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Abstract

Dynamically stable mobile robots, like ballbots, are agile but highly
sensitive to manipulator-induced disturbances. This feature makes loco-
manipulation of dynamically stable mobile robots a tightly coupled whole-
body control problem. This thesis investigates how manipulators can be
leveraged not only for interacting with objects, but also for locomotion.

First, we investigate effective wheelchair maneuvering using a dynamically
balancing mobile manipulator. Wheelchairs are a type of nonholonomic
cart system, maneuvering such systems with mobile manipulators (MM) is
challenging mostly due to the following reasons: 1) These systems feature
nonholonomic constraints and considerably varying inertial parameters
that require online identification and adaptation. 2) These systems are
widely used in human-centered environments, which demand the MM to
operate in potentially crowded spaces while ensuring compliance for safe
physical human-robot interaction (pHRI). We propose a control framework
that plans whole-body motion based on quasi-static analysis to maneuver
heavy nonholonomic carts while maintaining overall compliance. We
validated our approach experimentally by maneuvering a wheelchair with
a bimanual mobile manipulator, the CMU ballbot. The experiments
demonstrate the proposed framework is able to track desired wheelchair
velocity with loads varying from 11.8 kg to 79.4 kg at a maximum linear
velocity of 0.45 m/s and angular velocity of 0.3 rad/s. Furthermore,
we verified that the proposed method can generate human-like motion
smoothness of the wheelchair while ensuring safe interactions with the
environment.

Second, we explore how upper limb contacts can assist robot locomotion.
Utilizing upper limb contacts is challenging for traditional optimization
and planning methods to handle due to difficulties in specifying contact
mode sequences in real-time. To address this, we use a bi-level contact-
implicit planner and hybrid model predictive controller to draft and
execute a motion plan. We investigate how this method allows us to plan
arm contact events on the shmoobot, a smaller ballbot, which uses an
inverse mouse-ball drive to achieve dynamic balancing with a low number
of actuators. Through multiple experiments we show how the arms allow
for acceleration, deceleration and dynamic obstacle avoidance that are
not achievable with the mouse-ball drive alone. This demonstrates how
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a holistic approach to locomotion can increase the control authority of
unique robot morpohologies without additional hardware by leveraging
robot arms that are typically used only for manipulation.
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Chapter 1

Introduction

Robots can be broadly classified by their mobility and stability characteristics. Fixed-
base manipulators have an immovable base, and thus are unaffected by reaction forces
from their manipulators. In contrast, mobile robots must manage base disturbances.
Statically stable mobile robots (such as a four-wheeled platform with a low center
of gravity)[1][9][14] can maintain stability through a wide support polygon and can
passively resist tipping to some extent. Dynamically stable mobile robots[27][49] rely
on active balancing to stay upright. This dynamic stability allows the robots to be
agile, but also makes them highly sensitive to disturbances. Even modest forces or
motions on the robot manipulator can induce significant base reactions.

This sensitivity makes locomanipulation tasks on dynamically stable platforms
more challenging. Any external force exerted by the manipulator, for example,
pushing a door or lifting an object, will be transmitted through the robot structure
and can perturb its overall balance. Balance, locomotion, and manipulation are highly
coupled in such systems[30]. Therefore, loco-manipulation on dynamically balancing
robots is a whole-body coordination problem, where every manipulation action has
immediate consequences on stability and navigation.

The inherent coupling between manipulation and locomotion, though potentially
problematic if not handled properly, can be utilized to improve mobility. A dynamically
stable robot can use its manipulator not only to interact with objects but also to
enhance its own locomotion. Recent research has begun to leverage this idea. By

deliberately making contact with the environment, a robot manipulator can generate
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additional forces that support movement and balance [49]. This capability offers a
distinct advantage over fixed-base and statically stable robots.

This thesis builds on that insight : moving the focus from object pushing to
self-pushing. We develop and experimentally validate whole-body controllers that (i)
reject manipulator-induced disturbances to maintain balance, and (ii) deliberately
exploit manipulator forces to enhance ballot’s locomotion capabilities. The main
structure of the paper is summarized as follows:

Chapter. 2 introduces a whole-body control framework for wheelchair maneuvering
with ballbot. Chapter. 3 introduces a whole body controller framework that can
utilize upper limb contacts in locomotion tasks with contact implicit MPC. Chapter. 4
concludes the thesis with a summary of the contributions and presents potential

directions for future research.



Chapter 2

Object Pushing : Wheelchair
Manipulation with ballbot

2.1 Abstract

In this chapter, we present a control framework to effectively maneuver wheelchairs
with a dynamically stable mobile manipulator. Wheelchairs are a type of nonholo-
nomic cart system, maneuvering such systems with mobile manipulators (MM) is
challenging mostly due to the following reasons: 1) These systems feature nonholo-
nomic constraints and considerably varying inertial parameters that require online
identification and adaptation. 2) These systems are widely used in human-centered
environments, which demand the MM to operate in potentially crowded spaces while
ensuring compliance for safe physical human-robot interaction (pHRI). We propose
a control framework that plans whole-body motion based on quasi-static analysis
to maneuver heavy nonholonomic carts while maintaining overall compliance. We
validated our approach experimentally by maneuvering a wheelchair with a bimanual
mobile manipulator, the CMU ballbot. The experiments demonstrate the proposed
framework is able to track desired wheelchair velocity with loads varying from 11.8 kg
to 79.4 kg at a maximum linear velocity of 0.45 m/s and angular velocity of 0.3 rad/s.
Furthermore, we verified that the proposed method can generate human-like motion

smoothness of the wheelchair while ensuring safe interactions with the environment.
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2.2 Introduction

Recent advancements in mobile manipulators have greatly enhanced their utility for
assisting humans. A critical aspect is the ability of MMs to operate nonholonomic
cart systems, such as shopping carts, luggage carts or hospital beds. These usually
have one or two caster wheels and a set of fixed wheels that introduce nonholonomic
constraints to their motion. They are essential for transporting cargo or people in
environments centered around human activities, including supermarkets, hospitals,
and construction sites. Among these, pushing a wheelchair to a specified location is
vital for individuals with mobility issues, particularly in places like public transport
and healthcare centers. Using robots for wheelchair assistance can significantly reduce
a caregiver’s burden and enhance mobility for wheelchair users. When pushing the
wheelchair, the robot needs to maneuver the wheelchair with smooth motion while
ensuring safe interaction with others surrounding it.

Previous work has been done in maneuvering nonholonomic systems with various
platforms. [13, 31, 47] used bipedal humanoid robots to maneuver heavy objects or
carts by computing zero momentum points (ZMP) of interaction with the object and
foot placement planning. [33] studied how to change the robot’s posture and body
leaning angle based on kinematics to maximize force exertion. While being able to
exert large forces via configuration change, bipedal robots face challenges from the
inherent discreteness in their locomotion. This can lead to non-smooth movements of
the object being pushed if not carefully controlled, undesirable for wheelchair pushing
as it may compromise passenger comfort and has reduced energy efficiency on flat
surfaces compared to wheeled robots.

Multi-wheeled mobile base robots are also widely used in cart-pushing tasks.
[35, 37] studied path planning methods for bimanual mobile-based robots when
navigating with a cart, which assumed that the cart can be reoriented by the MM
as needed. This does not hold for heavy carts such as wheelchairs occupied by a
person. [1, 22, 23] proposed trajectory-tracking controllers for non-holonomic cart
systems that utilize the change of grasping point on the cart to maneuver with a single
robot arm. [10] proposed an improved impedance controller for cart-pushing tasks
to enhance wheelchair stability and ride quality. Results in these studies indicate

that multi-wheeled mobile base robots are capable of producing smoother movements

4
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Figure 2.1: Time-lapse picture of the CMU ballbot maneuvering wheelchair around
obstacle.

compared to bipedal humanoid robots discussed above. However, a human-height
wheeled robot can easily become dynamically unstable if it takes a large impact or
accelerates too quickly [16], which led to the adoption of heavy bases with a large
footprint in the mentioned studies, hindering mobility in confined areas like hallways

such as hallways.

Moreover, previous works lack overall system compliance, which is the compliance
in both the arms and the base, either due to hardware limitations or the control

methods, key for ensuring safe pHRI in crowded environments.

For wheelchair-pushing tasks, we need to further consider the riding experience of
the passenger and the safety of the people around. To address this, our goal is to
develop a wheelchair-pushing controller for the CMU ballbot that allows accurate

and smooth velocity tracking while maintaining overall system compliance.

The CMU ballbot is a human-sized bimanual robot that operates while balancing
on a single spherical wheel, featuring both compliance and omnidirectionality [42].
By leaning its body, the ballbot can change its Center of Mass (CoM) leaning angle
to exert large forces such as the required force for human sit-to-stand assistance [38].

The torque-sensing 7-DoF arms provide accurate measurement of the interaction
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Figure 2.2: Control framework diagram. (a) The reference velocity is first generated
by the path planner or sent from a gamepad. The velocity is then tracked by the
wheelchair-pushing controller by computing the optimal CoM leaning angle and
end-effector position commands. (b) The lower-level task-impedance arm controller
then tracks the desired end-effector position commands. A wrench estimator is imple-
mented to provide force estimation that is used for wheelchair model identification.
(¢) The CoM leaning-angle command is tracked with a balancing controller with CoM
compensation.

force [40]. These aspects make the CMU ballot suitable for deployment in caregiving

scenarios that require safe pHRI.

In this chapter, we present a control framework for the ballbot to dynamically
maneuver a wheelchair as shown in Fig. 2.1, ensuring overall compliance. The
controller diagram is shown in Fig. 2.2. The framework’s key elements include a
pushing pose optimizer and a steering controller, which together plan a whole-body
motion, enabling the ballbot to track the desired wheelchair velocity. To identify the
parameters in the wheelchair’s model, an extended Kalman filter (EKF) is utilized for
online system identification (SI). The main contribution of this chapter is a holistic
scheme for bimanual dynamic balancing robots to maneuver heavy cart-like systems

while ensuring overall compliance.

The remainder of this chapter is constructed as follows: Section 2.3 introduces
the modelling of the CMU ballbot. Section 2.4 shows the dynamic model of the
wheelchair and online parameter identification. The pushing pose optimizer and
steering controller for wheelchair pushing is discussed in Section 2.5. Finally, we show
that the proposed method can accurately track velocity commands with various loads

by the experiments described in Section 2.6. Finally, conclusions are summarized in



2. Object Pushing : Wheelchair Manipulation with ballbot

Section 2.7.

2.3 Ballbot Model and Control

This section introduces the ballbot model and implementation of the balancing

controller and the arm impedance controller.

2.3.1 Kinematics Model

The frame choices are shown in Fig. 2.3(a), with the origin frame {O} centered on
the spherical wheel with axes aligned with the inertial frame {7}, the body frame
{B} centered at shoulder center with only its z axis aligned with {O}. The red, green
and blue axis in coordinate frames represent x, y and z axis respectively. The arm’s
task and posture kinematics are defined with respect to body frame {B}. For both

arm, we can write the task relationship between the task coordinates x € R® and the

S&gft ta] P"a!}e

Ara, Qra

I%}_
(@) (®)

Figure 2.3: (a) The ballbot dynamics model. (b) Quasi-static analysis with forces
exerted at the end-effectors.
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joint configuration coordinates ¢ € R in the following form:
r = FK(q). (2.1)

Here, ¢ = [q, ¢u]". q» € R? is the vector of the body pose defined as [¢,, ¢, ¢.]* w.r.t.
{O}, where ¢,, ¢, are body leaning angles, and ¢, is the body yaw. ¢, € R7 is the
vector of the arm joints. The task coordinate x is defined as = = [p3, p), p?, ¢, 0, YT
Where [p2,p3,p2]" is the position vector w.r.t. {O}, and [¢,0,¢]" are the Z-Y-X
Euler angles. The task Jacobian J(q) can then be defined as:

_ IFK(q)

5q € R®10, (2.2)

J(q)

2.3.2 Task-space Impedance Controller

Another aspect of care-giving tasks is to ensure user’s safety while ensuring safe
physical human-robot interaction with others. Towards this goal, a task-space
impedance controller is used for the arm’s controller to track the desired end effector
motion while providing stable physical interaction. The desired impedance behavior
between external force F,,; and end-effector position error e, = x — x4 is that of a

mass-spring-damper system of the form:

Myé, + Byér + Kyep = Fiop. (2.3)

The symmetric positive definite matrices K4, By, and M, are the desired stiffness,
damping, and inertia matrix, respectively. F. is the force exerted at the system.

The control law in joint torque space is:
= J7r [A:’izd — AM;1 (Fdéz + fdex) + ,u} , (2.4)

where A = (JM‘IJTY1 ,u=A <J]\4_1 (h = Tprie) — Jq) where M € R'9%10 ig the
mass/inertia matrix, h € R'% is the vector of Coriolis, centripetal, and gravity forces,

and T, is the joint friction.

8
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2.3.3 Balancing Controller

The balancing controller is a PID controller cascaded with a PD controller that tracks
the desired leaning Center of Mass (CoM) leaning angle ¢c,ps as shown in Fig. 2.3(b).
The two arms each have a mass of 12.9 kg, thus posing considerable CoM change to
the robot while moving. A CoM compensator is implemented to maintain the CoM

to the equilibrium position using body leaning [40].

2.4 Wheelchair Modeling

2.4.1 Wheelchair Dynamics

The wheelchair has two fixed wheels and two caster wheels in the front, since the
caster wheels in the front rotate quickly to the direction of motion, we assume that
they have a negligible effect on the system’s dynamics [2, 6]. The two rear wheels
introduce a nonholonomic constraint such that only motion in the wheelchair’s current
direction is allowed. A way to model this characteristic is by defining the system
state as and ¢, = [z, 0] velocity as ¢, = [vz,w] w.r.t. the wheelchair frame {W},

which is the center of the two wheel centers. We can then integrate ¢, and get the

Figure 2.4: Planar wheelchair model. (a) Geometric notations. (b) Input force
notations.
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wheelchair’s position w.r.t. the world frame {I}. Also due to the same constraint, the
input wrench exerted at the handle has only 2 effective DoF's, which are the applied
force along the x axis of the cart and torque about the z axis, as any lateral force
will be dissipated by the constraints [2]. Finally, we assume that the wheelchair is
always on the floor. Thus we can faithfully model the wheelchair’s dynamics as a
secondary planar system. The kinematic energy of the system w.r.t. frame {W} can

be calculated by:
2

T = —MyUy — MyPrlaWSe — My PyUsWCo
2
1 1 (2.5)
—i—émwa(pi +p;) + 5[@)2,

where sy and ¢y are sine and cosine functions of #. The dynamics equation is given

by:

r

d 02\ 0L
dt \ 9g; g

where I is the external wrench applied to the system, including the wrench applied

, (2.6)

by the robot I';, and non-conservative force N, (q,,) such as the viscous force as the

wheels rotate. Then, we can reformulate the dynamics equation as:

where M,,(q,) is the inertia matrix, and C,(gy) is the Coriolis term. In the following,
the variables describe the properties of the overall wheelchair system (including

additional load and passenger). The formulations can be given as:

M — My —My (P2So + DyCo)
S| = (peso +pyce) L+ (P2 + p2)
i 0 — w - Pz Fv
Cp = Mt (PySo = Paco) , Ty= , (2.8)
(00 T

Nwzalvzla
w

where o is a positive viscous coefficient that opposes the system’s motion, m,, and I,

are the mass and rotational inertia at the wheelchair CoM respectively. The geometric

10
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notations are shown in Fig. 2.4 (a), where [, [}, is the distance between the two rear
wheels and the two handles respectively, d is the x-axis offset between the handles
and wheels w.r.t {W}, and p,,p, are the distance of CoM w.r.t. {W}. The input
wrenches are typically exerted at the handles as shown in Fig. 2.4 (b), the mapping

between I';,,,: and Iy, is :

Proj, Fz” + Proj, F}é’

S A 29
Y X FPP+rg X Fg

Finput -

In this context, we assume that the friction between the wheel and the floor is
always static friction solely arising from the bearing friction in the rear wheels. We

can further model the friction coefficient as:

o=[uN uNl,/2]. (2.10)

where g is the rotational friction coefficient, and N is the force exerted on the wheel.
By assuming that the wheelchair’s mass m,, is evenly distributed on the four wheels,

the force on each wheel is N = mg/4, with g = 9.8 m?/s.

2.4.2 Wheelchair Model Identification

An EKF is used to estimate the unknown parameters, similar to [2]. We need to
estimate the mass m,,, CoM position of the system [p, py]T and the friction coefficient
1. We pick a set of parameters that would be linear in the dynamic equations for
ease of computation by selecting ¢ = [ My MyDe MyDy 1 4 my, (pi + pi) o } ,
these can then be used to calculate the desired parameters. The EKF state vector
then consists of: .

X = [ G 4 o ] 7 (2.11)
And the derivative of the state vector is:

~

Goo Goo
x=|d | =1 m,~" (Fw — Codfy — Nw> . (2.12)
¢ 0

11
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We used an end-effector wrench estimator developed in previous work [39] to estimate
the end-effector wrench I' based on joint torque sensor readings. Then a simple
moving average filter is applied to smooth results. The initial values are set to
Yo = [ 60 0 0 30 0.001 ]T, and they are updated online at 100 Hz. The result

of online estimation during experiment is shown in Section V.

2.5 Wheelchair Pushing Controller

In this part, we propose a pushing pose optimizer based on a quasi-static analysis of
the system. The key insight of our controller is to treat the arms as passive spring-like
elements and use the body leaning as the dominant factor in velocity control. We
also introduce a steering controller that helps find optimal reference positions for

end-effectors and minimizes the required leaning angle.

2.5.1 Pushing Pose Optimizer

For pushing control, we are interested in mapping from body leaning angle to the
force exerted on the wheelchair. When the ballbot leans, the arms of the robot will be
compressed and have force outputs as shown by Eq. (2.3). If the arm controllers share
the same stiffness and damping parameters K, and By, they will have comparable
compression, thus a similar force output. We validated this effect by measuring the
EE displacement during a 2-minute run as shown in Fig. 2.5. The simplification
still holds when the length of the arms are not the same. To snnphfy the control,
we assume that the two arms have equal output F " }b% — Fb. Since we set the
rotational stiffness to be 0, we also assume that there is zero output torque. Then

the torque equilibrium at the ball center can be expressed as:

- <rll)/ee + r?%ee) XFb + FCOM X mrobotg_ Trobot = 0. (213)

Here, r%__ and r%,__ are the position vector of the end-effectors w.r.t. {B} as shown in
Fig. 2.3, M, opor 18 the mass of the ballbot, and 7, is the net torque result from the
friction between the ballbot body and its inverse mouseball drive system (IMBD).

The EEs are commanded to maintain constant height at the handle, so we can

12
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0.03
= =014 [—LeftEE
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Figure 2.5: End-effector displacement during 2-minute wheelchair maneuvering
experiment on (a) x axis and (b) y axis w.r.t. {B}. The maximum displacement
mismatch between the two EEs are 0.011 m on the x axis and 0.052 m on the y axis.

assume that no z-axis force will be exerted. Then, for the x and y axes we have:

2F r, = Myoporgl sin g, QF;TZ = Myobotgl SN @y, (2.14)

Here, 7, is the height of the wheelchair handle, and F? and F; are the projection of
F* on the sagittal and frontal plane. Linearizing the equations at ¢, ¢, = 0, and we

can have a mapping between the output force and body leaning angle:

Fb _ m'robotgl¢m _ mrobotgl¢y '

F 2.15
o2r, v 2r, (2.15)
0.06 -

g S —
= | ' @y
% 0.04 | ¢x No steering
5 L_—‘ — ¢y No steering
£0.02}
o |
8 \

0 i IR i | | | N\, i i i

0 2 4 6 8 10 12 14 16 18 20

time (s)

Figure 2.6: Comparison of ballbot CoM leaning angle ¢, ¢, calculated by the pushing
pose optimizer with and without the steering controller. With the steering controller
activated, the required CoM leaning angle becomes smaller, indicating less aggressive
body movement.

13
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Figure 2.7: Wheelchair steering controller schematic. The end-effectors steer the
wheelchair around the rotational center of wheelchair, i.e., the midpoint of the two
rear fixed wheels, based on the steering angle .

Now we move on to the wheelchair system. From Eq. (2.7), we know that when

the wheelchair moves at constant velocity q,,, we will have:

Then, expressing the input matrix in the ballbot frame we have:

2 Proj, R¥F

G . 2.17
(r¥ + %) x Ry F® (2.17)

Finput -

Here, matrix R} is the rotation matrix that transforms a vector in the ballbot frame
to the wheelchair frame {W}.

Based on Eq. (2.17) , we assume that the output force of the end-effectors is
influenced by the leaning angle of the body, ¢, and ¢,. The system is expected to
reach the target velocity ¢, and satisfy the equilibrium equations Eq. (2.16). Put

14
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Figure 2.8: (a) Velocity tracking performance. The left figure shows results when
a human sits in the wheelchair and the right figure shows results with a empty
wheelchair. (b) Online mass estimation with human (79.4 kg in total) and empty
cart (11.8 kg).
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Figure 2.9: (a) The trajectory (left figure) and velocity (right figure) of both the
ballbot and the wheelchair when disturbed while pushing. (b) The trajectory (left
figure) and acceleration (right figure) of the wheelchair when pushed with the ballbot
and human.

these equations in matrix form and we have:

o . 2Myobotgl Proj, Ry
gw<Qw)Qw + Nw(‘]w) = ' b

-~

I

P, (2.18)

mrobotgl [,rzu + 7“]1%] X R%,U

A

. /

where ® = [¢,, ¢,,0]7. [d@]« is the cross-product matrix of @. For any @, be R3, we
have [@]xb =@ x b.

To calculate the optimal body leaning angle, this problem is formulated as an
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unconstrained quadratic program problem:
mfin(Acb - NH'Q(A® — f)+ ®"RP, (2.19)
where ), R are positive definite weight matrices. The closed-form solution is:
- (ATQA+R) 'ATQf. (2.20)

In practice, this is solved online at 100 Hz. At each time step, the controller will
update the optimal lean angles. The lean angles are then tracked by the low-level

balancing controller.

2.5.2 Steering Controller

We want to minimize the ballbot lateral leaning angle ¢, to avoid collision between
the arms and the body, while keeping the ability to exert torque on the wheelchair
for turning. To address this, we propose a wheelchair steering heuristic that plans
desirable EE positions for the pushing pose optimizer such that ¢, is minimized.
By positioning the ballbot’s body such that the center of {WW} is on the x axis
of {B}, the z-axis torque exerted on the wheelchair can be controlled with ¢, and
steering angle 8 as shown in Fig. 2.7. By steering the wheelchair’s direction, we
effectively change the z-axis torque exerted on the wheelchair such that the system

des des]

tracks the desired velocity [vx , W around the Instantaneous Center of Rotation

(ICR). The turning radius can be calculated as r;op = v9* /w9 and steering angle

[ can be calculated as:
Wiy

6 = Sin_l(zlq)g—%d)' (221)

—_—

The desired end-effector r}__ and r%__ positions can be calculated as:

—

b T _ B)T
e = [d,0" — R.(8)"1,/2, (2.22)

—

e = [d, 0T + R.(B)"1,/2,

where R, is the rotation around the z axis. From this, the angular velocity can be

controlled with steering angle and linear velocity. Due to arm workspace constraint,
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the steering angle is limited as § € [—35°, 35°].

2.6 Experiments

2.6.1 Velocity Tracking with Different Loads

To demonstrate the velocity tracking performance of the proposed planner, we tested
with an empty wheelchair (11.8 kg) and a human subject weighing 67.6 kg (79.4 kg
in total). The parameters mentioned in Section III are estimated online and updated
to the wheelchair model, and the velocity command is sent from a gamepad. The
results are shown in Fig. 2.8, where (a) shows linear and angular velocity tracking
with different loads, and (b) shows the online estimated mass. When maneuvering
an empty cart, the average system response time is 1.6 s for a 0.2 m/s step in linear
velocity, and 1.7 s for a 0.15 rad/s step in angular velocity. When maneuvering a
wheelchair with a person, the average system response time is 1.1 s for a 0.2 m/s
step in linear velocity, and 1.8 s for a 0.18 rad/s step in angular velocity. The online
estimation converges in 10.2 s with a 3.2 kg (4%) steady-state error when pushing the
wheelchair with a human, and converges in 13.4 s with a 1.1 kg (9.3%) when pushing
an empty wheelchair. The maximum velocity achieved in our experiments with a
load on a wheelchair (34.6 kg in total) is 0.45 m/s of linear velocity and 0.3 rad/s of
angular velocity. Due to the limited space in the room, we did not conduct further
tests on the system’s maximum speed. Furthermore, the system demonstrated the
ability to effectively turn the wheelchair in place, which is important to navigating in

narrow spaces such as hallways and elevators.

2.6.2 Motion Smoothness

In this experiment, we compared the wheelchair’s acceleration when maneuvered by
the ballbot against when manuvered by a human as a metric to evaluate motion
smoothness [36]. Initially, we remotely operated the ballbot to navigate through the
lab around an obstacle as shown in Fig. 2.1, followed by a human attempting to
replicate the same path. An Intel Realsense T265 sensor is mounted on the wheelchair

to record the trajectory and acceleration data as shown in Fig. 2.9 (b). We assessed
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the wheelchair’s motion smoothness using the acceleration norm as a metric, with
a lower acceleration norm suggesting gentler accelerations or decelerations, thereby
indicating smoother movements.

The data showed that the ballbot’s maneuvering resulted in 25.3% higher accel-
eration norm on the x axis, 21.7% on the y axis, and 19% on the z axis w.r.t. {B}
compared to human maneuvering. This result showed that our approach can generate
human-like motion smoothness of the wheelchair, which is essential for ensuring

passenger’s comfort.

4

(@) (b)

Figure 2.10: Navigation across lab with predefined obstacles. (a) Map with pre-
defined obstacles. The markers indicate the start position (left marker) and goal
position (right marker), and the yellow line shows the actual trajectory of the ballbot.
(b) Time-lapse picture of the experiment. Yellow arrow indicates ballbot’s velocity
direction.

2.6.3 Physical Compliance

Another important goal of the proposed controller is the ability to ensure safe pHRI
with overall compliance. To validate this, we manually disturbed the ballbot’s body
while it is tracking a linear velocity command of 0.1 m/s. The velocity and position
of both the ballbot and wheelchair are measured to analyze how the impact is
transmitted to the wheelchair. As suggested in Fig. 2.9 (a), the x-axis velocity of
the wheelchair closely mirrors that of the ballbot. On the y axis, the disturbance
is more evidently weakened due to overall compliance, resulting in a less aggressive
velocity change of the wheelchair compared to the ballbot. Furthermore, we tested
the overall compliance of the system by measuring the minimum force required to
move the wheelchair by pushing on ballbot. The measured required force is 22.7 N

on the x axis and 12.3 N on the y axis w.r.t. {B} for the system to move, showing
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that the overall compliance of the system can ensure safety for people that might

collide with the system, and can be manually stopped with small amount of force.

2.6.4 Navigating with the Wheelchair

A vital task for wheelchair maneuvering is to navigate it to the desired position while
avoiding obstacles. In this experiment, we integrated the proposed controller with
the ROS navigation framework [19]. The task is to navigate the wheelchair with a
34.6 kg load across the lab in a known map and avoid predefined obstacles as shown
in Fig. 2.10 (a). The planner replans at 20 Hz frequency online and sends real-time
velocity commands to the controller. Acceleration constraints were added to the
planner to generate feasible commands for the wheelchair-pushing system, avoiding
drastic movements. Fig. 2.10 (c¢) shows the time-lapse picture of this experiment. The
system successfully reached the given goal location without collision. This experiment
shows the controller’s ability to effectively track real-time velocity commands and

compatibility with the existing navigation pipeline.

2.7 Conclusion

We present a control framework that enables the CMU ballbot to maneuver a
wheelchair while maintaining balance. The core idea is to utilize whole-body motion
to maneuver while maintaining overall compliance. The proposed method is evaluated
in real hardware experiments, showing that the approach can perform desirable
maneuvers while ensuring smooth wheelchair motion and safe pHRI. In future work,
autonomous affordance detection will allow grasping point identification. It will
also be necessary to evaluate the ballbot pushing a wheelchair up and down ADA-
compliant ramps [46]. Furthermore, it is likely that the proposed framework can be
applied to similar non-holonomic cart systems such as wheelbarrows and shopping

carts.

19



2. Object Pushing : Wheelchair Manipulation with ballbot

20



Chapter 3

Self Pushing: Push wall to navigate
with Contact-Implicit MPC

3.1 Introduction

Humans and animals possess the incredible natural ability to leverage interactions
between all parts of their bodies and the environment to achieve highly agile and
dynamic locomotion behaviors. These interactions enable them to increase their
control authority and locomotion capabilities beyond what can be achieved with
legs alone. For example, parkour athletes use their hands to push off against walls
and navigate around obstacles. Inspired by these capabilities, solving complicated
locomotion tasks by leveraging diverse contact sources has been a long-standing

challenge in robotics research.

Existing literature on multi-contact motion planning and control largely considers
locomotion [11][7] and manipulation [20] as separate research problems. In recent
years, the rising interest in generalist robot agents has accelerated the design of robot
hardware platforms equipped with both wheeled bases or legs for locomotion and arms
for manipulation [41], [9],[14]. This new trend in robot morphology also introduces
interesting research questions on how one can take advantage of the addition of robot
arms during locomotion to augment the capabilities and robustness of the robot.

Despite these increasingly mature human-like robot form factors, systems capable
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Figure 3.1: Time-lapse picture of CMU shmoobot making a sharp turn by pushing
wall.

of solving challenging locomotion problems while leveraging upper-body capabilities

remain understudied.

Integrating upper limb contacts into a Model Predictive Control (MPC) framework,
however, is challenging. MPC often requires a predefined contact schedule for each
contact point. For legged locomotion, where contacts are typically periodic, a contact
schedule can be generated with heuristics [7, 14]. For upper limb contacts, determining
the timing and duration of contact for other parts of the body is difficult. Most of the
existing work rely on a hand-crafted contact schedule for upper limbs [26, 43]. Other
works use search-based methods to find possible contact strategies [15, 44]. However,
these methods are based on kinematics and quasi-static analysis and cannot capture
the dynamic effect of the robot.

In this chapter, we investigate using end effector contact on the CMU shmoobot
(a smaller CMU ballbot [27]) to enhance its balance, locomotion, and navigation

capabilities. Shmoobot uses a single ball drive to achieve dynamic balancing with a low
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number of actuators while remaining maneuverable in tight human spaces. However,
this unique morphology limits how quickly Shmoobot can change its momentum,
making it less robust when encountering unexpected obstacles while moving or
experiencing large disturbances. We explore how we can use the arms the robot
would typically use for manipulation to address these limitations during locomotion,
increasing shmoobot’s robustness and reactivity with no additional hardware.

We propose a bi-level Model-Predictive Control (MPC) framework that enables
our robot to discover and utilize upper limb contacts during locomotion. At the higher
level, we use contact-implicit optimization to identify potential contact schedules.
Then, at a lower level, we deploy a hybrid trajectory optimization with this fixed
contact schedule to generate smooth, feasible motion plans. Finally, we implement
this framework on the CMU shmoobot platform and demonstrate its capabilities
through several hardware experiments.

Our specific contributions are:

1. A bi-level MPC framework that can reason about acyclic contacts and leverage

upper limb contacts in locomotion.

2. Deployment and evaluation of the proposed framework on a novel bi-manual

service robot that balances on a ball.

3. Experiments demonstrating how upper limb contacts can effectively assist in

robot locomotion.

3.2 Related Works

3.2.1 Locomotion With Upper Limb Contacts

Like humans, human-like robots can use their upper limbs to assist with locomotion.
Research [48] explored how a humanoid robot can make contact with a wall to
prevent falling, while [26, 44] demonstrated how arm contact can help robots traverse
challenging terrains. More related research studied how robots can gain acceleration
by making contact with the environment. Reference [4] focuses on transferring human
wall-pushing skills directly to robots. In [5], the researcher developed a reflex-based

controller that can control the moving direction of a robot after contact with a
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wall. Our work focuses on an optimization-based framework that enables the CMU
shmoobot to autonomously leverage upper limb contact without pre-specification

during locomotion and navigation.

3.2.2 Contact-Implicit Optimization

Optimization-based algorithms can be a powerful tool when planning over contact
mode schedules and timings. In particular, contact-implicit optimization (CIO)[18, 34]
does not require predefined contact timings or locations, allowing the algorithm to
explore different contact patterns. One common method for solving CIO is to
formulate contact dynamics as complementarity problems[3]. Research [21] treats the
contact dynamics as constraints and solves them with the direct collocation method.
A higher-order collocation method [18, 45], solves the problem using HTO to refine the
solution for faster convergence. However, due to the non-smooth nature of the contact
dynamics, these methods are numerically unstable and take a long time (minutes to
hours) to converge [50], making them unpractical during deployment in online MPC
settings without specialized solvers [17]. Another approach of solving CIO is by using
compliant contact models. Works [24, 25|, use a continuous contact flag to control
the allowed contact force. Other works [28, 29], use a nonlinear spring-damper system
to model contact and solve the CIO problem with DDP-based methods. Compliant
contact models make fast, real time CIO possible. However, soft contact models
often introduce physical artifacts like force at a distance, which makes the planned

trajectory hard to track for the hardware.

3.3 Background

3.3.1 Platform Description

The CMU shmoobot (Fig. 3.2(a)) is a 1.2 m tall robot that balances on a ball wheel.
The robot has a pair of 3-DOF torque-controllable arms mounted onto its body. The
ball is actuated by a four-motor Inverse Mouse-Ball Drive mechanism (IMBD)[27]. A
pair of actuated opposing rollers drive the ball in each of the two orthogonal motion

directions, which allows omnidirectional motion on the floor. A slip ring assembly

24



3. Self Pushing: Push wall to navigate with Contact-Implicit MPC

and 5th actuator allows unlimited yaw rotation of the body. The model makes the
following assumptions: (i) there is no slip between the ball and the floor; and (ii) the

ball is always in contact with the floor.

3.3.2 Symbol and Notations

The body and world coordinate systems are defined in Fig. 3.2. Quantities in the
body frame have a left subscript B. Other quantities are in the world coordinate
system. Vectors are bold and lowercase (a, w), matrices are uppercase (A, €2), scalars
are lowercase and italicized (a, w).

The operator [v]. converts a vector v = [vy;v9;v3] € R? into a skew-symmetric

‘cross product matrix’:

0 —7Vs3 V2
V]« = U3 0 —v |, (3.1)
—vy 0

and we have v X x = [v].x.

3.3.3 MPC overview

Consider that we have an optimal control problem with I modes:

(3.2)

\forti<t<ti+1 andi€{0,1,~~ ,[—1}

Here, (3.2-1) is the initial state constraint; (3.2-2) is the system dynamics con-
straint; (3.2-3) and (3.2-4) are equality and inequality constraints respectively. In our
formulation, the active constraints vary as the contact mode of the system changes.
An MPC controller recurrently solves this optimal control problem and searches for

an optimal state input trajectory that minimizes the overall stage cost.
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(a) (b)

Figure 3.2: (a) CMU shmoobot. (b) Coordinate systems of Shmoobot.

3.4 System Modeling

3.4.1 Coordinate Definition

Since the ball is always in contact with the ground, we have a set of position constraints

PPl = gy, 0P = 0 and qbo!

= 0. The system dynamics is modeled with a set of
minimal coordinates with implicit dynamics constraints.

As shown in Fig. 3.2(b), the origin of the robot base frame is defined at the
center of the ball wheel. The general coordinate of the base is then defined as
qp = [p, pg‘l” 1,0, 0T, where pbll, pg"” are position, 1,0, ¢ are ZYX Euler angles

x x

of body orientation.

3.4.2 Simplified Robot Dynamics

We use single rigid body dynamics to model the shmoobot system. Most of the arm’s
mass is concentrated in its shoulder, while the linkages are comparatively lighter. We

neglect the mass of the arm linkages and only consider the dynamic effect of the
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robot body.
Since the base frame is not defined at the center of mass, we need to consider the
dynamics coupling between angular and linear terms. From Newton-Euler equations

we have: ,
Z f' = mV + mreom|xw — mw|«[w]xrcons,

Z Ti + Z[r}]xfz = ir — [rcom]xma + [W]xlmertiawv

where m is the body mass, [0 1S the inertia matrix, v is the linear velocity,

(3.3)

w is the angular velocity, and 1, is the angular momentum. f! and 7! are applied
external force and torque respectively. reons is the position vector from the origin of
the base frame to the center of mass (CoM). Similarly, rjc is the position vector from
the origin to the point where external force f* is applied.

In our case, we assume that the system has small angular velocity and angular
acceleration. Also, since the ball always remains on the ground, we haver, = 0,v, =0
and a, = 0. Then the linear acceleration can be expressed as a = w

Then we have:

mv =Y £, £,0]", (3.4)

L= "7 D L DY £ 0" (3.5)

In our case, we only consider the contact force on the end effectors and the ball.

Then, the base dynamics of the system can be written as:

2

. ; ; T
m¥ = [f1xpp.a fnpp,y, 0 + > [, £,,0] (3.6)
i=1
2
lr = ZI‘E’C X fcZ —+ 'y coM X mg -+ Tyaw + 'y coM X MV. (37)
i=1

Here, f7)/pp is the contact force on the ball. f! is the contact force on the i-th
end effector. 7,4, is the input torque along the yaw axis. r; ., is the position of the
i-th end effector w.r.t. the center of the ball; rj ¢opr is the position vector from ball

center to the center of mass.
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3.5 Contact Modeling

In this section, we present the contact models used by the controllers. The Contact-
Implicit MPC uses a contact-invariant soft-contact model, while the Hybrid MPC

uses a linear constraints-based set of contact modes.

3.5.1 Contact Frame Definition

As shown in Fig. 3.3(a), the orientation of the contact frame is determined by the
contact surface. The surface normal €. at a given point p can be acquired by

computing the gradient of the Signed Distance Function (SDF) of the surface:
€normal = VD(P). (3.8)

In this work, we only consider vertical surfaces, so vector e, = [0,0, 1] is always
tangent to the surface. Then, we can obtain the other tangent vector by taking the
cross product:

€tangent = €normal X €. (39)

eZ
{C}

€normal €tan

W}

(a) (b)

Figure 3.3: (a) Definition of contact frame. (b) Schematic of contact.
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Figure 3.4: Control framework diagram. A reference trajectory is first generated by a
path planner or sent by the user. A bi-level MPC will calculate an optimal trajectory
that tracks the reference. The environment SDF used by the controller needs to be
recomputed. The upper level of the controller (the blue block) is a contact-implicit
MPC which generates a draft of the motion plan with soft contact models. The lower
level of the controller (the yellow block) is a hybrid MPC. It will extract a contact
schedule from the motion plan, and refine the trajectory with hard contact models.
The low level balancing controller and arm controller will then track the motion plan
provided by the hybrid MPC.

3.5.2 Soft Contact Model

In contact-implicit MPC, we used a contact-invariant soft contact model. The normal

part of the contact force is expressed as a nonlinear function of end-effector position:

)\normal = f(D(pee))' (310)

Here, p.. is the position of the end effector, D(p) is the signed distance function of
the surface. f(d) is a nonlinear scalar-valued function that increases rapidly when d
is smaller than 0, and sticks to 0 when d is larger than 0. There are many choices of

the activation function f(d), here we pick
f(d) = 0.5fmaz - tanh(—a - (d+ 5)) + 0.5 finaz, (3.11)

where v and (8 controls the stiffness of the contact and f,,4. is the maximum allowed
normal force. This model implicitly contains the information of contact force limit

and is twice differentiable.

The end effector should always be outside the surface, so we have:
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D(pe.) > 0. (3.12)

Finally, the end effector shouldn’t slip on the wall when the contact force is

nonzero. This gives a linear complementary constraint:

AcePee = 0. (3.13)

N

*M (= fuee® fimp £
i
MMM

7

A
Y

.

Time (s)

Figure 3.5: (a) Key frames for the disturbance rejection experiment. The end effectors
are highlighted with blue and red circles. A red circle indicates that the end effector is
in contact. At T = 0.5 s, a human operator pushed the robot to the wall. The robot
actively used its arm to recover from the disturbance. (b) Force output trajectory,
acceleration trajectory and mode sequence of the robot.

3.5.3 Hybrid Contact Model

For hybrid MPC, we use a hybrid contact model. We denote the set of closed contacts

by C. Then, if an end effector is in contact, we have the following constraints:

30
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P =0

D(p..) =0

)\inormal ' efwrmal >0 if Ci € C (314)
— A <\

normal — “‘tan

< pA!

normal

\_lu)\fwrmal < )\Zz < IU’)\Z

normal
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If the end effector is not in contact, we have the following constraints:

AL.=0

, if ¢; € C. (3.15)
D(pe.) = 0

The set of contacts, C, is be obtained from the optimized trajectory of the

contact-implicit controller. This will be further discussed in Section. 3.6.

3.6 System Design

In this section, we present our locomotion controller framework. The overall system

structure is presented in Fig. 3.4.

3.6.1 Hybrid MPC

System Dynamics

The system states x € R® and inputs u € R are defined as:

X = [hququf}T7u = [fITMBD7ch>V]T}T' (316)

Here, qp is the generalized coordinate of the base. q; are the joint positions.
h, = [mv”, lﬂT € R5 is the collection of linear and angular momentum.

For input u, f;y5p = [£;, £, 7] is the contact force on the ball. Due to the unique
property of the IMBD mechanism, there is almost no relative spinning along the z

axis of the ball, and we can approximately have 7, = T4 £. = [f},f?] € R® is the

c) e
T

contact force on the two end effectors. v; are the joint velocities.

Then, from equations (3.7) we have:

mv Z?:l [fé,r7 fé,y}T + 1802y frarep.y) "
d L _ Zle[ré,c]xfé + [Tb,con]xm(g + V) + Tyaw (3.17)
dt | aqp AN qp)hy ' '

q; \Z
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Here, Ay is the centroidal momentum matrix which maps generalized velocities to

centroidal momentum. Readers can refer to [32] for more details.

Constraints

The contact constraints (3.14), (3.15) are described in section 3.5.3. An input limit

constraint is also added.

Cost

The cost is a quadratic tracking cost to follow a given full state trajectory, including

base pose, momentum, and nominal joint positions.

3.6.2 Contact-Implicit MPC

System Dynamics

The system states X € R1® and inputs 1 € R'® are defined as:

%= [bl,al,q"]" a=[f,v7,aT]".

Here, o = | ), Oyngent» @] € R* are the auxiliary input variables that control

atlangenm Z
the tangential parts of the contact force. The other parts of the state and input are
consistent with the definitions in the hybrid MPC.

From equation (3.10) we have:

:’wrmal = f(D(FKl(qlh QJ))) (318)

Here, F'K;(qp,q;) is the forward kinematics function that calculates the position

i

s ormal 18 the normal part of contact force

of the i-th end effector in world frame. A
on the end effector. The tangential parts of the contact force are controlled by the

auxiliary variable a. We have:

/\ian = aian ' jwrmal’ (319>
)\2 = Oli ’ )\iwrmal' (320)
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Then, the contact force f! can be expressed as:
fc - )\normalenormal + )\tangentetangent + )\zez' (321)

Substitute (3.21) into (3.17), and we can have the system dynamics.

Constraints

The end effector constraints (3.12), (3.13) are described in section 3.5.2. Additionally,
we have a friction cone constraint —pu < o < p. All these constraints are handled

with penalty methods and treated as parts of the cost function.

Cost

Like 3.6.1, the system cost is a quadratic tracking cost to follow a full state trajectory.

3.6.3 Contact Schedule Generation

The contact schedule used by the Hybrid MPC is generated by thresholding the
outputs from contact-implicit MPC. With Eqn. 3.10, we can obtain the normal force
trajectories \! (t). The algorithm goes through the force trajectories and adds

normal

the end effector with \: (t) > Mihreshola to the active contact set C(t). Here, we

normal

use Appreshold = D N. Contacts last shorter than 0.5 second will be neglected.

3.6.4 Body control

The Body Controller consists of two parts: a balancing controller and a yaw controller.
The balancing controller is a PID controller cascaded with a PD controller that tracks
the desired body leaning angle and velocity. The yaw controller is a PID controller

that tracks the yaw orientation in world frame.
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3.6.5 Arm control

The arm controller tracks the end effector position and output force at the same time.

The reference end effector position is given by:
BPee = BFK;(G;)- (3.22)

BDL, is the reference end effector position in body frame, and @; is the reference joint
position. We use a task space impedance controller to track the end effector position.

The control law is:
Bimp = Kp(5Dbe — BPL.) + Ka(0 — 5DL,), (3.23)

where K,,, K, are positive definite gain matrices.

Then, the control law used to compute joint torques for the ¢-th arm is:
=37 [t + Bf.] (3.24)

where J is the Jacobian matrix of i-th end effector, and K,,, K, are positive definite

gain matrices.

3.7 Experiments

3.7.1 Controller Implementation

The nonlinear optimal control problem is implemented in C+4 and solved by the
SLQ solver provided by the ETH OCS2 [8] toolbox. The software uses the Eigen3
linear algebra library [12]. All the dynamics and constraints are implemented with
CppAD and can be auto differentiated.

The controller is deployed on a robot onboard computer with Intel Core i7-1165G7
CPU. The state estimation of the base pose is provided by a T265 tracking camera.
Both MPCs have a 1 s planning horizon. The hybrid MPC requires 1.98 ms solve time
on average, while the contact-implicit MPC requires 10.99 ms on average. However,

to save computation power for other components (navigation, obstacle detection) and
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ensure software stability, the contact-implicit MPC is restricted to updates at 15 Hz,
and the low-level hybrid MPC updates at 200 Hz.

3.7.2 Contact Model

Ie
0.8 {I Proposed Method]

7 I CI MPC Onl

Pee y

(m/s) ]

[—u

I —

D(pee)
(cm)
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Figure 3.6: The planned end effector velocity (top), position (middle), and force
(bottom) trajectories from the proposed bi-level MPC (orange) and CI MPC (blue).

In this experiment, we compared the end-effector and force output trajectories
generated by a single-level (using only CI-MPC) and bi-level (using Hybrid MPC for
trajectory correction) MPC. The time between 0.35 s and 1.7 s was identified as a
valid contact period. The Hybrid MPC further refined the trajectory based on this
constraint. As shown in Fig. 3.6, the top plot is the end-effector velocity. During
contact, the Hybrid MPC keeps the end-effector velocity close to zero, while the raw
output from CI-MPC exhibits noticeable relative sliding. The middle plot displays
the distance between the end-effector and the wall. The raw output from CI-MPC
has a wall penetration of up to 5 cm, whereas the corrected end-effector trajectory

stays precisely on the wall. The bottom plot shows the force output trajectory during
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this period. Comparing it with the position trajectory reveals that CI-MPC begins
outputting force even before the end-effector makes contact with the wall.

It is important to note that the infeasible trajectories produced by the soft CI-
MPC can be reduced by tuning contact model parameters. However, to guarantee
feasible motion plans online, we find it necessary to apply the hybrid MPC in our

framework.

3.7.3 Disturbance Rejection

We first test the robot’s ability to reject external disturbances by pushing against the
wall. The robot was placed 0.5 meters away from the wall and commanded to stay in
place. During the test, an operator pushes the robot toward the wall. The time-lapse
sequence of the experiment is shown in Fig. 3.5(a).

As can be seen, when the robot approached the wall, it stretched its arm and
used its end effector to push itself back to its original position. Fig. 3.5(b) shows
the forces, acceleration, and planned contact sequence from three consecutive trials.
The first plot shows the expected force output of the robot’s right arm during the
experiment. It can be observed that the output quickly reached approximately 20 N
when contact occurred. The dominant part of the force came from the output of the
hybrid MPC. The task-space impedance controller only has a limited contribution.
The second plot shows the magnitude of the robot’s acceleration during the process.
The peak acceleration marked with red arrows was caused by the disturbance applied
by the operator. While the higher peaks resulted from the robot pushing against the

wall. After contact ended, the robot’s acceleration rapidly decreased.

3.7.4 Obstacle Avoidance

In this experiment, we demonstrated the robot’s capability to quickly avoid obstacles
by pushing against a wall. We use an external path planner to provide a reference
trajectory to the MPC controller. When an obstacle is detected, the planner will
quickly generate a collision-free trajectory. The robot uses a Realsense D435i depth
camera to detect obstacles. As shown in Fig. 3.7, the robot was commanded to move
to a point 3 m ahead. An operator quickly pushed a box to block the robot on its

way. Upon detecting the obstacle, our robot successfully pushed against the wall
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\

Figure 3.7: Key frames for the obstacle avoidance experiment. The red highlighted
point is the goal location. At T = 2 s, an obstacle occurred right in front of the robot.
The robot pushed the wall to avoid it.

and avoided the obstacle. Note that the acceleration required to avoid the sudden
obstacle, in this case, is challenging and dangerous with the IMBD drive wheel alone,

making the upper-limb contact force necessary to successfully avoid the obstacle.

3.8 Conclusion

In this chapter, we proposed a bi-level MPC framework on the CMU shmoobot
platform that can utilize non-periodic contacts without predefined contact sequences
in locomotion tasks. The proposed framework can provide an optimal trajectory
that satisfies hard contact constraints at real-time rates. We validated our approach
on a CMU shmoobot, a dual-arm mobile base robot that balances on a ball. The

robot shows the ability to utilize contacts to quickly accelerate, decelerate, and avoid
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dynamic obstacles. The proposed framework can also be deployed on other robotic
systems with manipulators. In this chapter, we focused solely on contact between
two end effectors and vertical walls. Future work could integrate advanced collision
detection libraries to account for whole-body contact. Additionally, expanding the
framework to include surfaces with varying orientations and incorporating legged lo-
comotion could further enhance the approach. Moreover, the algorithm’s performance

on long-horizon tasks needs to be investigated.
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Chapter 4

Conclusions

This thesis investigated whole-body control strategies for dynamically stable mobile
robots. We focus on the tight coupling between locomotion and manipulation. Unlike
statically stable or fixed-base platforms, dynamically balancing robots, such as ballbot,
cannot treat their manipulators and bases as separate subsystems. Even modest
manipulator forces can induce large reaction torques at the base. If not compensated
properly, it can even quickly tip the robot over. In manipulation tasks, end-effector
forces can destabilize the robot and must be carefully coordinated. In contrast, during
locomotion, those end-effector forces can be intentionally applied to interact with the
environment and enhance mobility.

The thesis presents two novel whole-body control frameworks. The first is a whole-
body controller for wheelchair maneuvering, which enables a ballbot to maintain
balance while pushing a human-occupied wheelchair. The second is a bi-level contact
implicit MPC controller that can allow shmoobot to utilize manipulator contacts in
locomotion tasks.

Future work can explore more deeply integrated controllers where manipulation
and locomotion are not just coordinated but mutually reinforced. For example,
in microgravity, an astronaut may propel themself by throwing a heavy tool. In
this case, the force used to throw the object also pushes his body in the opposite
direction. The momentum generated by the manipulation can be reused to help
locomotion. Similarly, robots could learn to plan actions that simultaneously achieve

both manipulation and locomotion goals.
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4. Conclusions

Realizing such behaviors will require predictive dynamics models that capture
the fully coupled robot—object dynamics, like inertia transfer, complex contacts, and
different surface features. This also requires optimizing over longer horizon than
today’s MPC can tractably handle.
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