  
Scientific goals: 
�  Investigation of nutrient sources which support unexpected 

annual winter phytoplankton blooms off the coast of Long Bay, 
SC. 

Engineering goals:  
�  Autonomous control of two underwater gliders, one being a 

virtual mooring; the other traversing onshore and offshore, for 
collection of oceanographic data along specified tracks. 

�  Use of Ocean General Circulation Models (OGCMs) to 
simulate glider motion through time-varying and unstructured 
ocean flow fields. 

Survey area near Long Bay, SC. The experiment will 
be conducted in Jan-Feb. 2012. 

Glider Control: 
�  The Glider Coordinated Control System (GCCS) is used 

as a simulation and control platform for underwater 
vehicles. 

�  Glider trajectories are simulated using a desired control 
law and flow data from ocean models. Waypoints are 
produced based on the generated trajectory and 
transmitted to the AUV onboard controller via satellite. 

Sample AUV trajectory and waypoints simulated using the GCCS, for 
AUV performing a station-keeping mission (“virtual mooring”). 

Limits of using ocean models for motion control: 
� Errors in modeled flow lead to inaccurate predictions 

of glider motion. 
� We distinguish 2 flow components: mean flow F, and 

turbulent, small-scale flow ν.  Expected separation 
(e) between modeled and physical AUV grows as: 

 
 
(f is error in modeled mean flow F, and x is AUV’s 
physical position). 

Data from 2006 ASAP field 
experiment in Monterey Bay, 
CA, showing separation between 
modelled and physical gliders. 
The separation initially grows 
exponentially, then slows to 
polynomial growth after 
reaching approx. twice the 
gridsize used by the ocean 
model (~2 km). We have derived 
theoretical results to explain 
this behaviour.  time (h) 
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This projjject is being conducted in collaboration with
oceanographers at the Skidaway Institute of Oceanography in
Savannah, GA.
Scientififfifiif c goals:
� Investigation of nutrient sources which support unexpected

annual winter phytoplankton blooms offffffffff the coast of Long Bay,y,yy,y,y
SC.

Engineering goals:
� Autonomous control of two underwater gliders, one being a

virtual mooring; the other traversing onshore and offffffffffsfsfshore, fofoffor
collection of oceanographic data along specififfifiif ed tracks.

� Use of Ocean General Circulation Models (OGCMs) to
simulate glider motion through time-varying and unstructured
ocean flffllflow fiffifiif elds.

Survey area near Long Bay, SC. The experiment will 
be conducted in Jan-Feb. 2012.

Glider Control:
� The Glider Coordinated Control System (GCCS) is used

as a simulation and control platfofofform fofoffor underwater
vehicles.

� Glider trajajjectories are simulated using a desired control
law and flffllflow data frffrfrrom ocean models. WaWaWWaW ypoints are
produced based on the generated trajajjectory and
transmitted to the AUV onboard controller via satellite.

Sample AUV trajectory and waypoints simulated using the GCCS, for 
AUV performing a station-keeping mission (“virtual mooring”).

Limits of using ocean models fofoffor motion control:
� Errors in modeled flffllflow lead to inaccurate predictions

of glider motion.
� WeWeWe distinguish 2 flffllflow components: mean flffllflow F,FF,F,F and

turbulent, small-scale flffllflow ν. Expected separation
(e) between modeled and physical AUV grows as:

(f is error in modeled mean flffllflow F,FF,F,F and x is AUV’s
physical position).

Data from 2006 ASAP field D
experiment in Monterey Bay, 
CA, showing separation between 
modelled and physical gliders. 
The separation initially grows T
exponentially, then slows to 
polynomial growth afterp
reaching approx. twice the r
gridsize used by the ocean 
model (~2 km). We have derived 
theoretical results to explain t
this behaviourthis behaviour. time (h)
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Victoria -Autonomous 
Surface Vehicle

•Surveying of inland waterways  in Louisiana 
for residual oil
•Field-tracking
•Mapping
•Hardware in loop simulation
•More advanced navigation controllers
•Cooperative exploration
•Vehicle, thruster & battery modeling (for 
simulation and improved controller design)

Ongoing Research

Major 
Components:
•CompactRIO
Embedded 
Computer & 
FPGA
•Garmin GPS
•Microstrain IMU
•Sick LIDAR
•Axis Network 
Cameras
•Crust Crawler 
Thrusters

Software Control System

Georgia Tech Savannah Robotics has been 
developing Victoria since January 2010. It 
began as a joint senior design project 
between electrical, computer, and 
mechanical engineers. Victoria was entered 
in the 2010 Autonomous Surface Vehicle 
(ASV) Competition sponsored by AUVSI 
and ONR.
The control system for Victoria was 
developed in parallel with the hull 
fabrication. In order to reduce 
development time, a simple land-based 
vehicle was used to test hardware and 
navigation controllers.

LabVIEW 2010 is used for all software 
development. A state machine architecture 
controls the overall tasks Victoria performs, while 
various processes handle sensor readings, data 
logging and other crucial tasks.

Brandon Groff Dr. Fumin Zhang
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GTSR Remotely Operated 
Vehicle Fleet

Ongoing Research

Competitions

Georgia Tech Savannah Robotics has been 
researching and developing ROVs since late 2008. 
Although development was initially pushed by 
competitions, GTSR’s aims are now to develop a 
versatile underwater platform for research that 
can also be outfitted for competitions. 
Undergraduate students gain design experience 
and practical hands-on experience while 
developing a platform that can be used for 
graduate-level research. These student-led 
projects link research in Cyber-Physical Systems, 
mobile sensor networks, cooperative exploration 
and control theory.

ROV-β

•Surveying of inland waterways  in Louisiana 
for residual oil
•Field-tracking
•Mapping
•Hardware in loop simulation
•More advanced stability and navigation 
controllers
•Cooperative exploration
•Vehicle, thruster & battery modeling (for 
simulation and controller design)
•3 DOF Manipulation

•2009 M.A.T.E. ROV Competition, Buzzards 
Bay, Mass.
•2010 M.A.T.E. ROV Competition, Hilo, HI
•2011 M.A.T.E. ROV Competition, NASA 
Facility, Houston, TX

Team Members

GTSR has developed a unified software 
system which controls all of its vehicles. This 
enables coherence across vehicle platforms, 
reduces development time and cost, and 
increases software versatility. All software is 
written using LabVIEW 2010.

Software Control Systems

Steven Bradshaw Dr. Fumin Zhang

ROV-α
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Cooperatively mCooperatively measure and estimate easure and estimate 
the field value (i.e. temperature)the field value (i.e. temperature)

Cooperative Exploration of  Level Surfaces Cooperative Exploration of  Level Surfaces 
of  Three Dimensional Scalar Fieldsof  Three Dimensional Scalar Fields

Shape ControlShape Control

Curve Tracking on a Level SurfaceCurve Tracking on a Level Surface

WencenWencen Wu  &  Wu  &  FuminFumin ZhangZhang
School of Electrical and Computer EngineeringSchool of Electrical and Computer Engineering

Georgia Institute of TechnologyGeorgia Institute of Technology

Information DynamicsInformation DynamicsProblem FormulationProblem Formulation

 Jacobi vectors are used to describe the Jacobi vectors are used to describe the 

formation shapeformation shape

A cooperative A cooperative KalmanKalman filter is filter is 

constructed to combine sensor readings constructed to combine sensor readings 

and reduce noise.and reduce noise.

 State:State:

 State equation:State equation:

Differential geometric approaches are  Differential geometric approaches are  

followed to develop steering control followed to develop steering control 

laws that govern the formation center to laws that govern the formation center to 

move to a desired level surface andmove to a desired level surface and

Extract the field information (i.e. Extract the field information (i.e. 
principal curvatures & directions)principal curvatures & directions)

Track one of the lines of curvature on Track one of the lines of curvature on 
a desired level surfacea desired level surface

Cooperative Cooperative KalmanKalman
filterfilter

Curvature estimation Curvature estimation 
using formationusing formation

Formation shape and Formation shape and 
motion controlmotion control

How to explore an unknown How to explore an unknown 
3D  scalar field using a group 3D  scalar field using a group 
of sensor platforms?of sensor platforms? Measurement equation:Measurement equation:

Curvature Estimation Using Curvature Estimation Using 
Formation Formation 

Simulation ResultsSimulation Results
 Six sensor platforms are controlled Six sensor platforms are controlled 

in a desired formation  while detecting in a desired formation  while detecting 

and tracking one of the lines of and tracking one of the lines of 

curvatures on a desired level surface.  curvatures on a desired level surface.  

formation shape.formation shape.

 Jacobi transform decouples the Jacobi transform decouples the 

dynamics of the formation shape and the dynamics of the formation shape and the 

dynamics of the formation center motion.dynamics of the formation center motion.

 Taubin’sTaubin’s algorithm is modified and algorithm is modified and 

applied to estimate principal curvatures applied to estimate principal curvatures 

and principal directions .and principal directions .

move to a desired level surface and move to a desired level surface and 

track a curve on the surface.track a curve on the surface.

 The algorithm provide nonsingular The algorithm provide nonsingular 

estimates of principal directions estimates of principal directions i.i.fi.i.f::

 

 Principal directions are Principal directions are 

obtained by obtained by diagonalizingdiagonalizing ..

 must be satisfied to avoid must be satisfied to avoid 

singularity in the singularity in the estimation.estimation.

 if the formation is symmetric.if the formation is symmetric.
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MultiresolutionMultiresolution Path Planning Using Path Planning Using BeamletsBeamletsMultiresolutionMultiresolution Path Planning Using Path Planning Using BeamletsBeamlets

Oktay Arslan and Panagiotis Tsiotras
School of Aerospace Engineering, Georgia Institute of Technology, Atlanta, GA

ObjectiveObjective Simulation ResultsSimulation Results

Develop an alternative representation (graph) of
information of the environment which allows to
compute paths with curvature constraints

•Compared with A*, A* PS, Basic Theta*
• Several 2D cluttered environments were created.

2 different gird size (128x128 and 256x256)

MultiresolutionMultiresolutionMultiresolution Path Planning StrategyPath Planning StrategyPath Planning Strategy

compute paths with curvature constraints

Problem DefinitionProblem Definition
• Path planning problems in a 2-D environment
• Map size : n x n square image
• Black (blocked) and white (free) pixels.
• Problem is to find a path which satisfies curvature

constraint between a given pair of source and
destination cells.

• 2 different gird size (128x128 and 256x256)
• 4 different percentage of obstacles (%5,10,20,30)

•100 path planning problems were created randomly

Performance Criteria

Beamlet* computes smoother paths than other
Basic Definitions

Beamlet : a line segment between any two points
Dyadic square: a set of points which forms a square 

region.
Multiresolution representation of the environment

Quadtree decomposition
• White, black and gray nodes

ea et co putes s oot e pat s t a ot e
algorithms

Vertex Expansions

• : tuning parameter for grayness      Execution and Preprocessing Time

Preprocessing Time

Heading Changes

Dyadic partition list
Scale and position information of dyadic square at
the leaves of the quadtree

Construction of Beamlet Graph
••• VertexVertexVertex setsetset ::: allallall feasiblefeasiblefeasible beamletsbeamletsbeamlets
••• EdgeEdgeEdge setsetset::: twotwotwo beamletsbeamletsbeamlets areareare connectedconnectedconnected ififif

••• theytheythey havehavehave aaa commoncommoncommon pointpointpoint
••• includeincludeinclude bothbothboth lengthlengthlength andandand angleangleangle informationinformationinformation

• Extend this approach to path planning problems in 3D

Future WorksFuture Works

••• includeincludeinclude bothbothboth lengthlengthlength andandand angleangleangle informationinformationinformation



74

Dae-Min Cho and Panagiotis Tsiotras
School of Aerospace Engineering, Georgia Institute of Technology, Atlanta, GA

Unit Dual Quaternion-Based Satellite Pose Control 
for Target 3D Reconstruction

� Structure from Motion(SfM)

� Unit Dual Quaternion

• Simple, easy and compact form 
to describe rotation and 
translation at the same time 

• Parameterize screw 
transformation, which can 
describe any rigid 
transformation (Chasle’s thm) 

• Helps design a control law with 
rotation and translation coupling 
terms => Better performance

� Experimental Testbed

• Apply unit dual quaternion-based tracking controller to 5DOF 
Testbed with space carving algorithm

• Space Carving algorithm can be used for inspection and 
identification of a target

� Simulation

� Space Carving Algorithm • Designed for Autonomous Rendezvous and Docking experiment 
in space

• 5DOF(3D rotation + 2D translation)

• Matlab xPC Target based autonomous, real time operation

• CCD camera, 2D Laser Range Finder, and 3D camera

• 12 Thrusters, 4 VSCMGs

� Future Works

• Silhouette is recursively applied as a mask to remaining 
voxel array

• Robust to illumination changes

• Visual Hull contains true scene

- Tightest possible bound

• Unkown camera pose

• Reconstruct 

- Target(scene) geometry

- Camera motion

Visual 
Hull

Visual 
Cone

� Multiresolution Voxel Representation

• Finest voxels at boundary

• Requires less memory and computation

• Octree represents multi-sized voxel efficiently

• Computationally robust to initial voxel size   

Level 0

Level 1

Level 2

Level 3

• Better computational accuracy than 
homogeneous matrix multiplications

• 20 images are obtained 
from different camera 
poses

• Needs to be improved in 
modeling concave portion

• Tracking controller:
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