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Abstract—This paper presents an integrated motion
planning and control framework that enables balancing
mobile robots to gracefully navigate human environments.
A palette of controllers called motion policiesis designed
such that balancing mobile robots can achieve fast, graceful
motions in small, collision-free domains of the position
space. The domains determine the validity of a motion
policy at any point in the robot's position state space. An
automatic instantiation procedure that generates a motion
policy library by deploying motion policies from a palette
on a map of the environment is presented. Agracefully
prepares relationshipthat guarantees valid compositions
of motion policies to produce overall graceful motion is
introduced. A directed graph called the gracefully prepares
graphis used to represent all valid compositions of motion
policies in the motion policy library. The navigation tasks
are achieved by planning in the space of these gracefully
composable motion policies. In this work, Dijsktra's al-
gorithm is used to generate a single-goal optimal motion
policy tree, and its variant is used to rapidly replan the
optimal motion policy tree in the presence of dynamic
obstacles. A hybrid controller is used as a supervisory
controller to ensure successful execution of motion policies
and also successful switching between them.

The integrated motion planning and control framework
presented in this paper was experimentally tested on the
ballbot, a human-sized dynamically stable mobile robot

that balances on a single ball. The results of successful

experimental testing of two navigation tasks, namely, point-
point and surveillance motions are presented. Additional
experimental results that validate the framework's capa-
bility to handle disturbances and rapidly replan in the

presence of dynamic obstacles are also presented.

I. INTRODUCTION

operating in human environments and interacting with
humans do not have to necessarily look like humans but
must move, act and interact like humans. They should
be tall enough for eye-level interaction, narrow enough
to navigate cluttered spaces, and should be able to move
with speed and grace comparable to that of humans.
However, traditional robotic locomotion platforms are
three or four-wheeled platforms that move slowly, and
have wide bases and low centers of gravity. They are
statically stable robots;e:; they stand still when pow-
ered down. A human-sized statically stable mobile robot
needs a wide base to have a large polygon of support,
and a lot of dead weight in the base to keep its center
of gravity as low as possible. A high center of gravity
and/or a small polygon of support can cause the robot
to tip over easily, which is undesirable. The chances
of tipping over drastically increase when lifting heavy
objects, and while moving up or down steep slopes
because the net center of gravity can shift outside the
polygon of support (Fig. 1). The wide bases, however,
make statically stable robots unsuitable for operation in
human environments that are often narrow and cluttered.

A. The Need for Balancing Robots

The drawbacks of statically stable mobile robots can
be avoided by building mobile robots that actively bal-
ance, just like humans do. Balancing mobile robots are
dynamically stable, and can be tall and skinny with
high centers of gravity. They can have small footprints
as they are continually balancing, and can accelerate

Personal mobile robots will soon be roaming freelgr decelerate quickly (Hollis 2006). Balancing mobile
in human environments, operating in our proximity angbbots can also avoid tipping by actively compensating
interacting with us. They will provide an array of asfor the shift in center of gravity as shown in Fig. 1.
sistive teChnOIOgies that will augment our Capabilities Moreover, ba|ancing mobile robots are phys|ca||y in-
and enhance the quality of our lives. Personal robofgractive. People have the need to physically interact
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with machines in their environments, especially when

i%hey are their personal robotic assistants. Staticallylsta

robots need a multiplicity of sensors to detect mechani-
cal forces imparted to their bodies, whereas balancing
mobile robots are naturally reactive because they in-
herently respond to mechanical forces as disturbances
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Fig. 1. (@) A statically stable robot can tip over when attempting tb difheavy weight, whereas a balancing robot can lean to keepeh
center of gravity over the point of ground suppot) A statically stable robot could tip when going up or downp&s, whereas a balancing
robot can stay balanced on slopes.

to their balancing behavior.This makes balancing robogsevious work (Nagarajan et al. 2009a,b,c). Recently,

responsive to human touch (Nagarajan et al. 2009b). Aéveral other groups have developed single-wheeled bal-
these characteristics make balancing mobile robots ideadcing mobile robots. Masaaki Kumagai developed the
candidates for personal robotic assistants that move, 8alllP (Kumagai and Ochiai 2008), and demonstrated

and interact like humans. that ball balancing robots can be used for co-operative
transportation of wooden frames (Kumagai and Ochiai

2009). A group of mechanical engineering students at
ETH Zurich developed th&kezero(Rezero 2010), and

There has been a signi cant growth of interest ine-emphasized the dynamic capabilities of ball balancing
developing balancing mobile robots in the last decadgobile robots.

Two-wheeled balancing mobile robots became popular
after the introduction of thesegway Robotic Mobility ,
Platform (Nguyen et al. 2004). Rod Grupen and hi&- The Need for Graceful Motion
group introduced a two-wheeled balancing mobile robot Balancing mobile robots are capable of moving with
called uBot (Deegan et al. 2006), which is used as apeed and grace comparable to that of humans. The
mobile manipulation research platform. They demorsbjective of the work presented in this paper is to enable
strated that balancing mobile robots can be effectid®lancing mobile robots like the ballbot to achieve
mobile manipulators with the ability to maintain posgraceful navigation in human environments. In this work,
tural stability, generate forces on external objects, amglaceful motion is de ned aany feasible robot motion in
withstand greater impact forces (Deegan et al. 200%yhich its con guration variables' position, velocity and
Dean Kamen introduceiBot (iBOT 2003), a balancing acceleration trajectories are continuous and bounded
wheelchair, and demonstrated its advantages over \tih low jerk
statically stable counterparts. Anybots (Anybots 2010) Apart from being visually appealing, a graceful robot
introduced a tele-presence robot that balanced on twwtion has a variety of advantages. Graceful, low jerk
wheels. Mike Stilman and his group introduc€&blem motions result in smoothed actuator loads (Kyriakopou-
Krang (Stilman et al. 2010), a two-wheeled balancingps and Saridis 1988) because jerk is directly propor-
mobile manipulator platform that has the capability téional to the torque rate of actuators. High jerk motions,
autonomously stand and sit. on the other hand, can excite resonant frequencies of the
Our group introduced theallbot (Hollis 2006; Lauw- robot, which can drive a balancing system unstable.
ers et al. 2005, 2006), the rst successful dynamically It has been shown in biomechanics literature that hu-
stable mobile robot that balances on a single ball. Amans tend to move such that their movements minimize
it moves on a ball, it is omnidirectional, and hencggerk (Hogan 1984). Minimum-jerk models have been
circumvents the limitations associated with the kingsroposed to model arm movements (Flash and Hogan
matic constraints of two-wheeled mobile robots. W&985), and are used in various rehabilitation and haptic
have demonstrated the robustness, dynamic motion, amplications (Amirabdollahian et al. 2002). Smoothness
physical interaction capabilities of the ballbot in ouis a characteristic of unimpaired human movements,

B. Balancing Wheeled Robots



and humans generally associate “high jerk” motions twajectories calledmotion primitivesare designed. A
“panic” motions (Amirabdollahian et al. 2002; Rohrempalette of motion policies is designed such that the
et al. 2002). Therefore, humans are unlikely to feehdividual motion policies result in graceful motion, and
comfortable around robots that have high jerk, northere exist combinations of motion policies that are
smooth (ungraceful) motions. gracefully composable. When two motion policies are
Moreover, personal mobile robots operating in humagracefully composable, they guarantee graceful switch-
environments are likely to engage in physical interaérg between them, thereby resulting in an overall grace-
tions with humans, wherein high jerk motions can b&il motion. In the online planning phase, a motion
undesirable as humans interacting with the robots willolicy library is generated by automatically instantigtin
also experience the same. Therefore, in order to builde motion policies from the palette to Il a map of
successful personal robots that operate and interacttlie environment. A motion planner plans in the space
human environments, it is important to ensure that thef these gracefully composable collision-free motion

have graceful motions. policies to achieve desired navigation tasks. This paper
is an extended and signi cantly improved version of the
D. The Need for Integrated Planning and Control ~ paper presented in (Nagarajan et al. 2012a).

The objective of the work presented in this paper o
is to enable balancing mobile robots to achieve grack- Contributions
ful navigation in human environments. Traditionally, The contributions of this paper are as follows:
motion planning and control for mobile robots have (i) the notion ofgracefully prepares relationships
been decoupled. A high-level motion planner plans a  a restrictive de nition on the prepares relationship
collision-free path, and a low-level controller tracks it. (Burridge et al. 1999; Conner et al. 2006), which
The motion planner does not understand the capabilities ensures graceful switching between motion poli-
and limitations of the controller, while the controller has cies (see Sec. IV-C);
no knowledge of the environment and the obstacles in it(ii) an ofine procedure to design a palette of mo-
This decoupled approach works well in achieving navi-  tion policies, wherein the motion policies produce
gation tasks for kinematic mobile robots whose dynamics  collision-free graceful motions in small domains
can be safely ignored, but for balancing mobile robots  of position space, and also gracefully prepare each
with signi cant dynamics, such a decoupled approach  other (see Sec. IV);
generally results in sub-optimal and ungraceful motiongiii ) an automatic instantiation procedure that lls a
Moreover, when subjected to disturbances, the decoupled map of the environment with motion policies from
approach often results in collisions with obstacles or  a palette and generates a motion policy library (see
drives the balancing system unstable. Sec. V-A);

Therefore, in order to make balancing mobile robots tgiv) a motion planner that plans in the space of mo-
navigate human environments in a graceful and collision-  tion policies that gracefully prepare each other to
free manner, it is essential to integrate motion planning  achieve desired navigation tasks, and also replans
and control. The motion planner must understand and to avoid dynamic obstacles (see Sec. V-B and
respect the constraints of both the system dynamics and Sec. V-D); and
its controllers. The controller, on the other hand, must(v) the experimental testing on the ballbot to success-

be aware of the obstacles and navigation objectives. fully achieve two navigation tasks, namely, point-
point and surveillance motions, while handling
E. Approach towards Graceful Navigation disturbances and dynamic obstacles (see Sec. VI).

This paper presents an integrated motion planning
and control framework based on sequential composi- )
tion (Burridge et al. 1999; Conner et al. 2006; Nagarajan 1h€ last decade has seen a large body of work on using
et al. 2010) that enables balancing mobile robots IiK&/Prid control techniques to integrate motion planning
the ballbot to achieve the desired navigation tasks whifd control. This section discusses some of the existing
moving gracefully. work most relevant to the work presented in this paper.

The approach presented in this paper has two phases: ] -

(i) an ofine controller design phase, ani)an online A. Sequential Composition
planning phase. In the of ine controller design phase, Burridge et al. introducedSequential Composi-
controllers callednotion policieghat track feasible state tion (Burridge et al. 1999), a controller composition

II. RELATED WORK



Q stability and convergence of a sequential composition of

control policies, but did not guarantee graceful motion.
Although these approaches resulted in a robust system
k> that can navigate a map with obstacles under distur-
bances, the robot did not achieve graceful motion. This
V paper presents a sequential composition based approach
that ensures overall graceful motion while still switching
between different control policies to achieve desired
& navigation tasks.
Go®al B. Other Hybrid Control Approaches

Belta et al. presented a hybrid control policy with
piecewise afne control policies de ned over sim-
plices (Belta et al. 2005). The motion planning was
performed in the space of simplices, and control policies
technique that connects a sequence of control policiegere designed over each simplex that induced the desired
and automatically switches between them to generatised-loop motion. This approach was presented only
a globally convergent feedback control policy. Given &r kinematic mobile robots, and it did not produce
set of control policiedJ = f ; n@, each with an overall graceful motion.
invariant domairD( ;) and a goal seG( ), a control  Frazzoli et al. presenteManeuver AutomatdFraz-
policy : is said toprepareanother control policy », zoli et al. 2005) that used open-loop maneuvers and
denoted by ; 2, if the goal of the control policy steady-state trim trajectories as motion primitives, Whic

1 lies inside the domain of the control policy, i:e;;  consisted of feasible state and control trajectories. They
G( 1)  D( 2). The prepares relationshipbetween used algorithms based on Rapidly-exploring Random
control policies can be represented using cascading funees (RRT) (LaValle and Kuffner 2001) for motion
nels, where one control policy leads to the other gsanning in maneuver space, and demonstrated aggres-
shown in Fig. 2. The stability and convergence of thgive maneuvering capabilities of autonomous helicopters
individual control policies guarantee the stability an¢h simulations (Frazzoli et al. 2002). The algorithm
convergence of any valid sequence of control policigsresented did not deal with coverage but rather, stopped
given by the prepares relationship. Sequential comp@hen a sequence of motion primitives to the goal was
sition was successfully applied to a variety of systenfgund. Therefore, every time the state exited the de ned
(Kantor and Rizzi 2003; Klavins and Koditschek 2000gomain, the algorithm had to replan. They also presented
Rizzi et al. 2001). Robust Hybrid AutomatéFrazzoli et al. 2000) that used

Conner et al. presented an integrated motion plannietpsed-loop control for its maneuvers. Although this
and control procedure based on sequential compoapproach ensured overall stability of the closed-loop
tion to achieve navigation tasks for kinematic wheeleslystem while switching between motion primitives, it did
robots (Conner et al. 2006). A map of the environmemtot ensure closed-loop graceful motion.
was randomly lled with instantiations of a pre-de ned Russ Tedrake introducedQR-trees a feedback mo-
set of control policies using a partially automated praion planning algorithm that combines locally valid lin-
cedure. The invariant domains for these control policiesar quadratic regulator (LQR) controllers into a non-
were restricted to the con guration space of the systertinear feedback policy that globally stabilizes a goal
and the system dynamics were ignored. state (Tedrake 2009; Tedrake et al. 2010; Tobenkin

In our previous work (Nagarajan et al. 2010), thet al. 2011). The controllable subset of the state space
integrated motion planning and control procedure prevas probabilistically covered by veried stability re-
sented in (Conner et al. 2006) was extended to balancigigpns of a sparse set of LQR-stabilized trajectories. The
mobile robots like the ballbot. The system dynamicestimation and veri cation of the stability regions are
were not ignored, and in fact, the control policies excomputationally expensive, and hence do not allow real-
ploited the natural dynamics of the system to achiewane planning. However, these approaches to estimate
desired motions. All these approaches (Burridge et @hvariant domains for control policies can be used in the
1999; Conner et al. 2006; Nagarajan et al. 2010) ensurdesign of motion policies presented in this paper.

Fig. 2. Prepares relationship represented using funneigifige et al.
1999).
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C. Hybrid Motion Planning Approaches

Hauser et al. demonstrated successful humanoid wal 4
ing on uneven terrains in simulation (Hauser et al
2008). Unlike approaches that limit the derived mo
tions to the motion primitives, they used motion prim-
itives to derive sampling strategies for a probabilistic
sampling-based planner that generated new motior
Plaku et al. develope®yCLoP (Plaku et al. 2010), a
motion planning algorithm for systems with dynamics
which synergistically combines high-level discrete plan
ning and low-level motion planning. They demonstrate!
fast motion planning for ground and ying vehicles,
with computation times up to two orders of magni- @ (b)
tude faster than other kinodynamic motion planneigy 3 () The ballbot balancing; (b) 3D ballbot model wits it
like RRT (LaValle and Kuffner 2001) and Expansiveon gurations. The ball position w.r.t. the world frame isven by
Space Trees (EST) (HSU et al. 2001)_ PhiIIips et dpgw;yv‘g/) and t_he body angles w.r.t. the bogy fram_e are givenoby pitch
introducedExperience GrapheE-Graphs), a fast motion angle ; (rotation aboutyy,) and roll angle | (rotation aboutX ).
planning algorithm that uses motion plans from its
previous planning experience to rapidly generate motionsThe kinematics of a ball rolling on a plane has
for mundane, similar tasks (Phillips et al. 2012). Theyeen extensively studied using the plate-ball system for
successfully demonstrated navigation and manipulatighanipulation (Agrachev and Sachkov 1999; Bicchi and
tasks with Willow Garage's PR2 robot (PR2 2009). Nongorrentino 1995; Oriolo et al. 2003). The plate-ball
of these hybrid motion planning approaches integrate tgstem consists of a ball rolling between two at and
design of feedback controllers with motion planning fofevel planes, wherein one of the planes is xed, while the
dynamic systems, which is the focus of this paper.  other is used to move the ball. A ball rolling on a plane

has ve con gurations, two con gurations for the ball
I1l. BACKGROUND position and three con gurations for the ball orientation,

This section introduces the ballbot, its 3D dynamiand it has been proved to be controllable (Li and Canny
model, its shape variables, and shape-accelerated balar#90; Marigo and Bicchi 2000).
ing systems. It also brie y describes the shape trajectory However, in this paper, we are interested only in the
planner and the control architecture that play a key rofgosition of the ball and not in its orientation. For each

in the design of motion policies. orthogonal motion direction on the oor, the kinematic
mapping between the plate velocity and linear velocity
A. The Ballbot of the center of the ball is linear, and it is decoupled

The ballbot, shown in Fig. 3}, is a human-sized from the plate velocity in the other orthogonal motion
dynamically stable mobile robot that balances on a singiection (Brockett and Dai 1993).
ball. The ball is actuated using an inverse mouse-ball Figure 3¢) shows the con gurations of the 3D ballbot
drive with four active rollers. A pair of opposing rollersmodel used in this paper. The origin of the world frame
drive the ball in each of the two orthogonal motioris xed to the initial position of the center of the ball.
directions on the oor, and the encoders on the bafince we have assumed a at and level oor, the position
motors provide odometry information for the ball.An(Xw;Yw) Of the center of the ball matches the position
inertial measurement unit (IMU) provides the body leaf the ball's contact point on the oor. The ball position
angles w.r.t. gravity. A more detailed description of théXw:Yw) can be obtained by integrating the velocity of
ballbot's hardware and its control architecture can b&e center of the ball. The body axis of the robot is given
found in (Nagarajan et al. 2009c). by the line connecting the center of mass (CoM) of the

For the work presented in this paper, the 3D ballbot ody to the center of the ball. The orientation of the body
modeled as a rigid cylinder on top of a rigid sphere witBxis w.r.t. the vertical is given by pitch anglg and roll
the following assumptions: there is no slip between angle § as shown in Fig. 3i). These body angles are
the ball and the oor, if) the oor is at and level, and directly measured by the IMU.
(iii ) the body does not yavie:; it does not rotate about The ball position (Xy;Yyw) w.r.t. the world frame
its vertical axis. is given by con gurations (; ¥) such thatx,, =



rw( o + g) andyy = rw( ), wherery, is The last two equations of motion in Eqg. 1 correspond-
the radius of the ball. It is important to note that théng to the unactuated shape variabies,; the body lean
con gurations (J%; ¥) are angular con gurations that angles, are of the form:
represent the ball position, and they do not represent the e e = ()
orientation of the ball. Therefore,y; ¥ 2 (1 ;1). (GiGita)=0 @
There are two advantages in choosing these coordinatégese second-order differential equations are not in-
one is that the ball position con gurations X(; %) tegrable, and hence form second-order nonholonomic
directly correspond to the encoder readings on the b&pnstraints (or) dynamic constraints (Oriolo and Naka-
motors, and the other is that this coordinate choice allowgura 1991). However, they are numerically integrable.
one to remove the input coupling between the ball adéican be seen from Eg. 2 that the dynamic constraint
the body from the equations of motion. equations are independent of the position and velocity of
The work presented in this paper deals only witfhe position variablesgt, g). They map the position,
the translation of the ballbot on the oor and doeyelocity and acceleration in shape spagg €, &) to
not deal with yaw motionsj:e:; rotations about the the acceleration in position spaeg, and vice-versa.
body axis. However, the ballbot has an independent yalfie dynamic constraint equations for balancing mobile
mechanism that enables rotation about its body axis. THots like the ballbot have a special structure wherein
yaw controller presented in (Nagarajan et al. 2009c) c&fy non-zero shape con guration results in acceleration
be independently used to achieve desired robot headinijsposition space as shown in our previous work (Nagara-
In fact, for all the experimental results presented ifan 2010; Nagarajan et al. 2012b). Hence, these systems
Sec. VI, the yaw controller was used to ensure that ti@e calledshape-accelerated balancing systems

body did not yaw while the ballbot was in motion. .
D. Planning in Shape Space

B. Position and Shape Variables This section briey describes a shape trajectory
' planner that exploits the natural dynamics of shape-

_The con guration space of any dynamic system can Bg.cojerated balancing systems like the ballbot to achieve
divided intopositionandshapespace. The position vari- yegjred motions in position space. Navigation tasks are

ablesg represent the position of the robot in the Worldgenerally posed as desired motions in position space,
and the robot dynamics are invariant to transformations, 4t any speci cations on shape space motions. How-
of its position variables.. However, the shape varigbleeﬁler, shape space motions cannot be ignored for highly
G affect the inertia matrix of the system and dominatgy namic systems like the ballbot because there is a
the system dynamics. For the 3D ballbot model, the balfoy coupling between their shape and position dy-
position conTguratlé)nls form its position variablese:; namics. Since the shape dynamics dominates the system
- X . H H
% =[ w: wl' 2R ", while the body angles form its 4 namics, any desired motion in position space can be

i e - YT 21
shape variablesie:; gs = [ §; p]" 2 R® ~. successfully achieved only if an appropriate motion in
The ballbot is an underactuated system (Spong 199§P1ape space is planned and tracked.

i:e:; the number of independent control inputs is less than,, s previous work (Nagarajan 2010; Nagarajan
the_ number of de_grees of freedom. The ball is act_u_at%g al. 2012b), a trajectory planner that uses only the
while the body is not. Hence, the ballbot's positionyynamic constraint equations (Eg. 2) to plan shape tra-
variablesg, are actuated, while its shape variabtgs jectories, which when tracked will result in approximate
are unactuated. tracking of desired position trajectories was presented.
This shape trajectory planner exploits the properties of
C. Dynamic Constraints shape-accelerated balancing systems, and plans motions

The Euler-Lagrange equations of motion of the 3 shape space that are proportional to desired acceler-

ballboot model can be written in matrix form as followsations in position space. This section presents a brief
description of the shape trajectory planner, while a more

M (9 g+ C(qg;qq+ G(q) = 0 (1) detailed presentation can be found in (Nagarajan 2010;
Nagarajan et al. 2012b).
where,q = [g;a]” 2 R* L, M(q) 2 R* 4 is the From the dynamic constraint equations in Eq. 2, the
mass/inertia matrix,C(q;q) 2 R* # is the Coriolis acceleration in position space can be written as a non-
and centrifugal matrixG(q) 2 R* ! is the vector of linear function of shape variables and their derivatives
gravitational forces and 2 R? ! is the vector of given by
generalized forces. & = f(0s;05;8); )



subject to certain invertibility conditions, which hold A navigation task will generally involve tracking a
for shape-accelerated balancing systems as showndgsired position trajectory and not an acceleration tra-
(Nagarajan 2010). When a shape-accelerated systgttory. In order to use the shape trajectory planner, the
sticks to a constant shape con guratidire:; g5 = 0  desired position trajectorg (t) must be at least of class
andes = 0, it can be shown that the system achieve8?, i:e:; of(t) and ef(t) exist and are continuous, so

constant acceleration in position space given by that the planned shape trajecta(t) = K ed(t) exists
0 and is continuous. However, the shape trajectory planner
8 = f %), (4)  prefers the desired position trajectafi(t) to be of class

C4, irer; GY(t) and GY(t) exist and are continuous, so

that the planned velocity and acceleration trajectories in
. p 1

origin shows that an invertible linear map® exists shape spacai(t); e(1)) that depend on them exist and

such that the constant shape con guration that produc%%e continuous.

a constant acceleration in position space can be given byMoreover, tracking a desired position trajectafyt)
is the same as tracking its corresponding acceleration

o = KO (5) trajectory eg(t) only if the initial conditions are met.

0 » 2 _ The initial conditions are rarely met on real robots, and
whereK ™2 R* © for the 3D ballbot model presented in, addition, there are unmodeled dynamics, nonlinear

Sec. Ill-A. But such an invertible map does not exist fof;.1io effects and noise. In order to solve these issues,
any arbitrary acceleration trajectory in position space. faaqhack position tracking controller that feeds back
However, the constant shape con guration case shOWSgition variables is introduced. The feedback position
that the shape con guration and the acceleration i ing controller outputs a compensation shape trajec-
posmo_n space are Ilnearly_ p_roportlon_al_to _each other fBry that compensates for the deviation of the position
the .nelghbor.hood of the origin, and this insight 'S,used_Wajectory from the desired trajectory. The planned and
design a trajectory planner that plans shape trajectoriegy, hansation shape trajectories are summed to form
which when tracked will result in approximate trackinge gesjred shape trajectory, which is tracked by the
of desired position trajectories. More details can Bgaancing controller as shown in Fig. 4. The successful

found in (Nagarajan 2010). tracking of a variety of different fast, dynamic motions in

dGiven a desired position space acceleration trajectopysition space using the shape trajectory planner and the
e (t), the planned shape trajectony(t) is chosen to be oniro| architecture in Fig. 4 have been experimentally

() = K e (1): ©6) demonstrated on the ballbot in (Nagarajan et al. 2012b).

wheref o) = f(g; = 0,8 = 0). The Jacobian
linearization of the nonlinear map%qs) around the

whereK is a constant linear matrix, and 2 R? 2 Recently, a pair of 2-DOF arms were added to the

for the 3D ballbot model presented in Sec. llI-A. Theallbot (Nagarajan et al. 2012b). The arm angles also
acceleration trajectory in position spast) that results form shape variables, and a variant of the shape tra-
from tracking the planned shape trajectog§(t) is jectory planner presented here has been developed to

obtained from Eq. 3 as follows: plan motions in high-dimensional shape space in order
to achieve desired motions in low-dimensional position
e(t) = f(qu(’(t);K qg(t);K qg(t)): ™ space. A detailed presentation of the shape trr)ajectory
The shape trajectory planning can be formulated as
an optimization problem with the objective of nding Desired : Position
elements of the constant linear matkx such that the - 2P% ga'anc'”g Motor, | Shape-Accelerate >
. . . . . ontroller | Input Balancing System >
resulting acceleration trajectory in position spagét) Shape
best approximates the desired acceleration trajectory i
position space(t), i:e:; #(t) el(t). This optimiza- Desired
tion can be solved using nonlinear least-squares solve - Y Position

Compensation Feedback Position < C) “-—
+ Shape Tracking Controller, +

like Nelder-Mead simplex (Nelder and Mead 1964) an
Levenberg-Marquardt (Levenberg 1944) algorithms. For| *
tracking constant desired accelerations in position spac

Planned ;
: . . : Shape Trajectory Planngg———
the matrixK ° (Eq. 5) will be the optimal solution for the Shape ape Trajectory Flanng
matrix K , whereas for any arbitrary desired acceleration
trajectory, thekK © forms a good initial guess fdf . Fig. 4. The control architecture.



planner that handles motions in high-dimensional shape non-zero shape con gurations. However, maneu-
space is currently under review (Nagarajan and Hollis  vers start and end at trim conditions, which cor-

2013). However, the work presented in this paper deals respond to zero shape con gurations. Maneuvers
only with the ballbot without arms. The shape trajectory can be any arbitrary feasible state trajectories as
planner and the feedback position tracking controller  long as they satisfy the trim conditions.

shown in F|g 4 form the control architecture for motiorHere, the zero Shape con gurations Correspond to any set
policies that will be presented in Sec. IV. of shape con gurations that produce zero acceleration
in position space. The motion primitives in (Frazzoli
et al. 2005) consisted of both feasible state and con-
trol trajectories, whereas the motion primitives in this
This section describes an of ine procedure of desigrwork include only feasible state trajectoriesMotion
ing a palette of control policies calleghotion policies primitives can represent feasible state space motions that
for shape-accelerated balancing mobile robots like tlpgoduce different motions in position space like straight
ballbot using the shape trajectory planner and the conttigle, turning, circular, S-curve or gure-8 motions.
architecture shown in Fig. 4. A motion policy; consists A collection of motion primitives with a distance
of a reference state trajectory calledretion primitive parameterd is de ned as amotion primitive set( d),
i (t), a time-varying feedback trajectory tracking conwherein each motion primitive produces a nex and
trol law (t), and a time-varying domaim;(t) that y motion in position space such thatx and vy
is veried to be asymptotically convergent. All theseare integral multiples of the distance parameter
components of a motion policy are described below. Figure 5 presents the position space motions of a sample
of motion primitives for the 3D ballbot model from a
) o motion primitive set( d) with d = 0:5m. Itis important
A. Motion Primitives to note that the motion primitives include both position
Motion primitives (t) are elementary, feasible stateand shape trajectories, and are not restricted to just
trajectories that produce motions in small domains sition trajectories. Therefore, for the 3D ballbot model
the position space, and they can be combined sequéte motion primitives represent feasible motions in 8D
tially to produce more complicated trajectories. Motio$tate space, while Fig. 5 shows only their corresponding
primitives are feasible state trajectories, and hence B} POsition space motions.
de nition satisfy the constraints on the dynamics of Thenumber of motion primitives in a motion primitive
the system. In this work, the motion primitives aréet ( d) is dependent on the “richness” of motions
de ned such that they result in graceful motiong:;; ©One desires to achieve with the robot. For example, the
their position, velocity and acceleration trajectories asimplest and minimalist motion primitive set will consist
continuous and bounded. Moreover, any valid sequentf just two motion primitives: a stationary (constant
composition of motion primitives must also result in aP0sition) trim primitive and a rest-to-rest maneuver that
overall graceful motion.
This paper follows (Frazzoli et al. 2005) to de ne two End3
classes of motion primitives:

IV. MoTION PoLIcYy DESIGN

(i) Trim primitives Trim primitives are motion prim-
itives that correspond to steady-state conditions
and they can be arbitrarily timmed (cubk:, the —_
time duration of the trajectory can be arbitrarily Eo0s5
chosen. In this work, the trim primitives are re- >
stricted to constant position or velocity trajectories
in position space, which implies that they have zero
acceleration in position space and also zero shape
con gurations. 0
(i) Maneuvers Maneuvers are motion primitives that
start and end at steady-state conditions given by the
trim primitives. Unlike trim primitives, maneuvers
have xed time duration and non-zero acce|erati0ﬁig. 5. Position space motions of a sample of motion primitives fo
in position space, which implies that they achievéhe 3D ballbot model from a motion primitive set with=0:5 m.
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moves the robot a distanck A balancing mobile robot conditions. The desired trajectories were chosen
can indeed use these two motion primitives to stay in  such that they satisfy all characteristics of desired
place and move around. But any motion longer than  position trajectories presented in Sec. IlI-D, and
distanced will consist of a concatenation of several rest- also satisfy all requirements of a graceful motion,
to-rest motions of distance each,i:e:; the robot stops i-e:; the position, velocity and acceleration trajec-
multiple times before coming to rest at the goal. This tories are continuous and bounded with low jerk.
minimalist motion primitive set is suf cient to achieve (iii ) The shape trajectory planner presented in
a stationary goal, but it is not necessarily desirable.  Sec. llI-D was used to obtain the feasible position
Therefore, the number and type of motion primitives and shape trajectories that approximately achieve

in a motion primitive set( d) depends on the motions the desired position space motions in stiép. (The
desired from the robot, and the larger and more varied feasible state trajectories that produce constant
the motion primitive set is, “richer” are the motions position and constant velocity motions in position
achieved using the motion primitive set. space are the trim primitives, while the rest

The position space motions of the motion primitives ~ that satisfy the boundary trim conditions are
shown in Fig. 5 may strike a strong resemblance to  the maneuvers. Together, they form the motion
state lattices (Pivtoraiko and Kelly 2005; Pivtoraiko  primitives in the motion primitive set( d). It
et al. 2009) and path sets (Knepper and Mason 2008, is important to note that the trim conditions for
2009) used by the motion planners in unmanned ground the trim primitives and the maneuvers match, and
vehicles. State lattices and path sets are dened as hence these elementary state trajectories can be
reference motions in only the position space, and the composed to produce more complicated motions.

motion planners plan in the space of these reference popg gescribed above, the motion primitives are de-

sition space motions to achieve desired navigation tas%?gned to have matching trim conditions, which enable
However, the motion primitives presented in thiS papghem to be composable. The necessary condition for

are de ned as feasible state space motions that inclugdg,nosapility of motion primitives in a motion primitive
both position and shape space motions, and the motiggy ( d) is that for every trim condition in( d), there

planner plans in the space of motion policies, which aig st exist a corresponding trim primitive, at least one

controllers designed around these motion primitives as,neyver that starts with that trim condition and at
will be described in Sec. IV-B. State lattices (Pivtoraik@a,st one maneuver that ends with that trim condition.
and Kelly 2005; Pivtoraiko et al. 2009) and path setspe syfcient condition for strong composability of

(Knepper and Mason 2008, 2009), however, can be usghion primitives is that in addition to the necessary

to determine the reference position space motions fehnition for composability, for every ordered pair of
generating the motion primitive sets presented here. i conditions, there must exist at least one maneuver

The step-by-step procedure used in this work to denat transitions between them.
sign a motion primitive set for the 3D ballbot model,

; ! <t - Each motion primitive in a motion primitive set
including the one shown in Fig. 5 is as follows:

can be rotated and translated in the position space to

(i) The trim (or) steady-state conditions were de nedachieve a variety of different motions, and this process
The trim conditions used in this work were limitedof setting the position and orientation (heading) of a
to constant position and constant velocity condinotion primitive is callednstantiation This is possible
tions in position space. because the dynamics of mobile robots are invariant to

(i) A number of unique, desired position space mdransformations of their position variables. It is impoita
tions with a distance parametdrwere chosen in t0 note that the entire motion primitive along with its
the rst quadrant of the XY plane. These desiredstart and end trim conditions are invariant to rotations
motions included constant position and consta@d translations of the position variables.
velocity trajectories given by the trim conditions In this work, the motion primitives in the motion prim-
in step (), and several other trajectories withitive set ( d) are designed to be strongly composable.
varying position and velocity in position spaceHence, for each motion primitive,(t) 2 ( d), there
whose start and end conditions satis ed the trinexists at least one motion primitive,(t) 2 ( d) such
conditions with zero acceleration in position spacéhat its instantiation is gracefully composable witf{(t).
The desired trajectories in position space were d&toreover, for every ordered pair of motion primitives
ned as nonic polynomialsie:; polynomials with 1(t); 2(t) , there exists at least one motion primitive
degree nine, satisfying the desired boundary trimg(t) 2 ( d) such that an instantiation of3(t) is



of the system, and also produce graceful motion by

3 construction. Any dynamic system requires control effort
to track these feasible state trajectories. In (Frazzall.et
Goal 2005), open-loop control trajectories were used as part of
21 the motion primitives. But in a real world, especially for

robots operating in human environments, where there are
environment uncertainties and perturbations, one needs
1, to use closed-loop control. This section presentgtion
policies that contain motion primitives and feedback
controllers that stabilize them.

Start
0 A motion policy ; consists of a motion primitive
0 1 2 3 i(t), a time—\_/arying f_eedback _tracking control law
X (m) i(t), and a time-varying domaim;(t), all de ned

_ N _ _ for time t 2 [O;tf,]. Since the entire motion policy
T anitemton s hom P . Tt st s EXECLION IS ime parameterized, each motion poliy
constant position trim conditions, while the bars repressmstant alSO contains a timefl; that starts at zero and ticks
velocity trim conditions. till the duration t¢, of the motion primitive ;(t). A
motion policy that consists of a trim primitive is called
a trim policy, while a motion policy that consists of
a maneuver is called ananeuver policy Since all

motion primitives in the motion primitive se{ d) are

gracefully composable with ;(t) and an instantiation
of 1(t) is gracefully composable withs(t), i:e:; there

Xi instantiation h th ! ! ) . . - .
exists stg tiations such thai(t) 3() 2(t) . feasible state trajectories, they can be stabilized using
form a valid sequence of gracefully composable motign . .
primitives ocally linear feedback controllers, and hence a motion

policy ; exists for each motion primitive; (t) 2 ( d).
Given a motion primitive set( d), its corresponding
motion policy palette() is constructed by de ning

position, velocity and acceleration of (t) matches the e.ltlme—va.rymg "”e"?“ feedback control 'aW(t) qnq -|ts
time-varying domainD;(t) for every motion primitive

|n|t|§1l pos'|t|o'r.1, ve!ocny a”d.acce'.e“'?‘t."’” Oh(1). The i(t) 2 ( d). Therefore, there is a one-to-one corre-
motion primitives in the motion primitive sef d) with : .
. . . . spondence between the motion primitivg(t) 2 ( d)
matching trim conditions are designed such that the : )
nd the motion policy ; 2 () . The approach used

are gracefully composable. Figure 6 shows an examF|)nethis work to design the feedback control law and its

motion in position space resulting from a graceful comy . ;
" . . . . ...~ domain are discussed below.

position of appropriately instantiated motion primitives
from a motion primitive set( d) with d=0:5m. For every motion policy ; 2 () , the feedback

It is important to note that although the motion primicontrol law (t) stabilizes its constituent motion prim-
tives can be rotated and translated in the position spatiye i(t) 2 ( d). In general, standard approaches like
they cannot be dilated:e:; scaled to achieve shorter orlinear quadratic regulators (LQR) can be used to stabilize
longer motions in position space. This is because tftee motion primitives. However, in this work, the motion
dilation of feasible position and shape trajectories do@®licies de ned for shape-accelerated balancing mobile
not necessarily result in feasible state trajectorigs; robots like the ballbot use the control architecture shown
the resulting state trajectories do not necessarily gatish Fig. 4, which exploits the strong coupling between
the dynamic constraint equations. However, one cdhe dynamics of position and shape variables to achieve
dilate the desired position space motions in stepdf desired motions in position space. This control archi-
the motion primitive design process and nd the feasibltecture of using an inner-loop balancing controller that
shape and position trajectories that achieve them usisigbilizes the shape dynamics and an outer-loop position

the shape trajectory planner as described in siefp ( tracking controller that achieves desired position space
motions has been experimentally veri ed to be robust as

. . shown in (Nagarajan et al. 2009a,b,c). The ability of this

B. Motion Policies control architecture to successfully track desired mation
The motion primitives presented in Sec. IV-A are feain position space has also been experimentally veri ed
sible state trajectories that satisfy the dynamic constsai on the ballbot as shown in (Nagarajan et al. 2012a,b)

A motion primitive 1(t) is gracefully composable
with another motion primitive »(t) if and only if
i(tr,) = 2(0) and _u(tr,) = _2(0), ie:; the nal
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using simulation. For a motion policy;, the radii of the
4D hyper-ellipsoids in the domaiR; (t) were chosen to
1 be constant along the entire motion primitivgt), and
the outer domaiiD X(t) was designed a3 (t) = kD (t),
—_ wherek > 1 is the scale factor. For a choice of radii
Eo05 values, the 3D ballbot model along with the control
> architecture in Fig. 4 was simulated from nitely many
states in the start domaff. The largest radii values for
0 which the closed-loop position state trajectory from each
S of these start states remained inside the outer domain
DY (t) 8t 2 [0;t;] and also reached the goal domain
i ' j Gj att = tf were determined by trial and error. These
0 05 1 - . . e
X (m) radii values de ned the motion policy domaiD;(t).
It is important to note that the motion policy domain
Fig. 7. XY projection of the domain of a sample motion policyobtained using the above described procedure is a con-
designed for the 3D ballbot model. servative estimate of the largest invariant domain of the
motion policy. However, in this work, it is not essential
to have an accurate estimate of the largest invariant
domain, and a conservative estimate that is veried to
+ be asymptotically convergent satis es the requirements
of the integrated motion planning and control framework
fesented in this paper.

and in Sec. VI of this paper.

In general, the time-varying domaib;(t) of the
feedback control law (t) is de ned to be the larges
invariant domain along the feasible state trajectorft)
in the state space of the system. Lyapunov functions c8
be used to determine these invariant domains, and recenthe above design procedure also veri es by simula-
advancements in algebraic veri cation tools like sumsion that all position states in the start dom&nreach
of-squares (SOS) tools (Tedrake et al. 2010; Tobenkihe goal domairG; and remain withirD (t) 8t 2 [0; t; ]
et al. 2011) make such computations a possibility. Howmnder the action of the motion policy;. Addition-
ever, in this work, the motion policy domain de nitionsally, the resulting closed-loop shape trajectory was also
are restricted to 4D position state spaice;, (X;y; X;y), Veried to remain within the domain of the balancing
since the control architecture of the motion policy showoontroller that tracks it. Several system identi cation
in Fig. 4 achieves motions in position space by controkxperiments were conducted on the ballbot to estimate
ling shape space motions. the system parameters such that the dynamics of the

The time-varying domain® (t) are de ned as 4D model better match the real robot dynamics (Nagarajan
hyper-ellipsoids centered around the time-varying det al. 2009¢)When a motion policy ; is deployed on
sired position states of the motion primitivet). Each a map of the environment, the veri cation guarantees
time-varying domairD (t) has a start domaiB= D(0) that the resulting closed-loop motion of the system in
and a goal domairfc = D(t;). Each domainD(t) is position state space will remain within its doméis,.
veri ed to be asymptotically convergent, similar to theHence, if the domainD% is collision-free, then the
ones de ned in (Nagarajan et al. 2010). This impliemotion policy ; is guaranteed to produce a collision-
that each domaid (t) has another domaid (t) de ned free closed-loop motion of the system.
such thatD(t) DYt) 8t 2 [0;t;], and any position
state trajectory starting i will remain in DYt) until it

reachess 8t 2 [0;t; ]. The overall domains for a motion
f f

policy are given byD = D(t) andD° =

The process of deploying a motion policy on a map
is called instantiation, just like in the case of a motion
primitive. A motion policy instantiation involves the
D). instantiation of its motion primitive and its feedback

control law. The condition for two motion primitives to
The domainDP is used for checking coII|S|ons with be gracefully composable was presented in Sec. IV-A.
obstacles in the environment and hence, their geometHere, a time-varying feedback control law;(t) is
de nitions make it easier to verify the validity of their de ned to be gracefully composable with another time-
motion policies. Figure 7 shows the XY projection of avarying feedback control law,(t) if 1(t;,) = 2(0),
sample motion policy design for the ballbot. i;e:; the nal control law of ; matches the initial control

In this work, the design and veri cation of the asymplaw of ,. These conditions will be used in Sec. IV-C
totically convergent motion policy domains were doné de ne the graceful composition of motion policies.
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C. Gracefully Prepares Relationship stability and asymptotic convergence of the individual

This section introduces the notion gfacefully pre- motion policies in the motion policy palette guarantee
pares relationshipthat guarantees graceful sequentidghe stability and asymptotic convergence of any valid
composition of two motion policies. A motion policy,; ~Séduence of instantiated motion policies given by the
is said togracefully prepare ,, denoted by 1 g 2, gracefully prepares r(_al_ation_shipt is importan_t to note
if and only if all the conditions listed below are satis ed that the motion primitives in the motion primitive set

(i) The goal domain of the motion policy ; is (d) are deS|gneq to bg s_trongly composable, and for

contained in the start domain of the motion polic?@Ch Pair of motion primitives 4(t); 2(t) 2 ( d)
, e Gy Sy where 1(t) is gracefully composable with;,(t), their

(i) The motion primitive 1(t) of the motion policy C€Orresponding motion policies; 2 2 ()  are de-
signed such that ; gracefully prepares ».

1 is gracefully composable with the motion prim-

itive () of the motion policy »,ie:; a(tr,) = Figures 8 and 9 show the experimental results of the
2(0) and 4(tr,) = _2(0), which ensures that the ot achieving fast, graceful motions while switching
qverall'refergnce posm(_)n, velocity a_nd ac,ce,k_eraﬁetween gracefully composable motion policies. The
tion t_rajectorles are contlnuou_s. A mation prlm!t'_veoallbot achieves a fast, graceful straight line motion in
(1) is a state trajectory, which includes positiory;; g that is composed of three different motions. The
and velocity trajectories. Therefore, its derlvatlv%(,i"bot achieved a peak velocity of 1.16=s, a peak
_(t) includes velocity and acceleration trajecmriesacceleration of 1.M=s2, and a maximum lean of 6.75
(i ) The time-varying feedback control law(t) of the ;p, yhe hjane of motion. In Fig. 9, the ballbot makes three
motion policy 1 is gracefully comp0§able \,N'th sharp left turns by gracefully switching between nine
the feedback control law(t) of the motion policy 45 cefylly composable motion policies. The videos of

2, 185 1(tr,) = 2(0), which ensures that the y,q pa)ihot performing both these motions can be found
overall control trajectory is continuous. in Extension 1

The rst condition satis es the prepares relationship

(Burridge et al. 1999), while the next two conditions The sequence of gracefully composable motion poli-
reduce it to a gracefully prepares relationship. Henceies used for the experimental results shown in Fig. 8 and
a gracefully prepares relationship is by de nition aig. 9 were manually chosen, and the switching opera-
prepares relationshipie;; 1 6 2) 1 2, but tion was also performed manually. Section V will present
not vice-versa. Since the reference position, velocity amaditomated approaches towards autonomous planning in
acceleration trajectories along with the control trajecto the space of gracefully composable motion policies to
are continuous, the resulting closed-loop motion of thechieve desired navigation tasks. It will also present a
system under the action of a sequence of gracefulybrid control architecture that successfully executes th
composable motion policies is graceful. Moreover, theotion plan.
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Fig. 8. Fast straight line motiona] composite frames from a videdy)(plot of body angle and velocitys: time in the plane of motion.
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Fig. 9. Sharp turning motionaj composite frames from a videdy)(plot of the motion tracked on the oor.

V. INTEGRATED MOTION PLANNING AND CONTROL  rst quadrant of the position space as shown in Fig. 5,

This section presents the online procedures that rarr11d hence the orientation spacing is chosen to bes80

on-board the robot to achieve graceful navigation. A at their instantiations can cover all four quadrants in

automatic motion policy instantiation procedure is preQOSItlon spaceltis important to note that the ma is

. . . d only for the instantiation of motion policies and is
sented, which uses the motion policy palette to eneral‘lge o . . L
poticy p 9 not used for localization. This is because the instantiatio

a library of instantiated motion policies whose domaing . . .
Il an obstacle-free map of the environment. A motionmap'vI has coarser grids, while an occupancy grid map
. for localization needs to be ner. Finer occupancy grids
planner that plans in the space of these gracefully com- s ) :
posable motion policies, and a hybrid control archite@® used for Iocal|;at|on of the ballbot in all experimental
ture that executes a generated motion plan are presen{ga.uns presented in this paper.
A dynamic replanning algorithm that actively replans in AS described in Sec. IV-A, all motion primitives
the space of gracefully composable motion policies to(t) 2 ( d) are feasible state trajectories that pro-
avoid dynamic obstacles is also presented. duce position space motions wherein theix and 'y

displacements are integral multiples of the distance pa-
_ o . o rameterd. Therefore, the motion primitive set d) is a
A. Automatic Instantiation of Motion Policies collection of feasible state trajectories that move betwee

Here, an automatic instantiation procedure that uripe grid points on the map/4 that is discretized by
formly distributes motion policies both in position ancf- Moreover, since the motion primitives in the motion
in orientation (heading) on a 2D map of the environmerfimitive set ( d) are designed to be strongly compos-
is presented.Given a motion policy palette) , the able and their corresponding motion policies ()
2D mapM is de ned as a grid that uniformly discretizesare designed to be gracefully composable, instantiated
the environment with instantiation points; ) that are Motion policies with matching trim conditions can be
separated by a distandealong both X and Y directions, Sequentially composed to gracefully navigate between
whered is the distance parameter of the motion primitivéhe grid points on the map.
set ( d). Every motion policy ; 2 () isinstantiated The automatic instantiation procedure generates a mo-
at these instantiation points in different orientationon policy library L( ;M), which is a collection of
(headings). valid instantiations of motion policies from the motion

The uniform discretization in orientation (headingpolicy palette () on a mapM. A subset of valid
space depends on the position space motions produdestantiated motion policies from a motion policy library
by motion policies in the motion policy palette. Theon a map with static obstacles is shown in Fig. 10. An
motion policies presented here produce motions in thestantiated motion policy ; is considered valid if and
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only if the following conditions are satis ed:

(i) The motion policy domain®; and D? must be
obstacle-free in order to guarantee that the closed-
loop motion resulting from the execution of the
motion policy will remain collision-free.

(i) For motion policies that start at non-stationary
trim conditions, the adjacent cell in the direction
opposite to the motion must be obstacle-free. Such
motion policies, if included in the motion policy
library, will become orphan motion policies as
other valid motion policies cannot prepare them.

(iii ) For motion policies that end at non-stationary trim
conditions, the adjacent cell in the direction of
the motion must be obstacle-free. Such motion
policies, if included in the motion policy library,
will result in collisions as they cannot prepare valigig 10. A subset of motion policies from a motion policy libyar
motion policies. L( ;M), instantiated from the motion policy palette)  with the

. motion primitive set( d) shown in Fig. 5. The lines represent position
The percentage of the bounded position state spaggce motions of the motion primitives, while the shaded regbrow

covered by the start domains of the motion policiegP projections of the 4D motion policy domains, including thaiiter

in the motion policy library represents the coverage GfMains: The three obstacles are shown in black.

the motion policy library. The coverage percentage is

calculated by uniformly sampling the bounded positionases and enter nearby motion policy domains in the

state space and verifying its existence in the union of tmeotion policy library.

start domains of the motion policies in the motion policy In this work, the grid spacing of the map was set to

library. If the desired coverage is not achieved then thmatch the distance paramettiof the motion primitive

grid spacing for the instantiation points is halved, and thset ( d), which was chosen such that the desired cover-

automatic instantiation procedure is repeated until eithage was achieved. The position space radii of the motion

the desired coverage or the maximum number of sugblicy domains play the primary role in determining the

iterations is achieved. If 100% coverage is not achievechverage, and hence they are used to determine bounds

then it indicates that there are certain position statets tim the choice ofd. The number and variety of motion

cannot be handled by the motion policies in the motioprimitives in the motion primitive sef d) also affects

policy library. the coverage, but is relatively insigni cant. However, a
It is important to note that the motion policy domaindarger and more varied motion primitive set allows a

are veri ed in simulation and hence, under the actioricher collection of graceful motions to be achieved.

of the motion policies in the motion policy library, the The automatic instantiation procedure presented in this

robot's state is veri ed to remain within these domainssection uniformly instantiates the motion policies on a

Therefore, the position states not covered by the unigiven map. This uniformly dense instantiation provides

of the domains of the motion policies in the motiorfrich” motions for the robot at all points on the map.

policy library are not reached under normal circumHowever, this is not a necessity. One can also use

stances. However, they can be reached when the robatiable density instantiation procedures that sparsely

is subjected to large disturbances. A backup emergeriogtantiates motion policies in free, open spaces and

controller is used to handle such cases. In this work, tldensely instantiates motion policies in cluttered, narrow

ballbot switches to a simple balancing mode when sudpaces. However, good coverage of the map is essential

a situation is encountered. While in balancing mode, ttie order to successfully handle large disturbances.

robot slows down and comes to rest, and it can poten-

tially enter the domain of one of the motion policies in . _ )

the motion policy library and can still get to the goal. ArP- Planning in Motion Policy Space

experimental demonstration of this behavior is presentedGiven a magM and a motion policy paletté) , the

in Sec. VI-D. Currently, our group is also exploring realautomatic instantiation procedure presented in Sec. V-A

time trajectory planning algorithms (Shomin and Holligenerates a motion policy libraty( ;M). The grace-

2013) that will enable the ballbot to recover from suckully prepares relationship between every pair of motion

Y (m)
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Algorithm 1: Single-Goal Optimal Motion Policy
Tree using Dijkstra's Algorithm

0 input : Gracefully Prepares Graph

Goal Motion Policy NodeG

| ° output: Optimal Motion Policy Tree
0 1 begin

foreachi 2 Node( ) do
Cost2Goali) 1
Next2Goal() ;

[ i, Cost2Goal(), Next2Goali)

© O N O g~ W N

Fig. 11. An example gracefully prepares graph. end

Cost2Goalg) O
policies ( i, ;) in the motion policy librarn. ( ;M) is Q ) _
veri ed using the conditions presented in Sec. IV-C, ald ~ While Q 6 ; do

a directed graph called thgracefully prepares graph * j Mi”COSFNO_deQ)
( L) is generated, an example of which is shown ff if Cost2Goal() =1 then

Fig. 11. Each node ir{ L) represents a valid instantiated® break
motion policy ; 2 L, and each directed edge fromto 1* end _
i represents the gracefully prepares relationshép, 15 Q Qfijg

foreach k 2 Parent() do
¢ Cost2Goal() + EdgeCosK;j)
if c < Cost2Goalk) then
Cost2Goalk) ¢
Next2Goalk) j
end
end
end

i & . The gracefully prepares graph is similar t&°
the prepares graph presented in (Conner et al. 2008),
but differs from the fact that the edges represent tiée
gracefully prepares relationship and not just the prepatés
relationship as explained in Sec. IV-C. Unlike in thé&
prepares graph, the switching between motion policig's
in the gracefully prepares graph is guaranteed to restit
in overall graceful motion. Therefore, the gracefully pré®
pares graph( L) contains all possible graceful motiong* end
that the robot can achieve on the mislpusing motion
policies in the motion policy librang( ; M). _ _ _ o

If the gracefully prepares graph is strongly connectefPrmulated as a motion between trim motion policies that
i-e:; every motion policy node has a path to every othdfave constant velocity trajectories as trim primitives.
motion policy node in the directed graph (Cormen et al. Traditionally, graph search algorithms have been used
2001), then its controllable subspace is given by tHe plan in the space of discrete cells or paths. But, in
union of the motion primitives of the motion policiesthis work, graph search algorithms are used to plan in
in the library. In general, given a gracefully preparethe space of gracefully composable motion policies;
graph, its largest controllable subspace is given by tleentrollers. The graph search algorithms now provide a
union of the motion primitives of the motion policies inmotion plan that consists of a sequence of gracefully
its largest strongly connected subgraph. composable motion policies that achieve the overall

This work assumes that any navigation task can [ﬁbﬁVigation task. In this WOI’k, the DijSktra'S algorithm
formulated as a motion between trim motion policiedDilkstra 1959) shown in Algorithm 1 is used to solve
i:e;; motion policies with trim motion primitives, and the single-goal optimal navigation problem. The candi-
hence any navigation task can be formulated as a grdﬂﬁies for the Optlmallty criterion include fastest time
search problem on the gracefully prepares graph. T8d shortest path. Unlike other heuristic-based graph
assumption is valid since any navigation task can i&€arch algorithms liké\ (Hart et al. 1968), Dijsktra's
formulated as either a point-point motion or a surveildlgorithm uses a dynamic programming approach and
lance motion or a combination of the two. A point_poinpptimizes over the actual cost funtion without the use of
motion can be formulated as a motion between trif@dny heuristics.
motion policies that have constant position trajectories Given a goal position state, the Euclidean distance
as trim primitives, while a surveillance motion can benetric is used to nd the closest trim motion policy
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whose goal domain contains it, and its correspondirtje environment and also knows that it is collision-free.
node in the gracefully prepares graph forms the Therefore, in this framework, the motion planner has
goal motion policy nodeG. Algorithm 1 generates a knowledge of the system dynamics, and capabilities and
single-goal optimal motion policy treé ;G), which limitations of the underlying controllers used to achieve
contains optimal paths from all motion policy nodeshe motion plans. The controllers, on the other hand,
in the gracefully prepares graph to the goal motion have knowledge of the environment constraints and also
policy nodeG. Each motion policy nodein the optimal the motions that they produce, thereby, forming a truly
motion policy tree( ; G) contains a motion policy ;, integrated motion planning and control framework.

its cost to reach the goal motion policy node given by

Cost2Goad(i), and a pointer to the next optimal motion .

policy node given bNext2Goa(i). The algorithm begins C- Hybrid Control

with resetting theCost2Goalvalues and théNext2Goal The optimal path to the goal motion policy node from
pointers for all the motion policy nodes in the optimahny start motion policy node in the optimal motion policy
policy tree  except for the goal motion policy node tree is obtained by following itsNext2Goal pointer
whose Cost2Goalvalue is set to zerolites 3 7). A until the goal motion policy node is reached. A hybrid
list of unoptimized node® is created and iterated overcontroller is used as a master/supervisory controller to
(lines10 23). At each iteration, the motion policy nodeensure successful execution of the optimal sequence of
with the minimumCost2Goalgiven byMinCostNodéQ) motion policies. The hybrid controller starts executing a
is removed fromQ, and theCost2Goalvalues and the motion policy ; and resets its timer only if the robot's
Next2Goal pointers of its parents are updatelings position state is inside its start domash. It continues

16 22). The functionEdgeCodk; | ) returns the cost of executing the motion policy ; only if the robot's
switching from motion policy ¢ to ;. This iteration position state lies inside its domai; %t) 8t 2 [0;t; ],
continues until all unoptimized nodes are optimized aind the motion policy execution is stopped when its
all remaining motion policy nodes iQ do not have a timer runs out and the robot's position state reaches its
path to the goal motion policy nod&, which is indicated goal domainG;. The switch to the next motion policy
by in nite Cost2Goal(lines12 14). ; happens naturally as the goal domain eflies inside

The optimal motion policy tree{ ; G) represents all the start domain of j, i:e;; Gi  § by construction of
optimal graceful motions that the robot can achieve ithe gracefully prepares graph.
order to reach the goal motion policy noGe However, ~ The feedback control law(t) of a motion policy
the optimality is limited by motion policies in the motion i iS capable of handling small disturbances and uncer-
policy library. Any motion policy node that has a path tdainties. But when subjected to large disturbances, the
the goal motion policy node will reach the goal motion
policy node by switching between an optimal sequence GOAL
of motion policies that guarantee overall graceful motion
by construction. A subtree of a single-goal time-optimal
motion policy tree obtained using Algorithm 1 is shown
in Fig. 12. The optimal motion policy sequences with
XY projections of their 4D domains from a number of
different initial positions on a map with static obstacles
are shown in Fig. 12. Since the optimal motion policy
tree contains the optimal sequence of gracefully com-
posable motion policies from all trim conditions to the
goal motion policy node, replanning is unnecessary when
the robot's start position changes. However, the optimal
motion policy tree has to be regenerated when the goal
motion policy node changes.

1 2

This section presented a motion planner that plans in X (m)
the space of gracefully composable motion policies (con- 12 Asub ¢ sinal . ol o i
. . Eig. 12. subtree of a single-goal time-optimal motion polioyet
trollers) and explicitly aCCOUIjltS for both the dynamlcghe lines represent position space motions of the motion pviesit
of the system and the domains of the controllers. Eaghile the shaded regions show 2D projections of the 4D motidity

motion policy knows the exact motion it achieves irfomains, including their outer domains.
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robot's position state can exit the domaint), for
somet 2 [O;t¢]. Since the hybrid controller checks
for the validity of the motion policy8t 2 [O;t¢], it
detects the domain exit, stops the execution of the current
motion policy, nds another motion policy x whose
start domainS, contains this exiting position state, and
switches to the new motion policyg. If there exists a
path from the new motion policy ¢ to the goal, then
the optimal motion policy treq ; G) already contains
the sequence of gracefully composable motion policies
that lead the motion policy  to the goal motion
policy nodeG. If the automatic instantiation procedure
guaranteed 100% coverage, then there will always exist a
motion policy  inthe motion policy library whose start
domain will capture the robot's exiting position state. But
if 100% coverage was not guaranteed and if there is no
motion policy in the motion policy library whose start
domain captures the robot's exiting position state, then
the hybrid controller executes the backup emergency
controller. In this work, the hybrid controller switches
to a simple balancing mode when such a scenario is
encountered. It is to be noted that the switching from
the motion policy ; to the new motion policy  or

the backup emergency controller is discrete and is not
graceful as the disturbance added to the robot that caused
the domain exit is discontinuous.

D. Dynamic Replanning

While navigating human environments, it is inevitable
that new static obstacles or dynamic obstacles are en-
countered. In such cases, a dynamic replanning proce-
dure is necessary that will avoid motion policies that
result in collision with the new obstacles.

Figure 136) shows an example optimal motion policy
tree with a goal motion policy ;. The optimal motion
policy tree accounts for the known static obstacles in
the environment, and hence each motion policy
represents a collision-free motion policy in the known
environment. However, the introduction of new static and
dynamic obstacles can invalidate some of these motion
policies, for example, the motion policys in Fig. 130)
is invalidated by a new obstacle. In such cases, the
optimal motion policy tree must be updated to avoid
these invalid motion policies as shown in Fig. &3(

The simplest approach to account for the new obsta-
cles is to regenerate the entire optimal motion policy
tree while ignoring the invalid motion policy nodes as

(b)

e

©

shown in Algorithm 2. Unlike Algorithm 1, Algorithm 2 Fig. 13. &) Single-goal optimal motion policy tree with the goal

opt|m|zes only the valid motion pollcy nodes g|ven bynotlon policy 1; (b) The motion policy 3 |§ invalidated by a new
bstacle, and hence the motion policies; g; 10 and 11 need to

the Valid() function (ines 17  23). In this approach, be updated; andc) Updated optimal motion policy tree.

every time there is a change in the validity of motion
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Algorithm 2: Dijkstra's Algorithm with Invalid Algorithm 3: Find Nodes to be Updated

Nodes input : Base Optimal Motion Policy Treeg
input : Gracefully Prepares Graph Goal Motion Policy NodeG
Goal Motion Policy NodeG Set of Invalid Noded

output: Optimal Motion Policy Tree output: Set of Nodes to be Updated
1 begin 1 begin
2 ; 2 u ;
3 foreachi 2 Node( ) do 3 foreachi 2 | do
4 Cost2Goali) 1 4 U U i
5 Next2Goal{) ; 5 end
6 [ i, Cost2Goal(), Next2Goal() 6 Q G
7 end 7 while Q 6 ; do
8 Cost2GoalG) O 8 i PopQ)
9 Q 9 foreachj 2 TreeParent(y;i) do
10 while Q6 ; do 10 if i 2 U then
11 i MinCostNodeQ) 11 U Ul j
12 if Cost2Goal() =1 then 12 end
13 break 13 Q QI
14 end 14 end
15 Q Qfijg 15 end
16 foreach k 2 Parent() do 16 end
17 if Valid(k) then
18 ¢ Cost2Goal() + EdgeCosK;j)
19 if ¢ < Cost2Goak) then tomatic motion policy instantiation procedure described
20 Cost2Goak) ¢ in Sec. V-A. Each occupancy cell has a list of motion
2 Next2Goalk) ] policies whose domains cover it, and this list is updated
22 end for every valid motion policy instantiation. Therefore
z end given a list of occupied cells, a simple look-up operation
24 endend provides the list of invalid motion policy nodds
EZ end 2) Finding Motion Policy Nodes to be Updated:

Figure 13p) shows that the motion policy nodes that
need to be updated belong to the subtree with the invalid
6notion policy node as its head. Any valid motion policy
g%at reaches the goal motion policy via an invalid motion
policy must be updated. This subtree of motion policy

that had to be updated, whereas the other nodes did A t?S cars bet foun;jthby btraversm_g .fj(t);]/vn the opttr:mal
require any updates. It is computationally inef cient tonrlollon PO 'Cty t'reet?t Ie asedcasea., etl)”n?p IWI Th
regenerate the entire motion policy tree when only nown static obstacles and no new obstacles. fhe

subset of the motion policy nodes need to be update gonthm used t.o nd th.e motion policy node; to be up-
Therefore, this section presents an efcient dynami ated is shown in Algorithm 3. The base optimal motion

replanning algorithm that updates only the motion policg:g'cy tree o is the best possible mation policy tree that

nodes that need to be updated. This algorithm consi n be generated, and is generated using Algorithm 1.

of the following three stepsi) nding invalid motion ~=ach motion policy nodé has a list of motion policy
policies, {i) nding motion policy nodes to be updated,nOdes that point to it (parents) in the base optimal motion

- : . , policy tree  given by TreeParen{ o;i). All invalid
and {ii ) updating the motion policy nodes. motion policy nodes are added to the list of nodes to

1) Finding Invalid Motion Policies:The motion plan- be updatedU (lines 3 5), and the search for nodes
ner uses occupancy grids (Elfes 1989) to nd the invalitb be updated begins with the goal motion policy node
cells in a nely discretized 2D map of the environmentG and traverses down the entire base optimal motion
The mapping from an occupancy cell to a motion policpolicy tree ¢ in a breadth- rst search mannelinges
in the motion policy library is obtained during the au6 15). If a motion policy nodei is marked to be

policy nodes, the optimal motion policy tree has t
be regenerated. For example, the motion policy nod
7; 8, 10; 11 Shown in Fig. 13) are the only nodes
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Algorithm 4: Update Optimal Motion Policy Tree

input : Base Optimal Motion Policy Treeg
Goal Motion Policy NodeG
Set of Nodes to be Updatdd

output: Updated Optimal Motion Policy Tree

1 begin

0
foreachi 2 U do

Cost2Goali) 1

Next2Goal{) ;
end
foreachi 2 U do

if Valid(i) then

foreachj 2 Child(i) do
if Valid(j) then
¢ Cost2Goal() +
EdgeCosi(j )

12 if ¢ < Cost2Goali() then
13 Cost2Goal() ¢
14 Next2Goal() |
15 end
16 end
17 end
18 else
19 U U fig
20 end
21 end
22 Q U
23 while Q 6 ; do
24 j MinCostNodeQ)
25 if Cost2Goal() =1 then
26 break
27 end
28 Q Qfijg
29 foreach k 2 Parentj) do
30 if Valid(k) then

© 00 N O g~ W N

[
= O

31 ¢ Cost2Goal() + EdgeCosK;j)

32 if ¢ < Cost2Goak) then
33 Cost2Goalk) ¢

34 Next2Goalk) j

35 end

36 end

37 end

38 end

39 end

updated, then all its parents in the base optimal trge
given by TreeParent o;i) are added to the list of nodes

to be updatedJ (lines10 12).

3) Update the Motion Policy Nodesthe procedure
to update the optimal motion policy treeis presented in
Algorithm 4. Every time the optimal motion policy tree

is to be updated, it is reset to the base optimal motion
policy tree o, and theCost2Goalalues andNext2Goal
pointers for all motion policy nodes in the list of nodes
to be updatedJ are resetl{nes3 6). For each valid
motion policy node in the listU given by Valid(i), its
Next2Goalpointer is initialized to its valid child motion
policy node with the minimunCost2Goal(lines9 17).
The children of each motion policy node are obtained
from the gracefully prepares graph The invalid motion
policy nodes are removed from the list, while the
valid motion policy nodes with the initializeGost2Goal
values and\ext2Goalpointers are added to the list of
unoptimized node%). The procedure to optimize the
Cost2Goalvalues for just these motion policy nodes
(lines 25 40) is same as that in Algorithm 1lifes
10 23) and in Algorithm 2 [ines10 25).

The dynamic replanning algorithm presented above is
used only when the validity of a motion policy in the
motion policy library changes. When such a change is
detected, the current set of invalid motion policy notles
is determined, and Algorithm 3 is used to nd the motion
policy nodes in the base optimal motion policy treg
that need to be updated. The optimal motion policy tree

is then reset to o and updated using Algorithm 4.

VI. EXPERIMENTAL RESULTS WITH THE BALLBOT

This section presents experimental results of the ball-
bot successfully achieving different navigation tasks in
a graceful manner using the integrated motion planning
and control framework presented in Sec. V.

A. Experimental Setup

The ballbot localizes itself on a 2D map of the
environment using a particle Iter based localization
algorithm presented in (Biswas et al. 2011). The en-
coders on the ball motors of the inverse mouse-ball drive
provide the odometry data for the prediction step, while
a Hokuyo URG-04LX laser range nder provides the
laser scan readings for the correction step.

The laser range nder is also used to detect obstacles
using an occupancy grid map (Elfes 1989) with a grid
spacing of 0.1 m. The laser range nder is mounted on
the front of the robot with only @80 eld of view,
and hence obstacles behind the laser cannot be detected.
However, the ballbot can remember a previously en-
countered obstacle using its occupancy grid map. The
occupancy grid map is primarily used to detect new
static and dynamic obstacles, whereas permanent static
obstacles are included in the map.



2:5 — Reference

B. Motion Policy Library Experimental

In order to illustrate the integrated motion planning 2 GOAL
and control framework's capability to handle different
motion policy palettes, this section presents experintenta 1.5
results that used two motion policy palettes, one with T
39 unique motion policies and another with 43 uniqgue <= 1
motion policies. They used different motion primitive >
sets with the same distance parameter0.5 m like the 0:5
ones shown in Fig. 5. The palette with 43 motion policies 0
had more non-stationary trim conditions than the palette
with 39 motion policies. The problem of determining 05
the minimal set of motion policies required to achieve
a navigation task is an open research question. It is not 0 05 1 15 2 25 3
addressed in this paper and will be explored in the future. X (m)

For all the results presented in this section, the motion

policies were automatically instantiated in a 3.5 m Fig. 14. Point-Point motion with two obstacles, shown in klac
3.5 m obstacle-free area of a map of our lab as de-
scribed in Sec. V-A. The motion policy palette with 399
motion policies produces a motion policy library of 452
instantiated motion policies, while the motion polic
palette with 43 motion policies produces a motion polic¥s
library of 4569 instantiated motion policies. For both the
motion policy palettes, the total time taken to general
the motion policy library and the gracefully prepareg,
graph is approximately 2.5 s on the dual core computgg
on-board the robot. Similarly, the same computer take =
about 0.05 s to generate the optimal motion policy treStrt
for both the motion policy palettes. This allows the
optimal motion policy tree to be regenerated and updated
in real-time. All the results presented in this section ugég. 15. Composite frames from a video of the ballbot achievirey
fastest time as the optimality criterion. goal from start position no. 1.

C. Point-Point Motion motions from the single-goal time-optimal motion policy

The point-point navigation task can be formulated d£€€, and were not regenerated for each run. _
a motion between trim motion policies with constant Figure 15 shows the composite frames from a video

position reference trajectories as motion primitives. THY the ballbot achieving the goal from the rst starting
goal motion policy in the motion policy library is given position, and the resulting body angle trajectories are

by the trim motion policy whose goal position state is
the closest to the desired goal position by Euclidean 4, — X
distance metric. Figure 14 shows the ballbot successfully ~ —_Y
reaching a single goal position state of (2 m, 2 m, o 21
0 m/s, 0 m/s) from four different starting con gurations 2
in the presence of two static obstacles. The experimental<
position space motions shown in Fig. 14 were obtained =
from the localization algorithm (Biswas et al. 2011). M
This navigation task used the motion policy palette
v_vith 39 mo_tion policieg to generate thg motio_n policy 0 2 4 6 8 '10 '12 '14
library. A single-goal time-optimal motion policy tree Time (s)
was generated online using Algorithm 2 that takes into
account the known static obstacles in the map. Each@j. 16. Point-Point motion: Body angle trajectories to auhithe
the motions shown in Fig. 14 were obtained by trackingpal from start position no. 1.

0

2 |
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shown in Fig. 16. The video of the ballbot achieving alsearched the motion policy library to nd motion policies
four motions can be found in Extension 2. whose start domain contained this exiting position state.
Since a continued disturbance was applied to the robot,
its position state continued to exit the domains that were
found until the ballbot was set free to move on its own.

Figure 17 presents the experimental results that illusdfter it was set free, the ballbot successfully reached
trate the capability of the integrated motion planninghe goal as shown in Fig. 17. Here again, the single-goal
and control framework to handle large disturbancetime-optimal motion policy tree was not regenerated. The
While the ballbot was executing a point-point motion, itomposite frames from a video of the ballbot achieving
was physically held and stopped from moving towardsis motion are shown in Fig. 18, and the video can be
the goal. Then, the ballbot was physically moved to found in Extension 2.
different point on the map and let go.

When the ballbot was physically stopped from moving. Surveillance

towards the goal, its position state exited the domain . _
of the motion policy it was executing, and the hybrid The navigation task of surveillance can be formulated

control architecture detected this domain exit. It thefS @ motion between trim motion policies that have
constant velocity reference trajectories as motion prim-

itives. The task is speci ed as a sequence of moving

D. Disturbance Handling

2:5 — Eefer(_ance goal position states that are repeated in a cyclic fashion.
xperimental ) : ) . ) ;
Unlike point-point motion, the surveillance motion has
2 GOAL multiple cyclic goals. A new goal motion policy is found
. every time the current goal motion policy is reached,
1:5 | : : ; .
- and hence the time-optimal motion policy tree has to
£ 1 be regenerated. The motion planner takes only 0.05 s to
> regenerate the motion policy library used here, and all
0.5 <\f of its motion policies have time durations greater than or
Robot Pushe equal to 1 s. Hence, the optimal motion policy tree can be
0 regenerated in real-time while executing the last motion
_ policy to the current goal. This process repeats until the
0:5 user quits the surveillance task. Figure 19 shows the

0 05 1 15 2 25 3 ballbot successfully perfor_mlng a surv_elllanc_e task with
X (m) four goal con gurations using the motion policy palette
with 39 motion policies. In this run, the surveillance

Fig. 17. Disturbance Handling

2:5 — Reference
Experimental

2
1.5

1

Y (m)

0:5

0

Goal
Start™~~— > :
Domair\ k 0:5

Exit Pushed 0 05 1 15 2 25 3

Set Free X (m)

Fig. 18. Composite frames from a video of the ballbot reachivgg t Fig. 19. Surveillance motion with four goal con gurationgpresented
goal while handling a disturbance. by arrows, and one obstacle, shown in black.
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Fig. 20. Body angle trajectories for the surveillance motidth four
goal con gurations. 0:5 {
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Fig. 22. Surveillance motion with ten goal con gurations regented
by arrows, and one obstacle, shown in black.
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Fig. 21. Composite frames from a video of the ballbot achietireg Time (s)
surveillance motion with four goal con gurations.

Body Angle ()
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Fig. 23. Body angle trajectories for the surveillance motidth ten

. oal con gurations.
task was quit after ve successful loops. The body ang?e 9

trajectories for one complete surveillance loop are shown
in Fig. 20. The composite frames from a video of theerforming this motion is shown in Fig. 25, and the video
ballbot achieving this task is shown in Fig. 21, and thean be found in Extension 2.
video can be found in Extension 2. The base optimal reference motion to the goal with-
Two successful loops of another surveillance tagbut any new static or dynamic obstacles is shown in
with ten goal con gurations are shown in Fig. 22. Thigrig. 26@). The optimal reference motion to the goal
surveillance task was achieved using the motion poligyith the new static obstacle and the dynamic obstacle
palette with 43 motion policies, and the optimal motioin its rst position is shown in Fig. 269. The optimal
policy tree was successfully regenerated real-time on theference motion to the goal with the dynamic obstacle
robot for every single goal con guration. The resultingnoving to its second location is shown in Fig. &6(
body angle trajectories for one complete surveillancEhe nal optimal reference motion to the goal along
cycle are shown in Fig. 23. with the resulting ballbot motion are shown in Fig. 24.
It is important to note that the optimal motions achieved
using this approach are limited by the motion policies in
the motion policy library. For example, one can see that
Figure 24 shows the ballbot using the dynamic rehe optimal reference motion shown in Fig. B6i{s not
planning algorithm presented in Sec. V-D to avoid newptimal in a true sense but is optimal w.r.t. the motion
static and dynamic obstacles, and successfully reach fh@icies available in the motion policy library.
goal. The composite frames from a video of the ballbot The motion policy palette with 43 motion policies

F. Dynamic Replanning
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Fig. 25. Composite frames from a video of the ballbot dynamjcall
replanning to avoid static and dynamic obstacles. X (m)
(b)
was used for this run. The dual-core computer on-board 25 | Goal
the ballbot takes 0.01 s to 0.05 s to update the optimal ’ Dy!amic
motion policy tree depending on the number of motion 2. Obstacle2
policy nodes to be updated. Each motion policy is of .
time duration greater than or equal to 1 s, and hence the 15,
optimal motion policy tree can be updated fast enough E 1
to account for the dynamic obstacles, which are detected > \ Dynamic
by the laser range nder at 10 Hkge:; every 0.1 s. 0:5 Obstaclel
o |
VII. CONCLUSIONS '
. : . . 0:5 | Static
This paper presented an integrated motion planning | start Obstacle
and control framework that enables balancing mobile i i
robots like the ballbot to gracefully navigate human en- 0 051 15 2 25 3
vironments. A notion ofyracefully prepares relationship X (m)
that ensured graceful switching between motion policies (©

was_ mtrod_u_ced. A paleltte of g.racefu”y Comp.osablgig. 26. @) The base optimal reference motion to the gob);The
mOt'on pO|ICIE§ were designed of ine, and an online @Usptimal reference motion with the static obstacle, and theadhja
tomatic instantiation procedure that deploys these motiobstacle at its rst location;d) The optimal reference motion when

policies to Il a map of the environment was presentedhe dynamic obstacle has moved to its second location.
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A gracefully prepares grapthat represented all possibleto be addressed. Moreover, metrics that can compare and
graceful motions that the robot can achieve in a magvaluate two motion policy palettes for a navigation task
was generated online, and the navigation tasks weraist also be explored.
formulated as graph-search problems.
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