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Abstract

Humanoid robots represent the state of the art in complex robot systems. High perfor-
mance controllers that can handle unknown perturbations will be required if complex robots
are to one day interact safely with people in everyday environments. Analyzing and predict-
ing full-body behaviors is difficult in humanoid robots because of the high number of degrees
of freedom and unstable nature of the dynamics. This thesis demonstrates the use of simple
models to approximate the dynamics and simplify the design of reactive balance controllers.
These simple models define distinct balance recovery strategies and improve state estima-
tion. Push Recovery Model Predictive Control (PR-MPC), an optimization-based reactive
balance controller that considers future actions and constraints using a simple COM model,
is presented. This controller outputs feasible controls which are realized by Dynamic Balance
Force Control (DBFC), a force controller that produces full-body joint torques. Push recov-
ery, walking, and other force-based tasks are presented both in simulation and in experiments

on the Sarcos Primus hydraulic humanoid robot.
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Chapter 1

Introduction

In this thesis, simple models of biped dynamics are used to model force-based balance and
directly applied to the control, planning and estimation of complex force-controlled humanoid

robots performing push recovery and other tasks.

1.1 Summary

This thesis is concerned with the problem of controlling push recovery for humanoid
robots with full-body force-control and is focused on overcoming two fundamental dif-
ficulties associated with these systems. First, the small base of support limits the forces and
torques that can be generated to recover balance. For large pushes, a change of support can
be achieved by stepping but cannot be performed instantaneously. Therefore, the controller
should reason about future actions and the effects of constraints on the available
contact forces. Second, the low impedance of the force-controlled joints allows the robot to
achieve greater compliance during interaction with other objects and the environment, but

results in less stable balance. The controller should also continuously estimate the state



Figure 1.1: The three basic balancing strategies: Ankle strategy, hip strategy and
stepping. The reaction force acts at the COP and applies a force and torque on the

COM.

of the system and correct its balance.

1.2 Problem Definitions

Humanoid robots are robot systems that resemble humans. They are more anthropomor-
phic than typical robots such as industrial robotic arms. Often, but not always, humanoid
robots locomote on two legs. Likewise, other features may include arms, hands, a head,
and eyes. This thesis mainly addresses problems related to the coordination of the legs for
balance and locomtion.

Push Recovery refers to maintaining balance when subjected to a large disturbance.
In this thesis, we are mostly concerned with large, short duration impulses. Such pushes

can quickly destabilize the system but do not alter the dynamics of the system. Recovery



is achieved through selection and execution of an appropriate strategy, as shown in Figure
1.1. Push recovery is an interesting topic because it explores the performance limits of the
system. By achieving stable push recovery for large pushes, it is also likely that the stability
of the system during normal, unperturbed operation will be improved.

Control refers to the process of executing actions based on the state of the system. The
state can be made up of configuration variables that describe the physical condition of the
robot or by superficial variables generated by a clock or other user-defined process. Actions
include, but are not limited to, forces and torques that induce or resist motion. Control of
humanoid robots is difficult because it involves the coordination of a large number of state

variables and actions.

1.3 Types of Humanoid Balance Control

There have been many approaches to the problem of humanoid balance control. Two of
the most common approaches to humanoid robot design, each resulting in a unique style of
control, can generally be described as position-controlled robots and force-controlled robots,
as shown in Figure 1.2. Advantages and disadvantages of these two approaches are described
below.

Position-controlled robots are generally constructed using electric motors with high
gear ratios. This allows for smaller, cheaper motors to operate efficiently while providing
enough torque. The high reflected inertia and friction created by the gearbox creates a high
impedance. High impedance can be useful for rejecting small disturbances. Controllers for
these systems, such as the one depicted in Figure 1.3, generally exploit this feature by creating

walking patterns that can be tracked very accurately. This effectively simplifies walking
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Figure 1.2: Position control and force control are two common approaches to hu-

manoid robot design and control.
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Figure 1.3: Position control.

control to footstep planning, for example. The high impedance also results in poor force
control, which is useful for handling larger disturbances. To improve stability, compliance
control is added to the feet using force-torque sensors. Because of the high joint impedance,
low control bandwidth, and non-colocated sensors, the performance of this type of force
control is limited.

Force-controlled robots are usually constructed with more direct-drive actuation to
achieve a much lower impedance throughout the body and generally employ a reactive bal-
ance controller, as depicted in Figure 1.4. Full-body force control has several major advan-

tages. It allows the controller to exploit the passive, or natural, dynamics of the system for
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Figure 1.4: Force control is characterized by robots with force feedback throughout

the body and a reactive closed-loop balance controller.

greater efficiency. The ability to distribute forces throughout the body can help reduce inter-
nal forces in closed kinematic loops. Most importantly, it allows for compliance to geometric
and force disturbances allowing the system to handle unknown ground geometry or interact
with dynamic objects such as a person. The disadvantage of force control, however, is that
the controller must add the appropriate impedance as well as compensate for any dynamic
coupling forces to successfully perform a task. Designing such a controller can be difficult
given the complex dynamics of the robot.

One of the objectives of this thesis is to combine the advantages of these two approaches.
Through extensive use of simplified models for planning, control, and estimation, some of
the complexity of the robot dynamics can be masked. Likewise, reactive balance control can

be achieved while maintaining compliance and performing useful tasks.

1.4 Motivation

There are few mechanical systems more complex than humanoid robots. The high number
of degrees of freedom requires not only ingenious mechanical design, but control algorithms

that scale. This thesis aims to advance the state of the art in force-based control



for complex systems by developing such algorithms. For a humanoid robot to operate in
a complex, unknown environment and with people, the most important feature of the con-
troller is that it be able to maintain its balance even when affected by unknown disturbances.
Another motivation for this work is to enable humanoid robots to perform general
tasks. Humanoid robots will be operating in a complex outdoor or cluttered indoor envi-
ronments, requiring a high degree of reconfigurability and adaptability to react to rapidly
changing contact states, obstacles and uncertainty.

This thesis also focuses on theory and methods of control that simplify the design of
humanoid robot behaviors. More thorough analysis and controls can be developed for
simplified models of the system and then mapped to the full system.

Finally, much of the work in this thesis was performed as part of the Quality of Life
Technology Engineering Research Center, a National Science Foundation project aimed at
transforming the lives of the older adults and people with disabilities through the develop-
ment of innovative assistive and rehabilitative technology. The research in this thesis fell
under the Mobility and Manipulation Research Thrust, which focused on developing con-
trollers for safe interaction and cooperation with humans. In this regard, controllers
in this thesis were designed to be compliant to unknown forces but able to recover without

falling over.

1.5 Thesis Contributions

This thesis builds on the work of many previous researchers in the robotics field. As stated
above, the goal of this work is to take dynamic behavior in humanoid robots to the next

level. Below are specific contributions that will be described in this thesis:



Push recovery strategy stability regions determined analytically using simple
models (See Section 3.3 and [112]): Using simple models of the robot dynamics, the stability
of certain push recovery strategies can be described analytically. These analytic relationships
can be used to determine which strategies to use based on the current state of the robot.

Push Recovery Model Predictive Control (See Section 4.3 and [116]): Model predic-
tive control can be performed using simple models, a special objective function, and carefully
chosen constraints to compute desired forces and footstep locations that account for future
actions and constraints. This controller is run continuously online to reactively maintain
balance, recover from pushes, and perform dynamic walking.

Dynamic Balance Force Control (See Section 5.4 and [115]): Full-body joint torques
can be computed using simple models of the allowable contact and task forces and used to
perform a variety of force-based tasks.

State estimation with modeling error (See Chapter 6 and [114]): Constructing
Kalman filters by augmenting simple models with different types of modeling error results
in improved COM state estimation, which is important for control.

Implementations on a hydraulic humanoid robot: The hydraulic humanoid robot
is operated in force-control mode by first determining desired joint torques based on a rigid-
body dynamics model and then converting to a hydraulic valve command using an inde-
pendent joint-level force-feedback controller (See Section 7.4). Implementations presented
in this thesis include standing balance, lifting heavy objects, push recovery using ankle and

hip strategies and stepping, dynamic walking, and dancing using human motion capture.



Figure 1.5: The Sarcos Primus humanoid robot is a hydraulically actuated experi-

mental platform for control located at Carnegie Mellon University.

1.6 Hardware Platform

The Sarcos Primus humanoid robot, shown in Figure 1.5, is the main experimental platform
for the research in this thesis. It was designed for the purpose of studying how the brain works
when interacting with the real world [14]. The robot uses hydraulic actuators to control 33
degrees of freedom. It has potentiometers and load sensors at every joint to measure joint
angle and force in the piston or linkage. A fast local force feedback control loop implements
force control at each joint. For most of the balancing and walking experiments in this thesis,
only the lower body degrees of freedom are controlled using force control while the rest are
fixed using stiff PD position gains. More details on the robot and its controls are described
throughout this thesis.

As stated in the previous section, one of the goals of this thesis is to improve the state



of the art in control of humanoid robots. To this end, all of the material presented in this
thesis is implemented on real hardware. Simulation is often used as a starting point
using an idealized model of the robot and the environment. Simulation alone is a complex
problem, but often insufficiently approximates the real-world system, which is affected by
other complex phenomena such as sensor noise, unmodeled dynamics, latency, calibrations,
and perhaps other unknown sources. Therefore, one of the contributions of this thesis is
what amounts to a collection of practical techniques for controlling force-controlled humanoid

robots.

1.7 Outline

This thesis is outlined as follows. Following this introduction, a review of related work will
be presented in Chapter 2. Next, Chapter 3 will include an overview of simplified models
of biped balance. These models will be analyzed to predict bounds on stability that can
be used to decide between different balance strategies, such as whether or not to take a
step. In Chapter 4, it will be shown how model predictive control can use the simple model
dynamics to control push recovery. The concept of Push Recovery Model Predictive Control
(PR-MPC) will be presented, along with several extensions. In Chapter 5, algorithms for
mapping controls for the simplified models to a humanoid robot will be shown. Dynamic
Balance Force Control (DBFC) is used for a wide variety of tasks involving force control
and balance. In Chapter 6, the problem of state estimation in force-controlled robot balance
is considered using simplified models. Different types of modeling error are modeled and
utilized for improved estimation. Finally, details related to real-world implementation of

control on the Sarcos Primus hydraulic humanoid robot are presented in Chapter 7.



Chapter 2

Background

The problem of push recovery for a humanoid, be it a person or robot, requires a compre-
hensive understanding of kinematics, dynamics, and controls. In this chapter, an overview of
related work on push recovery modeling and control in both robots and humans is presented.

The Summary section points out specific works that play a major role in this thesis.

2.1 Models for Balance

Fundamental to push recovery are the various strategies used to recover. Hofmann [47]
summarized three of these basic strategies, arguing that the key to balancing is controlling
the horizontal motion of the COM. For small disturbances, simply shifting the center of
pressure (COP) changes the tangential ground reaction force (GRF), which directly affects
the motion of the COM. Because the location of the COP is limited to be under the feet,
a second strategy is to create a moment about the COM, creating a momentarily larger
tangential GRF. This leads to a new point, an effective COP, called the centroidal moment

pivot (CMP). The third strategy used for large disturbances takes a step in order to increase
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or move the feasible area for the COP (and the CMP).

Like Hofmann, many researchers have used simplified models to represent the complex
dynamics of a humanoid. Some researchers focus on simple models that correspond to a
lumped mass model at the center of mass [56][55][101]. The most notable of these models is
the Linear Inverted Pendulum Model (LIPM), which is a linear model due to the assumption
that the height of the COM is constant and there is zero angular momentum. Sometimes
these lumped mass models are modified to include a rotational inertia term that models
angular momentum, which can add significant capability to the system [38][62][97][112][71].
Instead of considering the control limits, Sugihara determined stability bounds given a fixed
balance controller [120].

Inverted pendulums, particularly double inverted pendulums, have long been used as a
model for balance [43]. These models are rigidly attached to the ground and every joint is
actuated, making the dynamics simple. One exception is the Acrobot [111], which balances
using an unactuated base (or ankle) joint. Many control techniques have been used for con-
trolling inverted pendulum balance including linear feedback [35], integral control [63][113]
and optimization [8]. Inverted pendulum models have also been used to optimize falling mo-
tions to minimize impact [27]. Simple models such as the Spring-Loaded Inverted Pendulum
(SLIP) model have been used to model dynamic walking and running in humans[28][31].

Simple models are often used to study balance strategies [112]. Many researchers have
used these model to define full-body balance strategies and stability measures using reduced
coordinates such as the zero-moment point (ZMP) [128] and other ground reference points
[37][95]. Pratt, et al. [97] used the LIPM to suggest the “capture point,” a point about which
the system is theoretically open-loop stable. This idea had been previously considered by

Townsend [126]. That is, by placing a foot at this location a idealized system will come to
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rest without any feedback control. They also formulated the “capture region,” a collection of
capture points where, by simple feedback, the system should be able to recover in one step.
Sometimes the capture region is outside the range of motion and the robot takes more than
one step in order to recover. This point is more useful than the instantaneous COP/ZMP
as it relates to the evolution of the dynamics over time. This idea was extended by Wight,

et al. [133] using inverted pendulum dynamics to predict the location of the capture point

using the “Foot Placement Estimator.”

2.2 Controlling Balance

Balance involves the manipulation of contact forces to produce a desired motion. Raibert
suggested the use of a virtual leg which corresponded to the total reaction force and its
points of contact [104]. This idea was developed on one-legged hoppers and extended to
bipedal and quadrupedal robots [103]. The virtual linkage [135] is another simple model
that represents multiple contacts, which has recently been used to control multiple contacts
on humanoid robots [109]. The center of pressure in a 3D multi-contact context has also been
considered [40]. Virtual model control [102] has been used for controlling bipedal walking
[100]. Multi-contact force control has also been applied to multiple-leg walking systems to
minimize horizontal forces [130] and obey friction constraints [61]. Force control of legged
locomotion is closely related to force control in grasping [67].

Full-body inverse kinematics is often used either to directly control balance to comple-
ment a dynamic balance controller [121]. A floating-body model is useful for providing
general solutions [83]. New algorithms have been developed to handle prioritization and

hard constraints such as joint limits [60].
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Force control of full-body humanoid balance has been considered more recently. Again,
floating body inverse dynamics [82] is often used for generality. The inverse dynamics prob-
lem generally has many solutions, so a number of approaches have been applied. Passivity-
based gravity compensation [50] is one of the simplest which assumes a quasi-static system
and a minimum norm distribution of forces under the feet. Reformulation of the robot dy-
namics into a multi-objective optimization allows for solutions that obey constraints related
to ground contact and joint limits [65][2]. Prioritized control [108] is often used to write
controllers in operational or feature space, and can also be solved using a multi-objective
optimization [20].

Controlling push recovery by stepping has been achieved using various techniques. Re-
inforcement learning has been used to learn corrections to the capture points calculated
from simple models [105]. Other researchers have used human motion capture to determine
models for balance and stepping [66]. Planning that considers the future has shown that
sometimes the robot’s task, reaching for a heavy object for example, may require a step to
avoid falling [142]. Reflexes to deal with slipping and tripping have also been considered for
hopping robots [12]. In addition, in extreme circumstances, taking a step can be used to
redirect a fall from colliding with an obstacle or to help decrease the impact [143]. Similarly,

foot placement can be corrected based on known safe footstep locations [16].

2.3 Locomotion

Biped locomotion has also been studied for many years [129][42]. Simple models have been
widely used for control and estimation of humanoid robot locomotion. The Linear Inverted

Pendulum Model (LIPM) [56] has been used in combination with a model-predictive con-
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troller called “preview control” [53]. It has been shown that the preview control problem can
be solved efficiently with quadratic programming [132] and even modified to include footstep
placement [21]. Footstep planning for navigation [15] can be achieved by ignoring much of
the robot dynamics and balance control, considering only a fixed set of foot placements at
each step and searching over a fixed horizon. This work was extended to navigation among
moveable objects [117].

Position control of humanoid robot walking [122][141][87] has been widely used and has
been successfully applied to many robots [45][51][59][4]. The mechanical design of these
robots is influenced by the desire to perform stiff and accurate trajectory control, often re-
quiring harmonic drives with large gear ratios on electric motors. There have been extensions
which include dynamic effects such as angular momentum [64][54].

Dynamic locomotion, using torque-based control, has also been widely studied using
methods such as virtual model control [98], impedance control [92], and dynamics filtering
[138]. For an overview of the dynamic locomotion problem, see [49]. In addition, the anima-
tion community has used momentum-based techniques [3] to optimize motions for balance
and locomotion based on motion capture data [140].

In contrast, passive dynamics is an approach to analyzing locomotion that focuses on
very little actuation [80][17]. For these simple systems, stability analysis is often expressed
using a measure of gait sensitivity [46]. More recently, there have been efforts to embed

passive dynamic systems into a nonlinear full-body controller [78].
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2.4 Biomechanics

Biomechanics researchers have similarly used inverted pendulum models to explain balance
[136]. The “hip strategy” and “ankle strategy,” described by Horak and Nashner [48], have
long been dominant descriptions of balance control in humans. Makai et al. studied the
interaction of these “fixed-base” strategies with “change-of-support” strategies in human test
subjects [77]. They argue that these strategies occur in parallel, rather than sequentially,
and that humans will take a step before they reach the stability boundary for standing in
place. An explanation for their findings is they only consider the position of the COM as
the defining measure of stability. It was soon observed that the use of COM velocity in
addition to position is a better measure of stability [90][81]. Pai, et al. used their simple
dynamic model to predict the need for stepping in human experiments [89]. Optimal control,
specifically LQR control, has also been used to explain human balance [41][68].

Human locomotion is often studied using simple models. Many studies are based on
the concept of passive dynamic walking [80][17][137]. The simplest walking model [29] was
used to study the energetics and preferred relationship between speed and step length [70].
Others have developed predictions of footstep location during walking using a simple model
of the position and velocity of the pelvis [126][106]. Similarly, control of lateral balance has
also been studied [69] and verified in human experiments [9]. Angular momentum has been

shown to be highly regulated during human locomotion [94].

15



2.5 Animation

Animation shares a lot in common with robotics. Both fields attempt to reproduce natural
and functional motions. In recent years, producing physically realistic animations has caused
computer graphics researchers to consider not just kinematic correctness but also consider
the role of contact forces, momentum and joint torques in simulation. Modern simulators
are often implemented by solving an optimization at each timestep to compute physically
realistic and meaningful controls and motions [2]. These systems often take advantage of
simplified representations of momentum to efficiently generate realistic motions [25][3].

In animation, it is often desirable to take several example motions and extrapolate to
new motions. Often these examples are taken from human motion capture [140][110][19][127].
Safanova [107] use databases of human motion capture combined with PCA decomposition to
plan and optimize motions in low dimensional spaces. Grochow, et al. [39] generated “Style-
Based Inverse Kinematics” based on a model of human poses learned from a motion capture
database. Another technique involves interpolation of segmented trajectories [134]. Also
important is the topic of re-targetting [32], or applying motions designed for one character

to another with different kinematic or dynamic properties.

2.6 Force Control

Force control is desirable for balancing robots for several reasons. Pratt, et al. [99] suggested
three major benefits of full-body force control. First, the low impedance allows the controller
to exploit the natural dynamics of the system, such as a passive swing leg. By doing so, it

may be possible to significantly reduce the control effort and simplify the controller. Second,
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full-body force control allows for the distribution of forces throughout the body. For a system
with closed kinematic loops, this means reducing the chance of slip and minimizing wasteful
internal joint forces. Finally, the compliance offered by force control allows the system to
comply with geometric uncertainty in the environment. Balancing on uneven terrain is
achieved by controlling the net force on the body regardless of the specific pose of the robot.

The implementation of force control has been studied for many years. It is a difficult
problem due to inherent instabilities in the control system and robot hardware. Eppinger,
et al. , [24] explored a series of simplified models of a robot joint. Hardware design decision
often dictate the choice of control. For robots with high-gain position feedback controllers,
force sensing is usually added to the end effector where force is to be controlled. In general,
the non-colocation of the actuator and force sensor, high reflected inertia, and friction all
destabilize the system. The force feedback gain is usually reduced to ensure stability resulting
in poor force control performance. Series elastic actuators [96] are an actuator design that

was proposed to reduce these problems.

2.7 'Trajectory Optimization

Trajectory optimization is a large field that takes a model of the system and computes a time-
sequenced trajectory of states and/or controls according to some optimality criterion. There
are several types of trajectory optimization methods. There are two important distinctions:
global vs. local and simultaneous vs. sequential. Global optimization finds a consistent
optimal solution throughout the entire state space but has a high computational cost. Local
optimization finds only local minima but is generally cheaper to compute. Simultaneous

trajectory optimization updates the entire trajectory all at once, often providing a better
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handling of constraints. Sequential trajectory optimization usually involves a forward and
backward pass that updates trajectory one timestep at a time producing more physically
consistent trajectories but can be more numerically sensitive to the initial conditions, model
and integration method. Model predictive control, or receding horizon control, is a method
of control that performs these trajectory optimizations online.

Dynamic programming [10] is a global method that can be used to solve simple systems
but runs into computational and memory limits for complex systems because it requires
value or policy iteration. DP has been used to solve small sub-components of the dynamics
for humanoid walking [131].

Another technique is Differential Dynamic Programming [52][123] which is local and
sequential. DDP features much lower computational requirements and can output more
physically realistic trajectories. Similar techniques such as iLQR [72], iLQG [124] iLDP
[125] have been proposed.

Model predictive control in industry often use a simultaneous trajectory optimization
technique [86][79]. The computational requirements are slightly higher but by solving simul-
taneously the algorithm usually handles constraints better.

Some have tried to exploit the lower computational and memory requirements of local
trajectory optimization to create a library of trajectories capable of providing a more global
solution. This involves both the creation of policies based on trajectory libraries [118] and
generalization to contexts outside of the library, called policy transfer [119]. Trajectory
library-based control has been applied to standing balance [73] and biped walking [75][74].

Another trajectory-based optimization deals with repeatedly improving a trajectory based
on experiments on real hardware. Some approaches are Iterative Learning Control [6], Tra-

jectory Learning [7][5] and Feedback Error Learning [36]. These approaches use a feedback
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signal from a controller to update the feedforward trajectory created by the trajectory opti-

mizer.

2.8 Summary

This thesis makes use of simple models, particularly the linear inverted pendulum by Kajita,
et al. , [56] and the linear inverted pendulum plus flywheel model by Pratt, et al. , [97].
These models are used to describe strategies, like the ones summarized by Hofmann [47],
and predict the stability using analytic bounds on COM position and velocity.

Once an appropriate strategy is chosen, a reactive controller can be designed using these
same simple models. Model predictive control (MPC) is often applied for planning humanoid
locomotion. This Preview Control approach was popularized by Kajita, et al. , [53], but
required pre-planned footstep locations. The more recent work of Wieber, et al. , [132] and
Herdt, et al. , [44] made footsteps variable to generate both COM trajectories and footstep
locations simultaneously while obeying the ZMP constraints. In stiff position-controlled
robots, this algorithm is used for walking pattern generation to achieve high level inputs
such as desired footstep locations or walking velocities. The same basic algorithm is used
in this thesis, but it is applied as low-level reactive balance control on a force-controlled
robot by updating desired ZMP trajectories based on the current state of the robot. This
idea is similar to more recent works in animation where locomotion is driven by a low-
dimensional model such as Tsai, et al. , [127] and Coros, et al. , [18], which also use a
linear inverted pendulum model, and Mordatch, et al. , [84] which uses an approximate
spring-loaded inverted pendulum model.

Generating full-body torques is also accomplished through the use of simple models. This

19



is unlike methods that perform inverse dynamics, such as Mistry, et al. , [82], which require
desired joint acceleration inputs. Instead, the commonality between simple model features,
specifically COM acceleration, and the full robot can be used to generate full-body controls.
The approach in this thesis is inspired by the work of Hyon, et al. , [50], which achieves
reactive balance control by specifying desired forces on the COM. Virtual model controls,
inspired by the work of Pratt, et al. , [98], are combined with this approach to perform

generic tasks.
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Chapter 3

Simple Models

This chapter describes simple dynamic models that can generally describe humanoid balance.
The dynamics are analyzed to determine push recovery strategies and predict their stability.
Later in this thesis, these simple models will be used for control and estimation purposes as

well.

3.1 Introduction

We study humanoids as a way to understand humans. We want to understand what causes
humanoids to fall, and what can be done to avoid it. Disturbances and modeling error are
possible contributors to falling. For small disturbances, simply behaving like an inverted
pendulum and applying a compensating torque at the ankle can be enough. As the distur-
bance increases, however, more of the body has to be used. Bending the hips or swinging
the arms creates an additional restoring torque. Finally, if the disturbance is too large, the
only way to prevent falling is to take a step.

In this chapter, we unify simple models used previously to explain humanoid balance and
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control. In Section 3.1.1, we discuss previous work and in Section 3.1.2 we summarize our
models and balance strategies. Section 3.2 describes lumped mass models that approximate
the system as a point mass at each instant in time. In Section 3.3, the stability of standing
balance is analyzed using these simple models. Finally, in Section 3.4, stepping is modeled
as an additional strategy for push recovery.

The main contributions of this chapter are the unification of models and
strategies used for humanoid balance and the development of analytic stability
regions that define the stability limits of each strategy. These stability regions are
defined as functions of reference points, such as the center of mass and center of pressure,
that can be measured or calculated easily for both robots and humans. Both ankle and

internal joint actuation are assumed to be available and used in balance recovery.

3.1.1 Related Work

The problem of postural stability in humanoids has been studied for many years. Vukobra-
tovic, et.al. was the first to apply the concept of the ZMP, or zero moment point, to biped
balance [129]. Feedback linearizing control of a simple double-inverted pendulum model us-
ing ankle and hip torques was used by Hemami, et.al. [42]. Stepping to avoid falling was
also studied by Goddard, et.al. [33], using feedback control of computed constraint forces
derived from Lagrangian dynamics.

Modern bipedal locomotion research has been heavily influenced by Kajita, et.al. and
their Linear Inverted Pendulum Model (LIPM) [56]. It is linearized and constrained to a
horizontal plane, so it is a one-dimensional linear dynamic system representing humanoid

motion. When considering ankle torques and the constraints on the location of the ZMP, or
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zero moment point, it has also been referred to as the “cart-on-a-table” model. An extension
to the LIPM is the AMPM, or Angular Momentum inducing inverted Pendulum Model [64],
which generates momentum by applying a torque about the center of mass (COM).

There have been numerous attempts to identify and model humanoid balancing and loco-
motion using simplified reference points [95]. Hofmann [47] studied humanoid control during
walking and balancing tasks in his thesis. He argues that the key to balancing is controlling
the horizontal motion of the COM, and there are three strategies for accomplishing this.
For small disturbances, simply shifting the center of pressure (COP) changes the tangential
ground reaction force (GRF), which directly affects the motion of the COM. Because the
location of the COP is limited to be under the feet, a second strategy is to create a moment
about the COM, creating a momentarily larger tangential GRF. This strategy suggests a new
point, an effective COP, called the centroidal moment pivot (CMP) that takes into account
the inertia of the upper body. Goswami, et al. [38] also considered the strategy of inducing
non-zero moment about the COM to aid in balance. They define the ZRAM point (Zero
Rate of change of Angular Momentum), which is identical to the CMP. The third strategy
used for large disturbances takes a step in order to increase or move the feasible area for the
COP (and equivalently the CMP). In stepping, the swing leg impact absorbs kinetic energy
and the effective unsprung mass and impact velocity determine the magnitude of energy
absorbed.

Pratt, et al. [101] attempted to formulate the control and stability of biped walking
using more meaningful velocity formulations. They argued that traditional approaches, like
Poincare Maps and ZMP trajectories, are not suitable for fast dynamic motions. They
suggest that angular momenta about the center of pressure and the center of mass are

important quantities to regulate. Their velocity-based formulations and “Linear Inverted
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Pendulum Plus Flywheel Model” [97] were used to formulate the “capture region,” where
the robot must step in order to catch itself from a fall. Sometimes the capture region is
outside the range of motion and the robot takes more than one step in order to recover.
The model they use is simple and allows regulation of angular momentum, but in their

formulation they do not consider impact energy losses or the effect of ankle torques.

3.1.2 Balance Models and Strategies

Here we explore different models and strategies used for humanoid balance. There are three

basic strategies that can each be described by a unique class of simple models:
1. COP Balancing / Lumped Mass Models
2. CMP Balancing / Angular Momentum Models
3. Stepping / Stepping Models

Generally, these strategies can be employed sequentially from top to bottom, advancing to
the next if the current strategy is inadequate. As shown in Figure 3.1, the effective horizontal
force on the center of mass, equal to the horizontal ground reaction force, can be increased
or moved (Stepping) if simple COP Balancing is not enough.

In this chapter, simple models will be used to determine stability regions that describe
the stability limits of different push recovery strategies. Real humanoid robots will have
many more degrees of freedom and complicated control problems, but by describing their
motion in terms of these reduced quantities, such as center of mass and center of pressure,
we create useful approximations. Reduced dimensionality also makes it easier to visualize

motions, aiding in intuition and understanding.
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Figure 3.1: The three basic balancing strategies. The reaction force acts at the COP
and applies a force and torque on the COM. From left to right are COP Balancing

(“Ankle Strategy”), CMP Balancing ( “Hip Strategy”) and Stepping.

3.2 Lumped Mass Models

At any instant in time, a system of rigid bodies can be approximated as a lumped mass. At
each instant, the sum of forces on the system results in a change of linear momentum, or,
equivalently, an acceleration of the center of mass of the system. At the same time, the sum
of moments about the COM results in a change of angular momentum of the system. Given
a vector of contact forces and torques, F, the relationship with the COM acceleration, ("3,

and change in angular momentum, H, is given by

D, mC +F,
D, H
where
D, = [ Isys Isxs Osxz Osx3 } ) (3.2)
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D2 = (PR — C) X (PL — C) X :[3><3 I3><3 ) (33)
and Pr and Py, are the positions of the feet, rx represents the left cross product matrix, m
is the total mass of the system, and F, is the gravitational vector force. For the case of a

biped, F is partitioned to the right and left feet, respectively,

The first three equations of Eq. (3.1) sum the forces on the center of mass due to gravity
and the ground contact points. The last three equations sum the torques about the center
of mass to give the resulting change in angular momentum. Note that these equations can

be easily extended to more than two contacts.

3.2.1 Linear Inverted Pendulum

For a lumped mass model, if it is assumed that there is no angular momentum, H = 0, and
no change in angular momentum in the system, H = 0, any forces that satisfy Eq. (3.1)
do not generate angular momentum changes about the center of mass. If it is additionally
assumed that the COM is at a constant height, z = z5 & Z = 0, the dynamics are identical
to the well-known Linear Inverted Pendulum Model (LIPM) [56], illustrated in Figure 3.2.

In this thesis, the planar LIPM dynamics are written as



Figure 3.2: In the Linear Inverted Pendulum Model, the ground reaction force points
from the center of pressure (COP) to the center of mass (COM), creating zero

moment about the COM.

where x is the horizontal position of the COM in the sagittal plane at a constant height, zg,
x. is the center of pressure (COP), and u, is the control signal for the center of pressure.
The dynamics in the lateral direction are the same and decoupled from the sagittal direction.

Why make COP a state? There are several reasons why one might want to model
the COP as a state and the derivative of the COP as the control input. First of all, the rate
of change of the COP can be limited to give smooth COP trajectories. In using this model
for optimal control, such as in Chapter 4, it is simple to assign a cost to this derivative.
Another reason for making the COP a state is that it is often a measured quantity, and

is treated as such in Chapter 6. Finally, the hydraulic robot described in Section 1.6 is
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actually a high-order dynamic system and cannot instantaneously change the COP because
it takes time to accumulate force in the actuators.

The LIPM allows us to explore a simple balancing strategy which uses ankle torque to
apply a restoring force, while other joints are fixed. This strategy is often referred to as the
“ankle strategy.” The location of the COP is approximately proportional to ankle torque,
and therefore the limits on the position of the COP correspond to torque limits at the ankle.

Whether the robot will fall or not can be predicted by the state-space location, (z, &), of
the center of mass. We want to find the limits on the state of the center of mass to avoid
falling while obeying the constraints of the COP. If no angular momentum is permitted, then
the ground reaction force points from the COP to the COM, as shown in Figure 3.2. Then

the acceleration of the COM is given by Eq. (3.5),

p=2 (x — x.) (3.7)

20
where z and z. are the locations of the COM and COP, respectively. If we assume the

vertical motion of the COM is negligible, then F, = mg.

3.2.2 Linear Inverted Pendulum with Constant Force

The sagittal LIPM dynamics of Eq. (3.5) can be modified slightly to include an external

force, f,, and written as

mi = D(x—z)+f. (3.8)
<0
P = (3.9)

Again, the dynamics in the lateral plane are identical and decoupled.
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Figure 3.3: Internal joint torques create a torque about the COM. This torque is
reflected by the ground reaction force, which acts at the COP but does not necessarily
point through the COM. The equivalent force that points through the COM begins

from the CMP.

How is this used? This model is useful for understanding the effects of long-duration

push forces or, as will be described in Chapter 6, small modeling error.

3.2.3 Linear Inverted Pendulum with Flywheel

The dynamics of the upper body, particularly the torso and arms, can play an important
role in push recovery. These joints can be used to apply a torque about the COM. The
CMP, or centroidal moment pivot, is equal to the COP in the case of zero moment about
the center of mass. For the LIPM, this is always the case. For a non-zero moment about the

COM, however, the CMP can move beyond the edge of the foot while the COP still remains

29



under the foot. The result is a greater horizontal recovery force on the COM. This effect
can be studied by approximating the upper body as a flywheel that can be torqued directly,
as shown in Figure 3.3. This model is an extension of the model used by Pratt et al. [97] to
allow for an ankle torque.

The dynamics of this system can be written as

i M9y Ty 1
mi . (x — ) = (3.10)
Lo, = 7, (3.11)

Fe = U (3.12)

where 7, is the torque about the COM in the sagittal plane, 6, is the angle of the flywheel
and I, is the inertia of the flywheel. The system can be modeled with decoupled dynamics
in the two horizontal directions, which is equivalent to two flywheels.

How is this used? This model is used in Section 3.3.2 to determine stability bounds

for the hip strategy, and in Section 5.6.2 to perform posture control.

3.3 Stability Regions

3.3.1 COP Balancing

In this section, we derive the stability region of the Linear Inverted Pendulum Model with
the ankle torque saturated such that the COP is at the edge of the foot at zcop = dF, where

0~ and 4T are the back and front edges of support region, respectively. In this case, the
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maximum acceleration is given by Eq. (3.5),

Loom = Z%(xCOM —0%), (3.13)

where (zcom — 0%) represents distance to the edges of the base of support. This ordinary

differential equation has a solution of the form

f Ty . /
z(t) = (E + ¢ | cosh(wt) + " sinh(wt) — 2 (3.14)
where w? = g/z and f = —gd/zy with initial conditions z(0) = zy and (0) = . This can

be combined with the constraint that the COM must be able to come to a stop over the base

of support and simplified to give the analytic relationship

__ Tcom
5 < Leo

+zoom < 6F (3.15)

which is equivalent to a constraint that the capture point [97] remains inside the base of
support. This constraint represents a stability region in COM state space, as shown in
Figure 3.4, that can be constantly monitored. If the state of the humanoid is outside of this
stability region, then ankle torque alone cannot restore balance and either a different balance
strategy is needed or a step should be initiated to prevent falling. These stability regions
are evaluated on a single inverted pendulum using a PD ankle controller with saturation.

Trajectories for this controller are plotted on top of the stability regions in Figure 3.5.

3.3.2 CMP Balancing

In this section, the stability region of a Linear Inverted Pendulum plus Flywheel Model is
investigated. Compared to Eq. (3.13), which is the maximum acceleration using only ankle

torque, the maximum acceleration using both ankle torque and a flywheel torque is defined
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Figure 3.4: These are open loop trajectories starting from standing straight up and
experiencing an impulse push and using a saturated ankle torque only. All trajectories

that start in the green region are stable and all that start in the red will fall.

0.4

e
—unstable [
stabl

03

velocity of Cohl

position of Cokd

Figure 3.5: These are feedback trajectories created by a PD controller (with torque
limits) on the ankle joint of a single inverted pendulum. The stability region derived

from the linear inverted pendulum model closely predicts the stability of the nonlinear

inverted pendulum.
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by Eq. (3.10),

- max g + Tmax
==(r—0"+ — 3.16
oo = L (g g Do) (3.16)

The additional torque term, due to the momentum generating flywheel, allows for a greater
maximum horizontal acceleration. Considering only the sagittal (x-direction) dynamics, the

dynamics of Eq. (3.10) and Eq. (3.11) can be written simply as

i-uwlr = —w2( —i) (3.17)

L6 = 7, (3.18)

However, the flywheel really represents inertia of the torso and upper body and should
be subject to joint range constraints. Initially, a large torque can be used to accelerate the
COM backwards. Soon after, however, a reverse torque must be applied to keep the flywheel
from exceeding joint position limits. The goal of the flywheel controller is to return the
system to a region that satisfies Eq. (3.15) that avoids exceeding the joint limit constraints.
If this cannot be achieved, then a step will be required.

Like COP balancing, we determine the stability regions by considering the largest control
action possible. For CMP balancing, this is accomplished using a saturated ankle torque
and bang-bang control of the flywheel. Afterwards, we develop a practical controller using

optimal control that demonstrates the effect of these stability regions.

Bang-Bang Control

A bang-bang control input profile to the flywheel can be used to generate analytic solutions.
As in [97], the bang-bang function, 7, (), applies maximum torque for a period of 7 then

maximum negative torque for a period of T, and is zero afterwards. This function can be
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written as

Too(t) = Timax + 2Tmaxt(t — T1) — Tmaxu(t — T3), (3.19)

where u(t —T}) is a step function at time, t = T,. The goal is to return the system to a state

that satisfies Eq. (3.15) at t = Ty,

(1)

2 (1) < 5 (3.20)

0 <

If the system is returned to this state, COP balancing can be used to drive the system back
to a stable state and the flywheel can be moved back to zero. We combine Eqgs. (3.16) &
(3.20) to solve for bounds. We assume the flywheel starts with #(0) = 0 and 6(0) = 0. First,

by integrating Eq. (3.18) using the bang-bang input, 7,(¢), and imposing the constraint,

0(T) = 0, we get

0(Ty) = T“}a" (To — 2(Ty — Th)) = 0, (3.21)

which requires that 75 = 277 = 27T'. Additionally, integrating once more, and using the joint

limit constraint, 0(27") < Oax, we find that
Tmax 2
6(2T) = T2 < G (3.22)

which means 7" has a maximum value,

Iemax

Tmax

Tmax =

(3.23)

We can again use the derivations from Eq. (3.14) to solve the differential equation in Eq.

(3.17). We find that

z(2T) = 0+ (zo —J)cosh(2wT’) + % sinh(2wT) + 7:2&;2 (— cosh(2wT') + cosh(wT) — 1)

©(2T) = w(xg— 9)sinh(2wT) + o cosh(2wT) + THEX (= sinh(2wT") + 2 sinh(wT"))
mLw
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See [97] for more detailed derivations. Now, inserting this into the right-side inequality in

Eq. (3.20) and using the identity, sinh(x) + cosh(z) = e”, we get

<x0—6++@——”)eMJr—TaewT—Ta <0 (3.24)
w  mg mg mg
T Tmax W 27—max w Tmax
<x0—6_+—0+ )eQT——eT—l— >0 (3.25)
w  mg mg mg

If we assume the worst-case, T' = Ty.x, then the inequalities from above become

5 — T (T 1)2 < gy 4 Z0 gt g T (T )2 (3.26)
mg w mg

If the system is within this stability region, then the system can be stabilized using CMP
balancing control. If the system is outside, however, it will have to take a step to avoid
falling over. Of course, these bounds overlap the bounds in Eq. (3.15), so the whether or not
to use CMP balancing for small perturbations is a decision to be made. However, keeping
the torso and head upright is usually a priority, so COP balancing should be used whenever

possible. Figure 3.6 and Figure 3.7 show simulations of the bang-bang controller.

Optimal Control

We can alternatively solve this problem using optimal control. Using this method, we can
test whether or not the bounds defined using the bang-bang controller above are realistic.

The equations of motion from Eqs. (3.17) & (3.18) can be transformed into the first-order

system,
x 0 010 x 0 0
7 0 001 7 0 0 J
- + (3.27)
Z w000 T —w? —(mL)™! T
6 0 0 00 0 0 It
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Figure 3.6: The phase plot shows how the system responds to bang-bang control of
the flywheel along with the stability regions defined by Eq. (3.15) and Eq. (3.26).
The extended blue region represents the area where CMP balancing will be successful
but COP balancing will not. The flywheel trajectories are shown in Figure 3.7. All

trajectories, except the one that starts outside of the stable regions, can be stabilized

by bang-bang control.

We can discretize these equations, into X;,1 = AX;+ BU;, and generate optimal controls.

The quadratic cost function used is
N
J =Y AWVXTQX; + Ul RU} (3.28)

where X; is the state, U; = (&;, ;)T is the action, and v < 1 is a discount factor. The

discount factor increases the cost with . Figure 3.8 and Figure 3.9 show simulations of the
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Figure 3.7: These time plots show the flywheel response to bang-bang control for the
corresponding trajectories in Figure 3.6. In this case, Onax = 1.0rad, I = 10kgm?
and 7. = 100Nm. The vertical dashed line represents T,,., the maximum time

for which the flywheel can be spun up.

optimal control, where the manually adjusted parameters we used were

Q = diag[10%, 102, 10, 10]
R = diag[1072,1077]

v=0.9

Receding horizon control, with a look-ahead time of 1.0s and a timestep of 0.02s, makes
N = 50. At each timestep, a quadratic programming problem is solved to generate the
optimal control trajectory over the 1.0s horizon. Notice that one of the trajectories starts
inside the COP Balancing region and the optimal controller does not use the flywheel while

another starts outside of the stable regions and the controller cannot stabilize it, as expected.
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Figure 3.8: The phase plot shows how the system can be driven back into the stable
region using optimal control. The flywheel trajectories and torques are shown in

Figure 3.9. Notice that the unstable starting states are correctly predicted.
3.4 Stepping

For even larger disturbances, no feasible body movement without stepping will result in
balance recovery. Taking a step moves the support region to either the area between the
rear foot contact and the forward foot contact (double support) or the area under the new
stance foot (single support). Because a larger disturbance requires a larger restoring force,
this generally leads to larger steps. However, the location of the best foot placement is also
affected by kinematic constraints and impact dynamics.

In this section two simple models for stepping will be considered. First we consider
the LIPM with two finite-size feet. The simple dynamics allow us to analyze the effect of

the stepping strategy using linear 2D dynamics and energy formulations [57]. Using this
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Figure 3.9: Optimal flywheel state trajectories and torques for the trajectories in
Figure 3.8. The initial state of the flywheel in each case is zero in each case. Notice

that for the small perturbation, the optimal controller does not use the flywheel much.

model, it is easy to build an intuitive understanding of the relationship between the motion
of the COM and COP as well as the consequences of not being able to move the swing foot
instantaneously. Second we consider Hofmann’s model [47] which is very similar but models

the effects of energy loss associated with impacts.

3.4.1 LIPM Stepping

In this section we analyze the dynamics of stepping, which changes the base of support by
moving the feet. The high level step recovery policy is fixed and illustrated in Figure 3.10.
It is assumed that the system will take 2 steps that result in the system ending at the home
pose with zero velocity. The home pose is assumed to be with the two feet coplanar and

a prescribed width, W, apart with the COM over the center. Given this stepping policy, a
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Figure 3.10: The 2D stepping policy involves taking two steps such that the feet end

parallel and a predetermined width apart.

unique solution for the capture step location can be determined. The result is an open-loop
stable trajectory that ends at the home pose.

Sagittal Step Location. First, the location of the step in the sagittal direction can be
determined by inspecting the stepping policy in Figure 3.11. The system starts outside of
the stable region and the stance foot location, zg = 0, is the forward-most foot. The COP,
xp, is moved to the edge of the foot in order to slow the COM.

To derive the desired sagittal step location, consider the orbital energy of the system [57].
The trajectory from (z1,#1) to (x2,42) has a constant orbital energy,

2 2

1. w 1. w
571 - DY (z1 —zp)’ = §$3 Y (w5 — p)” (3.29)

Eq. (3.29) is one equation with two unknowns, zs and 5. An additional equation can be
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Figure 3.11: The sagittal stepping policy uses maximum ankle torque to slow the
body, then takes a step at the state that results in an open-loop stable recovery back
to the home pose with zero velocity. The trajectory from (z1, 1) to (x9,42) follows
a constant orbital energy. It is also assumed that the legs are the same length at

impact, which constrains the location of (23, &9).

added by assuming that the legs are the same length at impact, which corresponds to

.fQ = WT9y (330)
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Eq. (3.29) and Eq. (3.30) can be used to solve for z,

2 2,.2
= —_ 3.31
To =21+ 22z p ( )
Then the capture step location can be calculated generally as
To = 229 (3.32)

which is relative to the stance foot location, zg.

The time of the capture step, T¢, is defined implicitly in the solution in Eq. (3.31).
This is the time when the capture point coincides with the swing foot when the legs are
symmetric. The value of T can be computed numerically using a root-finding algorithm.

Lateral Step Location. Given the strategy in Figure 3.10 and the time of the step T,
the lateral state of the COM at the time of the step, (y2,92), is defined by a similar orbital
energy relationship,

w? w?

1. 1.
59% DY ()1 —yp)? = §y§ 5 (y2 — zp)* (3.33)

which is a first order differential equation. Integrating the equation to Ty gives the lateral
state at impact.

The lateral step location is chosen to ensure that the system returns to the home pose
with zero velocity during the return step, as shown in Figure 3.12. The trajectory from

(y2,92) to (y3,ys) also has a constant orbital energy,

1 . WQ 2 1 . w2 2
53/% Ty (y2 —yo)™ = 593 ) (Y3 — yo) (3.34)
The end condition requires that
ys =10
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Figure 3.12: The lateral stepping policy steps so that after the step the feet return

to a home pose.

and
%74
Y3 = Yo = >

This assumption can be used with Eq. (3.34) to solve for yc,

1. w\?
yozyzi—\/y§+w2 (—)
w 2

where the sign is chosen according to sign (g2 + wys).
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Figure 3.13: Comparing the stepping trajectories for different initial conditions cor-
responding to increasing push size. The blue portion of the trajectory corresponds to
the capture step, the red to the return step. The curves in the trajectories are due to
the constant orbital energies. Discontinuities correspond to changes in the location

of the COP.

LIPM Stepping Trajectories. The location of the capture step (x¢,yc) fully deter-
mines the open-loop trajectory of the COM during step recovery. Figure 3.13 shows several
of these trajectories which start at the home pose with initial velocity perturbations in the

z-direction.
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Figure 3.14: The model used for step-out has a point mass at the hip with massless,

extendable legs. After impact, the body moves horizontally only.

Figure 3.15: The impact model used assumes that the vertical velocity of the COM
instantaneously goes to zero during the impact. The impulsive force that results in

this change also results in a decrease in horizontal velocity.

3.4.2 Hofmann Stepping

Hofmann’s model [47] is represented by a point mass at the hip and massless, extendable

legs. The legs can act like dampers, both instantaneously at impact and continuously during
45



double support. In this model, we cannot ignore the vertical velocity of the mass, because it
affects the impact. However, after the impact occurs, we assume the COM moves horizontally
only, and the models we have previously used apply. For this to occur, we assume both
legs are at length L, just before impact and change accordingly so that the COM moves
horizontally, as shown in Figure 3.14.

Considering the point mass, m, at the end of the pendulum of length L, then the hori-
zontal and vertical velocities are given by

Uy cos

I 0 (3.35)

v, sin @
During the impact, an impulsive force causes a discontinuous change in these velocities, as
illustrated in Figure 3.15, given by the relationship,

Av, vl —w

_ L _ fang 3.36
Av, vf —w7 o (3:36)

We assume that the vertical velocity goes to zero, or v} =0, so Av, = —v]. So the change

in horizontal velocity is given by
Av, = —v] tan = LOsin 0 tan 0 (3.37)

Choosing Step Length

The best choice for step length is the step that results in a transition into a state that is
the most robust. Upon impact, there is a discontinuous jump in the COM phase plane. The
new position of the COM is behind the stance foot and the velocity is the same, so the jump
is horizontal, as illustrated by the dotted lines in Figure 3.16. After the impact, we want
the system to be stabilized using COP or CMP Balancing. The best step is one that lies in
the middle of the stable region. We want to find the step that results in the relationship,

vl =0 (3.38)
z
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Figure 3.16: Starting from an unstable state, taking a step causes a discontinuous
jump into a stable region. The transitions shown are the ones that satisfy Eq. (3.38).

In this figure, velocities are scaled by \/z so each system behaves like L = 1.

which places the system on the black dashed line in Figure 3.16. A system starting on this
line will be open-loop stable using zero ankle torque. Because there is a large margin for
errors and disturbances, this is the most robust foot placement.

We can use Egs. (3.35), (3.37) & (3.38) to derive a relationship for the step distance.

The relationship, in terms of the angle 6, just before impact, is

: sin @ cos'/2 0

Eq. (3.39) is the equation of the blue dash-dotted line in Figure 3.16 that intersects the
trajectories of the pendulum at the optimal step distance. There is no analytic solution for
the trajectory of the pendulum, but numerical integration is used to find this intersection.

Figure 3.17 shows the optimal step distance for starting at a range of initial horizontal COM
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Figure 3.17: The optimal step distance vs. the initial horizontal velocity of the COM.
The shaded regions show where the various recovery strategies should be employed.
The error bars show the bounds on step distance that result in a stable state after
impact. The optimal step distance is not half way between the bars because of the

nonlinear relationship.

velocities. For illustration, error bars are attached to each point showing the range of step

distances that would also result in a stable state.

3.5 Discussion

There are several assumptions made in this chapter. In the case of stepping, massless legs
that instantly appear at the point of contact were assumed, whereas real legs have inertia that
must be accelerated and also causes internal forces. Swing leg masses could be integrated into

simple models if needed to better model this effect. Nonlinear pendulum-like models are very
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Figure 3.18: A double inverted pendulum with foot can apply torques at the ankle

and hip joints. The location of the center of pressure must be underneath the foot.

realistic but linearized versions may also closely approximate the dynamics. Throughout the
rest of this thesis, only the simplest models, like the LIPM and LIPM+Flywheel models, are
considered, but other models could be easily substituted in many cases. Other models have

also been used for modeling and performing push recovery and are described below.

3.5.1 Double Inverted Pendulum

A double inverted pendulum is a fully-actuated, unconstrained planar dynamic systems with

nonlinear equations of motion of the form,
M(#)§=71—N(,0) (3.40)

where 6 is a vector of joint angles, M is the inertia matrix, 7 are the joint torques, and N is
a vector containing the gravitational, centripetal and coriolis forces.

These planar inverted pendulum models, like the one in Figure 3.18, can be used to
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Figure 3.19: Animation comparing the responses of an ankle-strategy controller (light

green) and a hip-strategy controller (dark blue) to a 17Ns impulse. The hip-strategy
controller produces a large bend at the hips, similar to the same strategy used by

humans.

Figure 3.20: A four-link inverted pendulum models ankle, knee, hip and shoulder
joints. These different figures represent optimal trajectories for recovering from mul-

tiple different forward pushes.

derive sagittal balance controllers, such as the hip strategy controller depicted in Figure 3.19
and described in more detail in [113]. Often in these models there is no explicit foot; it is
assumed to be flat on the ground at all times, contributing no kinetic or potential energy.
The definition of the center of pressure still applies as long as it remains within the area the

foot would cover.
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3.5.2 Multiple Pendulums

Multiple inverted pendulums can also be used to approximate the dynamics of a full robot.
A four-link model is used in Figure 3.20, which illustrates how multiple optimal trajectories

can potentially be used to automatically define a control policy for push recovery.

3.6 Conclusion

Simple models have been shown to approximate the motion of humanoids in the case of
recovering from large disturbances. These simple models are built upon the prior work of
biomechanics and robotics researchers. From these models, simple bounds on stability are
defined that can be applied to complex humanoid robots or human subjects to predict a fall
or choose a balance strategy.

In the remaining chapters, simple models of robot dynamics (namely the LIPM and LIPM
+ Flywheel) will be used to perform optimal control (Chapter 4), generate full-body torques

(Chapter 5), and state estimation (Chapter 6).
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Chapter 4

Push Recovery Model Predictive

Control

In the previous chapter, simple models of robot dynamics were derived and used to predict
the stability of different balance recovery strategies such as the ankle and hip strategy as well
as stepping. In this chapter, optimal control will be used to produce push recovery controls
using these models. Later, in Chapter 5, these controls will be mapped into full-body torque

controls to control the humanoid robot.

4.1 Introduction

Humanoid robots, while operating in complex environments, can be expected to encounter
uneven ground, dynamic obstacles, and humans. Force controlled robots, as opposed to stiff
position controlled robots, can be compliant to unknown disturbances, resulting in safer and
more robust operation. For small disturbances, standing balance is sufficient. However, for

locomotion and large disturbances, the robot needs to step. The tight coupling between
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Figure 4.1: The controller presented in this chapter allows a humanoid robot to
recover from a large perturbation by stepping. It is applied to the Sarcos Primus
hydraulic humanoid robot pictured being pushed from behind by a force-measuring

stick.

balance control and choice of footstep location makes this a challenging problem. This
chapter presents a method for planning and controlling stepping in a force controlled robot,
as shown in Figure 4.1.

The dynamics of balance are often described using simple models of the center of mass
[112]. Given a robot with stiff joint position control and a known environment, the most
common approach to balance is to generate a stable trajectory of the COM and then track
it using inverse kinematics (IK) [122]. Stable walking patterns for walking robots are often

generated using model predictive control (MPC), a trajectory optimization technique [86].
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Using the LIPM, the trajectory optimization simplifies to a quadratic programming (QP)
problem. The simplest case is one that assumes the footstep locations are given ahead
of time, as in the approaches of Kajita, et al. , [53] and Wieber, et al. , [132]. These
implementations of MPC for walking have been used only for pattern generation. That
is, the controller generates an open-loop reference motion that is closely tracked. With a
well-designed open-loop motion and known environment, stable walking can be achieved.
This type of control is common amongst stiff position-controlled robots and is convenient
for automatically generating patterns with varying speeds and objectives. The more recent
work by Herdt, et al. , [44], emphasizes this control approach in the paper entitled “Walking
Without Thinking About It”.

Stepping strategies have been considered by several authors. Simple models have been
used to define stable footstep locations, known as Capture Points [97]. Robots with stiff posi-
tion control that expect small disturbances often solve footstep planning separately [15]. For
situations when desired footstep locations cannot be known in advance, such as in the pres-
ence of large disturbances, motion and footstep planning can be performed simultaneously
using a QP-based MPC algorithm [21][44].

In this chapter, an MPC algorithm called Push Recovery Model Predictive Control (PR~
MPC) is presented. The basic MPC algorithm that is run inside the controller is the same as
the one presented by Diedam, et al. , [21]. However, instead of open-loop pattern generation,
the optimization is recomputed online using the current estimate of the state of the system
to form a feedback controller that outputs a desired COP and footstep locations to maintain
balance, recover from pushes and perform dynamic walking. This type of reactive balance
control is necessary for robots with force-controlled joints, such as the Sarcos humanoid

robot. The main contribution of this chapter is the formulation of PR-MPC and
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implementation of real-time control on the Sarcos Primus humanoid robot.
This chapter is organized as follows. First in Section 4.2, the concept and notation for
MPC is presented. PR-MPC is presented in Section 4.3 by describing a special form of the
objective function and constraints. Some implementation details that allow this controller
to run in realtime are also presented. This basic algorithm can be extended in a number of
ways. For example, Section 4.4 describes an algorithm that builds on the work on stability
boundaries in Chapter 3 and performs multiple optimizations of different strategies in parallel
called Multi-Strategy PR-MPC. In addition, Section 4.5 presents an algorithm for trajectory
optimization in the presence of a learned disturbance is presented along with basic results.

Finally, in Section 4.6 some experimental results on the Sarcos humanoid robot are shown.

4.2 Model Predictive Control

Model predictive control (MPC), also known as receding horizon control, is a general term
for a type of control that uses a dynamics model to predict the behavior of the system given
a sequence of actions to be applied [86]. At its core, MPC uses a trajectory optimization
technique to output an optimal trajectory from the initial state. Because the model and
the real system will differ slightly, the real system will diverge from the predicted trajectory.
For this reason, the trajectory optimization is periodically re-run online to update the pre-
dicted optimal trajectory. The real power of MPC is the consideration of future constraints.
Because the algorithm is optimizing a trajectory into the future, it can predict appropriate
actions to avoid violating constraints in the future.

Given a sequence of control inputs, U, a linear model, X,;; = AX,; + BU, can be
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converted into a sequence of states, X, for the next N timesteps,

X — AX, + BU, (4.1)
where
S T
X = (X?—i-b ce 7XtT+N) ) (4'2)
- T
O=(Ul,... .0, )", (4.3)
and A and B have the form ) )
A
A2
A= (4.4)
AN—l
AN
and _ .
B 0 0
AB B o --- 0

(we]]
I
—~
i
(@)
N—

AN2B ANB B 0

AN-'B AN?B... ... AB B

respectively. Eq. (4.1) is a simple function that maps from the current state, X;, to a
trajectory, X, where the actions over the trajectory, U are the parameters. In order to
determine the best trajectory, a cost function is constructed. A cost function is a scalar
function that scores the trajectory. Model predictive controllers are typically derived by

defining a quadratic cost on the elements of X and U such that

1
J=-XT'QX + §UTRU (4.6)



By inserting Eq. (4.1) into Eq. (4.6), the cost can be written as a function of U, such that

oo oo S D
J = EUT (R+B"QB) U + X;A"QBU + §XtTATQAXt (4.7)

which has a simple quadratic form,

1 - _ _
J = 5UTHU +fTU + Jy (4.8)
where
H =R+ B7QB, (4.9)
fT = XTATQB (4.10)
and
1 i

Note that the Jy term is constant with respect to U and has no effect on the location of the
minimum of J.

Without constraints, the optimal trajectory can be found by differentiating Eq. (4.8)
with respect to U, setting the result to zero, and solving for the optimum trajectory, U*,

which becomes
U*=-H'f (4.12)
However, constraints are often imposed on the system in the form of equality constraints,
C.,U=b,, (4.13)
or inequality constraints

C;,U < b, (4.14)



State constraints of the form

can also be implemented simply by using Eq. (4.1) to convert into functions of U such that
C:i,BU < b,, — C;,AX, (4.16)

In the presence of constraints, a quadratic programming (QP) solver is required. QP solvers
iteratively solve simpler sub-problems to find the optimal result that simultaneously satisfies
the constraints. More details about solving the QP problem will be discussed in Section
4.3.3. There are several types of solvers, each of which is usually suited for a specific form
of the problem. For example, active sets, interior points, conjugant gradient or simplex

methods can be used [88].

4.3 Push Recovery Model Predictive Control

In this section, Push Recovery Model Predictive Control (PR-MPC) is described. This
controller operates on the actual state of the robot to generate reactive balance controls, such
as desired COP and next footstep locations, by solving a trajectory optimization considering
future actions and constraints.

What is the model? For all of the implementations presented, the model is the LIPM
with 2D dynamics given by Eq. (3.5). However, the math in this chapter is generally inde-
pendent of the model. It is straightforward to implement any other linear model. Nonlinear
models can also be handled by linearizing along the nominal trajectory and iterating the

optimization (also known as Sequential Quadratic Programming (SQP)).
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4.3.1 Objective Function

The goal of PR-MPC is to bring the COM to rest over the centroid of the support region with
both feet on the ground. The footstep locations are made variable, allowing the controller
to adaptively choose step locations for push recovery. The timings of the stepping phases,
including both single and double support, are fixed ahead of time, as is the number of steps
to look ahead and the choice of initial swing foot.

A note on fixed timings: Timings are fixed because they appear nonlinearly in Eq.
(4.1). Non-constant timings can be handled in several ways. The simplest way is to recom-
pute the trajectory with different step timings and choose the best. The other choice is to
make the step timings a variable and reformulate the MPC into an SQP problem.

The objective function for PR-MPC, which guides the COM to stop over the center of

the feet, can be written as

w on 2wyl |12 w w . 2
7= [l = o]+ 5 o[ + o+ s el
w on 2 we |l |12 w w ‘o 2
Dl —cv|| + 2 ev|| + Znovir+ 2l - pv|F @17)

where Cx and Cy are vectors of COM positions in 2D over the next N timesteps, (C%?al, Cy al)
is the goal position, C x and Cy are the velocities, Uy and Uy are the inputs (in this case,
the derivatives of the COP), and p*f and p are vectors of the next M reference and actual
footstep locations, respectively. For the examples in this section, it will be assumed that
M =1, but it is easily generalized to more footsteps. Reference footstep locations can be
used to bias towards a desired step width or step length.

As shown in Figure 4.2, if p%, pk and p% are the swing foot, stance foot and next footstep
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Figure 4.2: lllustration of one step lookahead with right leg stepping. The COP is
used to shift the COM slightly to initially put more weight on the left foot. The COM

comes to rest at the midpoint between the two feet after the step.

locations, respectively, then the COM goal position, C&* is given by

0a. O

Ccx™ = —2N (px +p%) (4.18)
oa. O

Cy™ = = (ny +4Y) (4.19)

where Oy is a vector of ones N long. The desired position is located half way between the
location of the final footstep locations.

The variables in Eq. (4.17) can be written as functions of the initial state, X;, and the
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unknown control sequence, U, such that

Cx = AsX;+BiU (4.20)
Cy = A, X,+B,U (4.21)
Cxy = AnX,+B,U (4.22)
Cy = A,X,+B,U (4.23)

where Acx and By are matrices corresponding to the appropriate rows of Eq. (4.4) and
Eq. (4.5), respectively. Using this notation, Eq. (4.17) can be converted into a quadratic
equation in the form of Eq. (4.8). This equation is quadratic in the inputs: control input U
over the next N timesteps and the next M footstep locations. Therefore, the dimensionality

of the quadratic programming problem is 2(N + M).

4.3.2 Constraints

Constraints play a major role in the computation of the optimal trajectory. If it were not
for the inequality constraints on the COP and footstep locations, the cost function in Eq.
(4.17) could be solved using Eq. (4.12). Instead, inequality constraints in the form of Eq.
(4.14) are added and the problem is solved using constrained quadratic programming.

It should also be noted that because the locations of the footsteps are variables in the
optimization, meaning the constraints on the COP after the first step are unknown, the true
problem is nonlinear. To maintain a simple form and take advantage of fast QP solvers,
simple conservative constraints are chosen to approximate the true constraints. The chosen
constraints are conservative because they represent an area smaller than, but strictly inside,

the true double support constraints.
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As shown in Figure 4.2, a COP constraint region, Z;, is defined for each phase of the
step. The first phase is assumed to be a short double support phase used to shift the weight
over to the stance foot. The constraint region associated with this phase, Zj, is known
exactly because the current locations of the feet are known. Likewise, the constraint region
during the swing phase, 77, is also known. However, the final constraint region, Zs, is not
known because the location of the footstep is not known in advance. A hand-crafted linear
approximation of the final constraint region is shown. Notice also that the constraints assume
smaller-than-actual-size feet. This assumption is useful to help compensate for some of the
unmodeled dynamics of the humanoid robot.

These constraints can be written in a compact form for use in standard quadratic pro-
gramming software. Let O; be defined as a vector of zeros and ones with the ones correspond-
ing to the timesteps of the i-th phase, with the first phase being the initial double support
phase. For a single footstep lookahead, ¢ will range from 0 to 2. Notice that ) . O; = Oy.

The constraints on the X-trajectory of the COP, Zx, can be written as
OO (mln (pg(apﬁ() - Aw) + Ol (p}( - Az) + 02 <C§?a1 - Aa}) < ZX (424)
—0g (max (pk, px) + As) — O (P +A;) — Oy (Ci?al + AJC) < —Zx (4.25)

where A, is the distance from the center of the foot to the edge in the z-direction. If Zy is

factored just as in Eq. (4.20) such that
Zx = ALX;+B,U (4.26)
then Eq. (4.24) and Eq. (4.25) can be re-written in the form of Eq. (4.14),

_ 1 1

1
Bsz - 02 a

SPx + ONAx) — ALX, (4.28)

P < (oo max (0%, pl) + Oupl + O,
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Figure 4.3: COP constraints during double support are divided into box constraints
and angled constraints. If the feet positions are known, the COP can be rotated into

the angled frame to give the angled constraints.

where Eq. (4.18) was substituted for C&* and the footstep location p% was moved to the

left side of the equation to signify that it is a variable as in Eq. (4.14).

Double Support Constraints

During most of the phase, the constraints in Eq. (4.24) and Eq. (4.25) take a simplified form
because they are simple box constraints. However, if the optimization begins with a double
support phase (or there are no steps at all), the true constraints can be derived because the
positions of both feet are known. Figure 4.3 shows the constraints during this initial phase.
The constraints are made up of box constraints given simply by the maxima and minima of
the edges of the feet (as in Eq. (4.27) and Eq. (4.28)) and angled constraints created by

rotating constraints according to the positions of the feet. If 2/ is the COP in the z-direction
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of the rotated frame, then the angled constraints are

A<z <A (4.29)

where A is the distance from the center to the corner of the foot. z! can be found by rotating

relative to the right foot such that

2 = (2, — xR) cosh — (z, — yr) sind (4.30)
where
0= tcm_l—xL — TR
YL — Yr

Eq. (4.30) can be re-written as

%= 2 (o0 = o) (92— ) — (20 — ) (21, — 7r) (1.31)

such that C' = \/(xL —2r)’ + (yr —yr)®. 2z and z, are the unknowns in this equation

which can be rearranged into

Cz, = { (v —yr) —(z —zR) N —2r (Y — Yr) + Yr (TL — TR) (4.32)

Ry

Again using the factored notation in Eq. (4.26), Eq. (4.32) can be combined with Eq. (4.29)

and converted into vector equations

(AzxXt + Bszj - OOZUR) (yL - yR) - (Azth + Bzy[_I + OOyR) (xL - ZL’R) < CA

- (AzxXt + Bzxﬂ + OOJ;R) (yL - yR) + (Azth + Bzyﬂ + OO?JR) ("L‘L - J]R) S _CA

64



which can be further converted to be consistent with Eq. (4.14),

mB..U (yr — yr) — BoyU (v — 2g) <
CA — (AzxXt — OOIR) (yL — yR) + (Azth + OgyR) (Z‘L — CL’R) (433)
_BZXU (yL - ZJR) + Bzyﬁ (xL - ZCR) S

—CA+ (A Xy + Oozr) (yr — Yr) — (Azy Xy + Ooyr) (v, — ZR) (4.34)

It can be seen from this formulation how the double support constraints are nonlinear when
the locations of the feet are unknown because of the multiplication of foot position variables

with the inputs.

Alternate Forms

There are several different forms of the constraints that could be used to achieve slightly
different results. For example, an intermediate double support phase could be modeled with
a region based on both feet, such as Z5 in Figure 4.2. Or it could be modeled such that all
of the weight is instantly transferred to the next stance foot. Likewise, other behaviors such
as push-off and heel-strike could be modeled by constraining the COP to be at the toes or

heel at specific times during the phase.

4.3.3 Solving the QP

To solve for the step recovery trajectory, constrained quadratic programming is used to solve
for the minimum of the objective function in Eq. (4.17) subject to the constraints in Eq.

(4.24) and Eq. (4.25). When Eq. (4.1) is substituted into these equations, the result takes
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Figure 4.4: Example trajectory solved using the PR-MPC with T'= 0.2, N = 15.

the form of Eq. (4.8) and the optimization problem becomes

U* = argmin U'HU +f'U (4.35)
U

st. DU <d (4.36)

which is a standard form and can be solved by many existing constrained QP solvers. In this
thesis, an active set dual method is used [34] using open-source C++ software [30]. U* can
then be substituted back into Eq. (4.1) to obtain the COM trajectory. The N points are
connected using quintic splines to give continuous position, velocity and acceleration values

along the trajectory. An example solution to this problem is shown in Figure 4.4 which

resembles the expected behavior illustrated in Figure 4.2.
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4.3.4 Computational Optimizations for Real-time Performance

PR-MPC is meant to be applied as a realtime controller. There are several speed optimiza-
tions that can be used to bring the solution time down to the sub-10ms time range. The
easiest and most generally-applicable approach is to pre-compute parts of the problem.
Cholesky Decomposition: For many QP problems, the first step in the solution process
is a Cholesky decomposition of the H matrix. If this matrix is constant, as is usually the
case for linear dynamics, the Cholesky decomposition can be pre-computed off-line.
Factoring Out X;: The f vector in Eq. (4.7) is a function of the initial state, X;.

Because the initial state is computed online, it can be factored out such that
f =fxX;

where
£7 — ATQB

is pre-computed. In most cases this can also be applied to the constraint matrices.

Discretized Phase: The dynamics change according to the time in the phase, because
the step timings indicate when each foot is in contact with the ground. Solving exactly would
mean pre-computing the Cholesky decomposition would not be possible. Instead, a separate
H matrix is pre-computed for discrete times throughout a single phase and the Cholesky
decomposition and factoring described above are performed for each. During execution, the
current time in the phase is used to look up the closest pre-computed matrices.

Other Optimizations: Several other optimizations have been considered [22][23]. Choice
of algorithm can be important for providing desired features such as the ability to warm-

start (initialize with the previous solution), keep track of active constraints, and ensure that
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intermediate iterations provide feasible solutions. These were not considered in this thesis;

the problem was resolved from scratch each time.

4.3.5 Multi-Step Lookahead

It can be very beneficial to perform multiple footstep lookahead for step recovery and walking
control. Table 4.1 shows the potential benefit of multiple footstep lookahead and re-planning,
comparing a theoretical model to a simulated robot. For a simulated robot, which does not
necessarily have the same dynamics as the real robot, optimizing over multiple steps into the
future allows for recovery from much larger disturbances. For the model, the maximum push
sizes are calculated using the bounds derived in Section 3.3. For each strategy, the model
predicts a slightly higher maximum push than the simulation is able to achieve. Likewise, as
the maximum push predicted by the model increases, the maximum push in the simulation

also increases.

4.3.6 Re-Optimizing Online

Model predictive control is performed continuously online. The rate at which it is replanned
is a tunable parameter. A simple method is to re-plan only at each touchdown. However,
this could be done more often to correct for deviations from the planned trajectory due to
additional disturbances or large modeling error. Figure 4.5 shows the size of push a simulated
robot can recover from when planning at each touchdown vs. continuously. Figure 4.6 shows
the added benefit of being able to adjust the desired footstep location if the robot receives a
push mid-swing. In this simulation, the foot was hitting the ground earlier than predicted,

but was still able to remain stable.
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mm

Ankle 22 (2

Hip 316 27
1-step 39 (4) 29
2-step 42 (4) 42

Table 4.1: () The model and simulation both have a total mass of 72kg and COM
height of 1.0m. All pushes in simulation are forward at the middle of the torso. (?Foot
size is 0.1m from mid-foot to the toe, ®71,.. = 40Nm, I = 4.0, Oax = 0.57ad,
() Computed by running PR-MPC with increasing initial velocity until the system goes

unstable with shift time = 0.1s, step time = 0.4s, max stance width = 0.5m.

4.3.7 Capture Point-Based Objective

The objective function in Eq. (4.17) can be modified in any number of ways. One possible
modification is to make it correspond to the capture point [97] and re-write the objective to

put the capture point over the middle of the base of support,

J = P — CAPx ||+ 2 U + 2 |l — px | +
PE CAPYH + N0+ 2 [ = [ (4.37)
where
I .
CAPy = Cx + \/;cx (4.38)

is the capture point of the trajectory and
goal Lo 1 1 Loy 2
CAPL"™ = 005 (0% + pk) + Opx + 025 (pk + p%) (4.39)
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180

Figure 4.5: The maximum size of push (Newtons over a 0.1s period) for a simulated

72kg robot with and without continuous re-optimization.

is the capture point goal which corresponds to the middle of the base of support, using the
notation from Section 4.3.1. This new goal causes the robot to move with a larger side-to-
side amplitude and the capture point stays over the stance foot longer, as shown in Figure
4.7.

This new objective can also be used for walking by redefining CAP£™ from Eq. (4.39)

to instead put the desired capture point in front of the midpoint of the base of support such

1 L. L.
CAPY" = Oo; (p% +px + \/;C‘;g*) + O, (pﬁ( + \/;CE?S) +... (4.40)

[43 7

that,

where C9% is the desired walking speed. The are used in this case because walking
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Figure 4.6: Full body simulation using PR-MPC with a high re-optimization rate to
adjust the desired footstep location mid-swing. At 0.8s the robot is pushed to the side
and the desired footstep location (FOOT-Y-D) output by the MPC is correspondingly

moved further to the side.

usually requires optimization of more than one step into the future. It is straightforward to

handle more steps.

4.4 Multi-Strategy PR-MPC

The linear dynamics of the LIPM allow for some analytic insight into the behavior of the
system. In particular, stability margins can describe the states from which the system can
recover without stepping [112], as shown in Figure 3.4. Until now, these analytic bounds
have been used to determine when to step, then switching to a two-step lookahead version of

PR-MPC. However, these analytic bounds can be difficult to determine for arbitrary footstep
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Figure 4.7: 1.0 m/s walking patterns automatically generated by PR-MPC. On the
top is a walking pattern designed using a position-velocity based cost function and
on the bottom is a pattern designed using a capture point based cost function. The

bottom pattern results in the capture point moving closer to the foot.

locations and give little insight beyond deciding if a step is needed.

For this reason, a multiple strategy extension to PR-MPC can be designed, called Multi-
Strategy PR-MPC (MSPR-MPC). By simultaneously optimizing multiple sets of constraints
corresponding to different behaviors, the optimal strategy can be determined for arbitrary

situations. In this thesis, we will consider the following strategies:

1. No Step (NS)

2. One Step - Left Foot First (LS1)

3. One Step - Right Foot First (RS1)
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Figure 4.8: Test configuration with the COM centered between two parallel feet.

4. Two Steps - Left Foot First (LS2)

5. Two Steps - Right Foot First (RS2)

All strategies share a common objective function with the goal of bringing the COM to
rest over the midpoint between the two feet. However the structure of the constraints for
each strategy is different.

First we'd like to see how the MSPR-MPC relates to the analytic strategy policy shown
in Figure 3.4. To do this, the configuration shown in Figure 4.8 with even feet is analyzed.
The feet are 20cm in length, 10cm in width and 25¢m apart. The optimal control strategy
is determined for each initial condition in a grid corresponding to the position and velocity
of the COM in the sagittal plane only. Figure 4.9 shows the result compared to the stability
region from Figure 3.4. As intuitively expected, MSPR-MPC is slightly more conservative
in deciding to take a step as opposed to the analytic region which was derived based on the
theoretical limit. The figure also shows that taking a single step is optimal only for a small
region of state space while taking two theoretically allows recovery from very large pushes.

Now consider the configuration in Figure 4.10 with uneven feet with a 5¢m skew between
them. Again the initial conditions are tested in a grid of COM positions and velocities in

the sagittal plane only. Figure 4.11 shows results similar to Figure 4.9 but also demonstrates
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Figure 4.10: Test configuration with uneven feet. In this configuration it is predicted
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Figure 4.11: Optimal strategies for uneven feet. Generally, when pushed forward,
MSPR-MPC determines that stepping with the right foot first is optimal. Likewise,

when pushed backward, stepping with the left foot become optimal.

4.5 Perturbed PR-MPC

This section describes how to perform PR-MPC in the presence of a known disturbance.
It is assumed that this disturbance is learned through experimentation using an algorithm
such as Trajectory Learning [7]. Modeling error can be a significant source of error for
any model-based controller, such as PR-MPC. This is especially true when the model is
greatly simplified, such as when using the Linear Inverted Pendulum Model to approximate
a humanoid robot. In the presence of modeling error, the expected dynamics will not match
the observed dynamics. However, for motions that are repeated often, such as stepping or
walking, it can be possible to learn a correction that compensates for the modeling error.

Trajectory Learning is an approach wherein appropriate feedforward signals are learned
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through repeated trials on real hardware. Learning is accomplished by recording the feedback
signal in the controller during a training trial and adding it to the feedforward signal for
future trials. This approach works well for systems with full control authority. However, a
biped system is more complicated given the constrained and hybrid nature of the dynamics.
For this reason, Perturbed PR-MPC is used. Put simply, the MPC optimizes the trajectory
given the learned perturbation trajectory which acts as time-varying disturbance on the
dynamics.
The linear dynamics can be written in the compact form,

= +
Uper (¢) 0 I Upert () 0

where Upet(¢) is the learned perturbation trajectory and B, determines how the distur-

XiJrl A aBerr Xz B
(2)

bance trajectory affects the dynamics. The parameter v can be used to vary the effect of
the perturbation trajectory between trials. This trajectory is indexed by a phase variable ¢
to account for cyclic trajectories such as during walking. The number of control variables
does not change so the optimal control problem does not increase in complexity.

The basics of Perturbed PR-MPC are demonstrated with two simple examples using
the dynamics from Section 3.2.2 where the perturbation trajectory represents an external
force on the COM. First, a fictitious sideways sinusoid force trajectory is given to the MPC
with the goal of standing in place. The resulting optimized trajectory is shown in Figure
4.12 which, as expected, exhibits a sinusoidal COP trajectory which cancels the disturbance
described by the perturbation trajectory. Second, a constant sideways force trajectory is
passed to the MPC which takes a single step. The result is shown in Figure 4.13 which steps
out to the side when its default behavior would be to step in place.

In this version of Perturbed PR-MPC, the perturbation trajectory is constant and learned
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Figure 4.12: Optimized trajectory given an assumed sinusoidal perturbation.
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Figure 4.13: Given an assumed constant sideways disturbance, the default behavior

is to step out to the side as opposed to stepping in place.

offline. A simple way to learn this trajectory is to perform multiple trials and average the
error. Online learning could also be implemented by giving additional control authority to

the MPC to modify the perturbation trajectory online.
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4.5.1 Code Available

A copy of the MPC code used to solve these problems is available at http://www.cs.cmu.
edu/~cga/bstephens/mpcsolver.zip. The code is written in C4++, runs in Visual Studio
2010 and requires Eigen [1] for matrix math. There are a few Matlab files available for
plotting outputs. The code is to be treated as untested research code and no support will

be offered.

4.6 Results

The PR-MPC algorithm has been implemented on the Sarcos humanoid robot to create
several behaviors that involve balance recovery by stepping. First, the problem of recovering
from a large push while standing is presented. Then the problem of stepping while walking

in place is demonstrated. Finally dynamic walking at variable speeds is shown.

4.6.1 Step Recovery

Step recovery experiments have been performed on the Sarcos humanoid robot. The robot
was pushed from behind with a force-measuring device to sense the magnitude of the push.
Figure 4.14 shows COM position and velocity and COP trajectories of a single push compared
to the plan generated by PR-MPC. Foot swing trajectories are computed using minimum
jerk splines ending at the desired footstep location.

Many push recovery experiments have been performed. Figure 4.15 shows 10 trials with
forward push impulses ranging from 18-24Ns. For these 10 trials, half exhibit short steps
of 10-15cm while the other half exhibit longer steps of 20-25cm. This apparent change in

stepping strategy can be explained by Figure 4.16 which shows the forward step distance
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Figure 4.14: X and Y trajectories of the COM and COP from a push recovery exper-
iment in which the robot was pushed from behind and takes a single step with the

right foot.

predicted by PR-MPC for a given initial X velocity and constant external force. As the
initial velocity increases, there is a change in strategy requiring drastically larger steps. This
effect is largely due to the activation of additional constraints on the COP during the step.

A video of another push recovery experiment that shows the robot recovering from multi-
ple pushes and coming to a stop can be found at http://www.cs.cmu.edu/~cga/bstephens/

videos/steprecovery.wnv
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Figure 4.15: 10 X and Y trajectories of COM including measured push forces from

experiment. Impulses were calculated by integrating the push force curve.

4.6.2 Walking in Place

Walking in place experiments have been performed on the Sarcos humanoid robot using PR-
MPC. By continuously asking the robot to perform a two-step push recovery, even though it
may not be pushed, walking in place can be achieved, as shown in Figure 4.17. Videos of this
experiment showing the robot continuously walking in place and being pushed can be found
at http://www.cs.cmu.edu/~cga/bstephens/videos/steppinginplace.wmv and http://
www.cs.cmu.edu/~cga/bstephens/videos/steppinginplace2.wmv. Details related to the

full-body controller will be described in Chapter 5.
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Figure 4.16: Theoretical relationship between initial forward velocity, constant ex-
ternal force and forward step distance using PR-MPC reveals an apparent change in

strategy.

4.6.3 Forward Walking

Forward walking has been implemented on the Sarcos humanoid robot using PR-MPC with
the capture-point-based objective function from Section 4.3.7. In this experiment, the desired
velocity was slowly ramped from zero to 0.4m/s and back to zero. Figure 4.18 shows the
resulting velocities and Figure 4.19 shows the COM, COP and capture point trajectories
along with the feet.

Videos demonstrating this walking control are viewable at http://www.cs.cmu.edu/

~cga/bstephens/videos/walkingspeeds.wnv

81



Figure 4.17: Screen capture from a video of the robot walking in place and being

pushed.

—— Desired Velocity
PR-MPC Velacity
—— Robot Velocity

Welocity (m/s)

Figure 4.18: Varying desired walking velocity on the Sarcos humanoid.

4.7 Discussion

There are several limits of the current algorithm. As presented, it does not directly address

foot yaw rotations or cross-stepping (stepping to the side by crossing legs). In order to
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Figure 4.19: COM, COP and CAP trajectories during a walking experiment on the

Sarcos humanoid robot.

use the efficient quadratic programming solution of PR-MPC, all of the constraints must
be linear. The true double support constraints after touchdown are nonlinear, and this
thesis only presents an approximation. Nonlinear constraints can be solved using sequential
quadratic programming (SQP).

The computation speed of the algorithm has not been considered. The PR-MPC QP
problem can be solved very efficiently by readily available algorithms and scales primarily
with the number of lookahead timesteps, N. N should be as small as possible, but the
lookahead time must also be large enough. This optimization is currently solved with N = 30
with a timestep of 0.05s is used resulting in a lookahead of 1.5s and solution times under 5
milliseconds on a 2GHz CPU.

The controller presented in this chapter is independent of the exact model used. In all
of the examples, LIPM dynamics are used. However, this model could easily be replaced by
another model, such as a linear flywheel model that accounts for angular momentum [97][112].
Using this model in PR-MPC requires only minor changes. More complex nonlinear models

could also be used but will generally require more time to solve.
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4.8 Conclusion

This chapter presented an optimal control approach to reactive balance and push recov-
ery control using simple models. Push Recovery Model Predictive Control (PR-MPC) is a
trajectory optimization that considers future actions and constraints that is run online to
reactively control balance. It uses the current COM state of the robot to determine actions
such as desired COP and next footstep location.

What’s Next? Chapter 5 will describe how controls developed for simple models (e.g.
PR-MPC) can be mapped to a full-body humanoid robot. Chapter 6 will describe state
estimation using simple models which serves as the input to a controller like those presented

in this chapter.
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Chapter 5

Full-Body Torque Control

This chapter is concerned with the problem of mapping controls from simple models to full-
body torques for a humanoid robot. It will be shown that COM dynamics can play a major
role in this process. Results performing a variety of tasks in simulation and hardware will

be presented.

5.1 Introduction

While humanoid robots are very complex systems, the dynamics that govern balance are
often described using simple models of the center of mass (COM) [112]. It has been shown
through dynamic simulation that humanoid balance depends critically on controlling the
linear and angular momentum of the system [76], quantities that can be directly controlled
by contact forces. These insights suggest that balance is a fundamentally low-dimensional
problem that can be solved by contact force control. This idea is the inspiration for the
controller presented in this chapter, which is used to control full-body balance and other

tasks on compliant force-controlled humanoid robots.
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Given a robot with stiff joint position control and a known environment, the most common
approach to balance is to generate a stable trajectory of the COM and then track it using
inverse kinematics (IK) [122][141]. These trajectories can be modified online to produce
whole body balance in the presence of small disturbances [121]. For environments with
small uncertainty or small disturbances, the inverse kinematics can be modified to directly
control the contact forces using force feedback [26]. Position-based controllers generally
exhibit high impedance, and the speed at which they will comply to an unknown force is
limited. Robots with low impedance joints can comply faster, but stable balance can be
more difficult to control.

For compliant robots, there are a number of ways that contact force control can be
achieved. Virtual model control (VMC), developed by Pratt, et al. , is a simple method
that only uses a kinematic model. Desired contact forces are converted into joint torques
assuming static loading using a Jacobian-transpose mapping [100]. Hyon, et al. , showed
that under quasistatic assumptions and proper damping of internal motions the desired
forces can be achieved [50]. If given the full constrained rigid-body dynamics model, desired
joint accelerations can be converted into joint torques using inverse dynamics for improved
tracking performance, as shown by Mistry, et al. , [82]. Other methods, such as the one
by Abe, et al. , [2] reformulate the controller as a multi-objective optimization. For most
objectives, these optimizations can be formulated as an efficient QP problems, as shown by
de Lasa, et al. , [20].

This chapter presents another method, called Dynamic Balance Force Control (DBFC),
which is summarized in Figure 5.1. Like [82], the full dynamic model is used and no qua-
sistatic assumptions are made. However, like [100] and [50], the inputs are desired contact

forces. Contact forces are computed independent of the full robot model based on a simple
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Figure 5.1: Block diagram of full control algorithm including DBFC.

COM dynamics model and external forces, such as the model described in Section 3.2.2. By
solving for the contact forces first, the approach becomes similar to multi-objective control
with a high priority, such as [20], on the desired COM dynamics. DBFC can be modi-
fied to compensate for non-contact forces using VMC-like controls. This modification, called
DBFC-VMC, can be used to perform generic tasks such as posture control and manipulation.
The outputs of the DBFC(-VMC) are full-body joint torques. The main contributions of
this chapter are the derivation of DBFC and application of controllers designed
using simplified models to perform full-body task control.

This chapter is organized as follows. In Section 5.2, desired contact forces are calculated
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from a simplified model based on COM dynamics. In Section 5.4, it is shown how full-body
joint torques can be calculated using DBFC. To perform more general tasks, DBFC-VMC
is presented in Section 5.5. Results from experiments on a Sarcos humanoid robot are given

in Section 5.6. Several examples showing a wide range of tasks are presented.

5.2 COM Inverse Dynamics

The COM dynamics of a general biped system with two feet in contact with the ground
are instantaneously represented by a system of linear equations which sum the forces and
torques on the COM. If C' = (z,y, z)T is the location of the COM, then the dynamics can

be written as

D, (F>= m("]I;LFg 65.1)

just as in Eq. (3.1).
These equations can be used to solve for a valid set of desired contact forces, F*, by

solving a constrained optimization. If Eq. (5.1) is abbreviated as
KF =u (5.2)

then the desired forces, F*, can be found by solving the quadratic programming problem,

F* = argmin F'WF (5.3)
st. KF=u (5.4)
BF <c (5.5)

where BF' < crepresents linear inequality constraints due to the support polygon and friction

limits. W = diag (w;) can be used to weight certain forces more than others, for example to
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penalize large horizontal forces. In order to keep the center of pressure under the feet, the

constraints,

dy < X <dy (5.6)
dy < —FF <di (5.7)

must be met for each foot, where My and My are the total moments generated at the
ground contact and di and di represent the dimensions of the feet in the z and y direc-
tions, respectively. These equations can be re-written as linear constraints on the forces and
torques.

Friction constraints can also be considered. However, the general form of these constraints

is nonlinear in the forces,

VF?+ F?

< 5.8
F, 1 (5.8)

A solution is to write a simple conservative approximation,

FX %
5 S (5.9)
Fy H
IR (5.10)

which can be written as linear constraints. Higher order approximations to these constraints
can also be used.

During single support, this optimization is not required because there are 6 equations
and 6 unknowns, meaning the forces on the stance foot are completely determined by the
desired accelerations.

It is possible that, given the constraints, there will be no valid solution to the optimization

in Eq. (5.3). If that is the case, it is possible to re-write the quadratic optimization to solve
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a constrained least squares problem,

F* = argmin (KF — u)” (KF —u) + FTWF (5.11)

st. BF <c (5.12)

which will always find a solution, but may not be able to achieve the desired accelerations.
Example code that performs this optimization is found at http://www.cs.cmu.edu/

~cga/bstephens/libmquad.zip.

5.3 Biped Dynamics Equations

This section reviews the basics of biped dynamics. The equations of motion of a free-floating
body can be written as

M(q)4 + N(q,q) = St (5.13)

where q € R is the configuration vector that includes n joint angles and six root coor-
dinates. M(q) € R""0*"*6 is the inertia matrix, N(q,¢) € R"™% is a vector of nonlinear
gravitational, centrifugal and coriolis terms, and S € R""®*" maps the n joint torques, T,
to the appropriate rows of Eq. (5.13). Generally, these equations are written such that
S =1[0,I)T.

Constraints on the feet, such as contact with the ground, are represented by a set of

equations
J@i+JI(@a=P (5.14)

where J(q) is a Jacobian describing the positions and orientations of the centers of the feet

and P is the accelerations of these features. For a static contact, P = 0. Maintaining these
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constraints requires applying forces to the system. In this case, Eq. (5.13) is re-written as
M(q)§ + N(q, ) = ST+ J"(q)F (5.15)

where F represents the constraint forces. Eq. (5.14) and Eq. (5.15) form a coupled set of

equations that can be written as a matrix equation that is linear in the accelerations, torques

and forces,
i
M —-S -J7¥ —N
J 0 0 Paes — Jq
F

5.4 Dynamic Balance Force Control

The objective of DBFC is to determine the joint torques that will achieve some desired body
motion. Rather than perfect joint trajectory control, this chapter is concerned with balance-
related tasks, meaning that control of the motion of the COM and angular momentum
is important. These quantities can be controlled by the contact forces. Presented below,
DBFC is a model-based method for determining full-body joint torques based on desired
COM motion and contact forces.

Eq. (5.16) can be augmented with the dynamics of the center of mass in Eq. (3.1),
where the desired acceleration of the COM, édes, acceleration of the feet, f’des, and change
of angular momentum, ﬂdes, are specified. This imposes virtual constraints such that all

feasible solutions will have these desireds. Instantaneously, the result is a set of linear
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equations,

M —-S -J7 —-N
ol )

J 0o o0 Paes — Jq
0 0 D MCes + Fy
F

0 0 D, H .

For the rest of this chapter, we assume Hyes = 0 for simplicity. This linear system can be
solved by constrained quadratic programming to determine joint torques, 7, using the same
methods described in the previous section.

However, if we solve the bottom two lines of Eq. (5.17) separately, using Eq. (5.11) or
some other method, to get a valid set of contact forces, F*, that obey the contact constraints,

Eq. (5.17) can be simplified to

M@ =S | ( a | _( -Naa+IF 519

J 0 Tdbfe ~Jq

where Pdes = 0 if both feet are on the ground. This system can be written as Gz = f and

solved by a weighted pseudo-inverse,
2" = (GTG+W) ' GTf (5.19)

where W is used to regularize the solution. The solution of this equation, z” = [§7, 78],
contains the full-body joint torques, Tap., that are used for control. This equation is solved
at every timestep and is simpler to solve than the full constrained dynamics in Eq. (5.17).
A simple W is a diagonal matrix with very small values that keeps the solution from being
too large.

Why not solve Eq. (5.17) directly? It is possible to write a controller that solves

Eq. (5.17) directly at every timestep [2]. This approach can be useful if obtaining an F* is
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difficult. It gives the solver more variables to tune in order to solve the equations. The result
may be unpredictable. For example, it may choose to distribute the contact forces differently
given the current kinematic configuration of the robot. It may be difficult to constrain the
extra degrees of freedom and keep the solver from exploiting the robot model, which may
have significant error. The DBFC eliminates the extra degrees of freedom by using intuitive
knowledge of the task to determine the contact forces a priori. This knowledge can be

exploited in several contexts, as shown in Section 5.6.

5.5 Task Control

In addition to balance control, the ability to perform other tasks, such as posture control
and manipulation is useful. Such tasks can be integrated into DBFC by including virtual
task forces, just as in Virtual Model Control. These forces are reflected both in the contact
forces and the joint torques. In the method described here, the compensating contact forces
are first calculated using COM dynamics and then the joint torques are calculated using
DBFC.

First, task forces and torques that affect the COM dynamics are used to offset the contact

forces,

D MmCaes + Fy + 3, Fi
ClE= o+ Li Flase (5.20)

D2 Zz (PZ - C) X Fiask + Miask
where task forces, F!_,, and torques, M., , are applied at some specific point, P’ on the
body. The cross product is included for when a task force also applies a torque about the

COM. Solving for the contact forces, F*, in this case will compensate for the task forces.

Now the robot joint torques can be found by solving the DBFC problem with the task forces
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included,

61 _N(q7 q + JTF* + 7 Jzzz; Wias
. ) ) 3 H Wi o1
Tdbfc —-Jq

where J¢

sk 15 the 6-dof Jacobian associated with the point where the i-th task forces are

applied and
Fi

task

tiask = ) (522)
M

task

5.6 Results

Several results are presented below using DBFC on a humanoid robot and in simulation.
The examples are meant to describe both the performance and implementation details of
the controllers. The same rigid-body dynamics model is used in simulation and in control of
the real robot. Even though both the model and controller are 3D, for clarity only sagittal
plane data is presented for each example.

Standing balance control is demonstrated in experiments performed on a Sarcos Primus
humanoid robot. Walking control on the robot was presented in Section 4.6.3, but in this
chapter is presented in simulation only for clarity. The simulator assumes a simple spring-
ground contact model. The feet are assumed to be point feet, but have the ability to apply
torques to the ground when in contact. The simulation automatically limits these contact
torques to ensure the COP is always under the virtual foot.

Videos of these examples are available at http://www.cs.cmu.edu/~cga/bstephens/

videos/iros2010.mpg.
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5.6.1 Example: Balance Control

For standing balance control, the objective is simply to regulate the position of the COM,

which is achieved by a PD controller,
Claes = — K (Caes — C) — KO (5.23)

This desired acceleration can be converted into contact forces using the method in Section
5.2. Solving Eq. (5.18) gives the appropriate joint torques. In practice, small feedback
torques, T, are also added to bias the joint angles and velocities to desired angles and

velocities,

T = KQP (qdes - CI) + qu <Qdes - q) (524)

For a standing balance task where the robot is pushed from behind, the result of the DBFC
controller is shown in Figure 5.2. This figure shows the total desired and measured F'x and

My forces, as well as the state of the robot COM after the push.

5.6.2 Example: Torso Posture Control

Maintaining torso posture can be a desirable goal during standing balance. Often this is
handled by special consideration of the hip joint torque [139]. This example shows how torso
posture control can be achieved via DBFC-VMC and implemented on a humanoid robot.
The posture, or torso angle, can be corrected by a torque, Miy,, to the torso, as shown in
Figure 5.3. There is no change to the linear force on the COM. This torso torque can be

written as a simple PD controller,

Mtorso - KGp (932,): - epos) - Kﬁdépos (525)
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Figure 5.2: Example push recovery experiment using the DBFC approach in this

chapter.

where 6P is the orientation of the torso. Using Eq. (5.20), F* can be determined by solving

D1 médcs + F
F = ! (5.26)
D2 Mtorso

and Eq. (5.21) can be used to determine the joint torques,

d _N(q7 q) + JTF* + Zz Jz:)rsoMtorso
G _ ' (5.27)
Tdbfc -Jq
where Jios0 s the Jacobian associated with the torso body to which the virtual torque is

applied.

This controller was applied to the Sarcos Primus humanoid robot, which used an inertial

measurement unit (IMU) attached to the hip to measure torso angle with respect to ground.
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Figure 5.3: Posture control is achieved by a virtual torque on the torso. The original

contact forces (dashed) are modified (solid) to compensate for this virtual torque.

Figure 5.4 shows the result of the balance controller when the robot is pushed from behind
at the middle of the torso with and without posture control. Without posture control, the
torso is underdamped and has a large deviation from upright. This is corrected by torso
posture control with Ky, = 150 and Ky; = 150. The robot is also able to handle much larger
pushes with this controller. Photos of the robot during this experiment are shown in Figure

5.5.

5.6.3 Example: Heavy Lifting

This task further demonstrates the capabilities of the DBFC-VMC controller. When lifting a
heavy object as shown in Figure 5.6, DBFC-VMC can be used to generate the compensating

joint torques. The VMC task controller can be defined to regulate the position of the object,

Flift _ Kop (szgect _ Pobject) (528)
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Figure 5.4: Torso angle with and without torso posture control. The force of the

push was measured to compare the performance relative to push size.

Now Eq. (5.20) takes the form

Dl médes + Fg + Flift
F = (5.29)

D2 (Pobject _ C) X Frg
The mass of the object is not needed for VMC control, but could be implemented in a
feedforward manner if known, F}; = Fur + mePiectg. In addition to the task force, a task

torque is required because the gravitational force on the object applies a torque about the

COM. Eq. (5.21) is again used to determine the joint torques,

q —N(q,q) +JTF* + Y, I Fi
G _ fife = A (5.30)
Tdbfc —-Jq

where Jy;i defines the point on the arms where the lift force is applied.
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Figure 5.5: Comparing torso posture control responses. In a) the robot is pushed
from behind to the middle of the torso with a force sensing stick. The effect of
posture control can be seen in b) without using posture control and c) with posture

control.

object
B

potiect

Figure 5.6: Lifting a heavy object requires both a task force and task torque to

compensate for the gravitational force on the object.
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Figure 5.7: Experimental setup for evaluating the lifting task. A 4.5kg mass is
dropped into the bucket. The robot applies a force, Fy, to the bucket to control

the height of the bucket.

Figure 5.7 shows the experimental setup used to test this controller. A bucket is attached
to the hand so only a vertical force is required. A 4.5kg mass is dropped into the bucket
from a height of approximately 22cm. Without the VMC, the robot falls forward. However,
when VMC is enabled with K, > 0, the robot maintains its balance. A comparison of the
performance for different K,, values is shown in Figure 5.8. As expected, Fji; increases with
K,, and the steady state error is reduced. To eliminate the steady-state offset, an integrator

could be added to Eq. (5.28).
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Figure 5.8: Comparison of heavy lifting experiments with a range of K, values.

5.6.4 Example: Force Feedback

The previous heavy object lifting task can be modified to incorporate force feedback control.
The mass of the heavy object causes the effective COM of the entire system to move forward.
The discrepancy between the model COM and the total COM can be sensed by measuring
the center of pressure (COP) using the force-torque sensors on the feet. The desired COP,

COPys, is the center of the base of support. To compensate for the extra mass, the COM
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Figure 5.9: Comparison of force feedback controls for a range of K; values. K, =

1000 and T = 700 for all experiments.

of the robot is moved backwards using an integral control,

K;

Cies = 7 | (COPy, — COP) di (5.31)
0

where K; > 0 and Ty is a scaling factor.

Figure 5.9 shows the effect of the force feedback controller in Eq. (5.31). Without
feedback (K; = 0) the COP moves to the front of the foot where balance control is poor. As
K, is increased, the COP is moved back to the center of the foot and the COM of the robot
is moved backward. Doing so also results in better task performance because the robot has
greater force control authority in this state. If K; is increased too much, oscillations in the
COP can occur due to the dynamics of the robot. A COP controller that combines integral

control and the dynamics of the robot [113] could be implemented for improved control.
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Figure 5.10: Comparison of different K, and K gains for lifting multiple weights.

Figure 5.10 demonstrates control with and without force feedback when multiple weights
are added to the bucket one at a time. For the K, = 0 case, the robot falls over after the
second weight is added. With K, = 2000, the robot can remain standing. Without force
feedback, both the COM and COP move forward with each weight. With force feedback,

the COM is moved backward and the COP is regulated to the middle of the foot.

5.6.5 Example: Walking Control

This controller can be extended beyond standing balance to the control of locomotion such
as walking. For this example, walking trajectories of the COM are generated using Push
Recovery Model Predictive Control (PR-MPC), described in Chapter 4. This controller uses

the LIPM dynamics to generate COM trajectories for walking. DBFC-VMC takes the output
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Figure 5.11: Walking control is achieved by tracking the desired COM and swing foot
trajectories. Inverse kinematics is used to update the desired pose and DBFC-VMC

is used to generate full-body joint torques.

of PR-MPC to generate full-body joint torques for walking.
PR-MPC can be thought of as a function, ®, of the current COM state, (C,C) and
foot locations, Py and Ppg, that returns trajectories for the COM, C(t) and feet, Py (¢) and

Pr(t), over the next several footsteps,
o {c, C,PL,PR} 5 {C(t), PL(t), Pr(1)} (5.32)

as illustrated in Figure 5.11. In this example, footsteps are being planned three steps into
the future and replanned just after each touchdown.
The controller for this task is written as a trajectory-tracking controller with feed-forward

accelerations,

Caes = C() + Ko (C(t) — C) + Koy (C(t) - ('3) (5.33)
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Figure 5.12: Trajectory of the COM generated by PR-MPC for a 0.5 m/s desired
walking speed in simulation. Dashed lines represent desired positions/velocities and

solid lines represent true state of the robot.
When substituted into Eq. (5.20), this generates the desired contact forces, F*. Joint torques
can be found using Eq. (5.21), which can be re-written as

G - (5.34)

Tdbfe P(t) —Jq

105



YWalking Contact Forces

100

1000

WMoEmf

M, (Nm)

[}

-50 !
0 05 1 14 2 25 3

Figure 5.13: Contact forces during forward walking at 0.5 m/s in simulation. The

dashed lines are the desired forces used by DBFC to create the full-body joint torques

whereas the solid lines are the actual contact forces.

where P(t) is non-zero for the swing leg. The footstep trajectories can be defined in a number
of ways. In this chapter, minimum jerk trajectories are defined between the takeoff position
and desired footstep location with a predefined height of 5cm starting and ending with zero

velocity. Joint trajectories are calculated using inverse kinematics [83], determining both
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desired joint angles and joint velocities, and tracked using low gain PD control.

This walking controller has been successfully applied in simulation. Figure 5.12 shows
the COM positions and velocities in the horizontal plane. In this simulation, PR-MPC is
recomputed at every footstep. The desired COM trajectories calculated by PR-MPC are
tracked very closely even though joint position gains are low and joint trajectory tracking
is not perfect. Figure 5.13 shows the desired contact forces used by DBFC and the actual

contact forces that result.

5.7 Discussion

The controller presented in this chapter is a model-based controller. It uses a 3D rigid-body
dynamics model of the entire robot to determine forward and inverse dynamics. One of the
problems with this type of controller is that the robot does not match the model. Not only
can kinematics and mass properties be wrong, but unmodeled effects such as hydraulic fluid
flow, deformable joints, and ground contact compliance can cause unpredicted behavior.
These effects can be a significant problem for force-controlled robots performing dynamic
motions. While the model used to control our robot is not perfect, reasonable force control
is achieved, for example in Figure 5.2.

The simplest method for overcoming some modeling error is to include the feedback
controller in Eq. (5.24). The structure used for feedback control can be a PD controller,
which assumes all joints are independent, or a linear quadratic regulator (LQR) full-state
feedback controller derived from a linearized model. In this chapter, this joint feedback
controller is simply appended to the DBFC torques. A prioritized control approach could

be used to limit the interaction between the two controllers [93][19].
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Figure 5.14: DBFC-VMC can be applied to cooperative manipulation tasks such as

helping a person lift a table.

The DBFC-VMC controller can accommodate a wide variety of tasks. It also inherits
from traditional VMC the ability to define tasks in a model-free way. As shown in Figure 5.6,
a model of the object isn’t needed, only a definition of a controller to grasp it. However, if a
model is provided, DBFC-VMC can take advantage of the model to achieve improved control.
It can be easily extended to related force control tasks like cooperative manipulation as shown
in Figure 5.14 (see the video at http://www.cs.cmu.edu/~cga/bstephens/videos/table.
mpg).

A slightly modified version of the task in Figure 5.6 would include grasping forces, which
are internal to the system. To grasp the object steadily, both arms could apply an equal and
opposite force. This force has no effect on the ground contact forces but does affect the joint

torques in the two arms. This idea was tested in a full-body simulation shown in Figure 5.15
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Figure 5.15: DBFC-VMC applied to a full-body robot in simulation lifting a heavy

object.

(see the video at http://www.cs.cmu.edu/~cga/bstephens/videos/liftsim.avi). The
lifting example also highlights a possible problem with the DBFC-VMC as presented. If
the object is heavy enough to tip the robot over, adjustments such as leaning backwards or
moving a foot to reshape the base of support may be required [142]. However, with proper
placement of the COM and feet, DBFC is a simple choice for determining full-body joint
torques.

The role of angular momentum is not emphasized in this chapter. Angular momentum
is generated by applying a torque about the COM, for example by bending quickly at the
hip or swinging the arms. Doing so can momentarily generate higher horizontal forces to

aid balance. However, the humanoid form is not built to store angular momentum as in a
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Figure 5.16: Screen captures of large push recovery using a hip strategy

flywheel; any angular momentum added to the system must also be removed quickly. In this
chapter, the desired behavior is to minimize the generation of angular momentum by setting
the desired change of angular momentum to zero, Hyes = 0. In fact, it is generally useful to
dissipate angular momentum by setting Fges = —K,H. A multi-objective controller [2][20]
can be used to better manage this tradeoff and result in the behavior shown in Figure 5.16

(see video at http://www.cs.cmu.edu/~cga/bstephens/videos/hiprobot.wmv).

5.8 Conclusion

This chapter presented a controller for mapping controls derived for a simple model to full-
body joint torques for a humanoid robot. Dynamic Balance Force Control (DBFC) first
computes feasible contact forces based on a desired COM acceleration and then computes
full-body joint torques. This controller was demonstrated in force control tasks such as

balancing, lifting heavy objects and walking.
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Chapter 6

COM State Estimation

In this chapter, simple models are used to improve humanoid balance and push recovery
by providing a better state estimate even in the presence of small modeling error. A good
estimate of the COM position and velocity is important for choosing strategies, such as
described in Section 3.3. The state estimator presented in this chapter was used for all

hardware experiments in Chapters 4 and 5.

6.1 Introduction

The goal of this chapter is to provide a practical exploration of the effects of modeling error
and unknown forces on state estimation for dynamically balancing humanoid robots. These
disturbances have the effect that the observed dynamics do not match the expected dynamics,
a discrepancy that cannot be simply represented as process noise. State estimators, such

as a Kalman filter [58], are complicated by this because they rely on a prediction step that
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uses the expected forward dynamics. Likewise, model-based control frameworks, such as
model predictive control (MPC), use the expected dynamics to generate a control policy.
This policy is also often in the form of a state feedback controller which requires estimates
of the full state of the system. This chapter will explore how certain modeling errors can be
overcome, either through changes to the process model in the estimator or the addition of
specific sensing capabilities.

Humanoid balance is often studied using simplified models. One of the simplest and most
widely-used is the Linear Inverted Pendulum Model (LIPM) [56] which treats the body as
a lumped mass, centered at the center of mass (COM), that only moves horizontally. These
assumptions result in a simple linear model of the dynamics, opening up the possibility
of using any number of modern linear control and estimation techniques. One of the most
widely used applications of the LIPM has been walking trajectory optimization using preview
control [53],[132], which outputs a COM trajectory that satisfies the constraints that the
center of pressure (COP) be within the base of support.

In general, many implementations of balance control on humanoid robots rely on stiff
position-controlled joints and perfect tracking of the desired COM trajectory. However,
these methods tend to fail in the presence of unmodeled disturbances such as uneven ground.
This chapter focuses on robots with force-controlled joints, such as the Sarcos Primus hu-
manoid, that can comply to disturbances but require reactive balance control. Balance for
force-controlled robots is often achieved using force-control techniques [98],[50],[115], where
feedback is required to control COM state.

The problem being explored in this chapter is that the state (position and velocity) of
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the COM is not easily determined. Not only is there no direct measurement of joint velocity
in our robot, but modeling error can be significant. Often, modeling error has been modeled
by augmenting the process and/or output models with step disturbances [85],[91]. The
construction of these augmented models can have both positive and negative effects. This
chapter will consider both types of disturbances in the context of humanoid balance. First,
an error in the measurement of the position of the COM can be represented by an output
disturbance. Second, an unknown external force can be modeled by a state disturbance. The
main contribution of this chapter are the application of modeling-error-based
Kalman filters to improving COM state estimation and control in humanoid
balance.

This chapter is outlined as follows. In Section 6.2, the different process dynamics models
and sensor models are combined to form Kalman filters. Their performance is theoretically
predicted by computing the observability of the system. Next, in Section 6.3, state estima-
tors are designed and compared for different cases of modeling error. In Section 6.5, the
estimators are applied to the state estimation of a force-controlled humanoid robot perform-
ing different balance tasks. Finally, in Section 6.6, an extension of these ideas is presented
which additionally includes foot positions as variables allowing for a world-coordinates-based

state estimate as the robot walks.
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Estimator (Process Model, Sensor Model)

com cop Dual
Naive Ay, Cy, Ay, Cyp Ay, Cpyp
External Force A, Cl‘1 A, Cz‘l A, C12|1
COM Error A2>C1|2 Az,Cz‘2 AZ,CW
Dual A12»C1\12 A12»C2\12 A12»C12\12

Table 6.1: Different types of process dynamics models, A, are combined with dif-

ferent sensing models, C;;, to create Kalman filters.

6.2 System Modeling

In this chapter, different state estimators will be constructed by pairing process dynamics
models, A;, with sensor models, C;;, to form Kalman filter [58] state estimators. The
various pairings of process models and sensing models are shown in Table 6.1.
The 1D Linear Inverted Pendulum [56] is used as the basic process dynamics. Just as in
Eq. (3.5),
i=w?(r—x.) (6.1)
where w = \/%, x is the position of the center of mass (COM), z, is the constant height
of the COM, and z. is the position of the center of pressure (COP). The LIPM dynamics

are convenient because they can be written as a discrete time linear system in state space

form,

Xk+1 = AOXk + Bouk (62)

where x;, = {z,4, 2.} is the state vector and wu;, = i, is the input at timestep k. The
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matrices in Eq. (6.2) are given by

_ 1 T 0 |
Ag=| T 1 —w?T (6.3)
0 0 1
and _ - _
0
Bo=1]0 (6.4)
T

where T is the timestep. This simple Euler approximation is used for clarity. It can be easily
implemented for small T, such as the T" = 0.0025s corresponding to the 400H z control rate
on the robot. Ay is the basic dynamics equation that will be used throughout this chapter,
though some modifications will be proposed.

A linear measurement model is also assumed to have the form,
yi = Cxg (6.5)

where y;. is a vector of measurements. The structure of C depends on the type of sensors

and state description.

6.2.1 Sensing Models

This section will describe various sensing models to be used in Eq. (6.5). The output
matrices are denoted by C;; where i denotes the sensor model (i.e. S;) and j denotes the
state dynamics (i.e. A;). Combinations of sensor models will be represented by Cg;, for

example Cjy;.
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S1) Position - Position sensors are the most common type of sensor. In this case, the
position of the COM is calculated from a model of the mass distribution in the system (which

is incorrect)
Cio = [ 1 0 0 } (6.6)

S2) Center of Pressure - It is also common for balancing systems to have contact

force sensors that measure the center of pressure of the system. In this case,

Cajo = { 001 ] (6.7)

S3) Total COM Force - A ground contact force sensor can provide the total horizontal
force on the COM. In this case, Eq. (6.1) shows up in the output model, multiplied by the

mass of the system,

Cs0=1| mw? 0 —mw? (6.8)

6.2.2 Modeling Errors

Two general types of error common to humanoid robots are considered here: an unknown
COM offset in the measurement output and an unknown external force. The modified
process and output models for these will be presented. These can be considered to be
unknown parameters of the model. As with states such as the COM velocity, there are no
direct measurements of these parameters available, so they are included in the dynamics
model as extra states to be estimated.

D1) Unknown COM Offset - It is often the case in real systems that the true position
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of the COM will be unknown. This error can be represented by an output step disturbance,

T = T + Axy, (69)

where Z is the estimated COM position and Ax is an unknown offset. In this case, a COM
offset can be appended to the state vector, x = {x, &, z., Azr}* and process model re-written

as

A = (6.10)

which has the same dynamics as in Eq. (6.1).

D2) External Force - It also quite possible that an unmodeled external force could be
perturbing the system. This force could represent an unknown contact with the world such
as leaning against a wall, an interaction force such as shaking a hand, or an inertial frame

force such as standing on a moving bus. In this case, the dynamics take the form,

i=w(r—xe) + Uy (6.11)

where u, is an unknown external force. This model was also discussed in Section 3.2.2. In

this case, an external force estimate can be appended to the process model, making the state,
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x = {x, 2,7, uz }7, which has the dynamics of Eq. (6.11) and the state space dynamics,

A, = (6.12)

D12) External Force and COM Offset - If both of the above modeling errors are
assumed, then both an unknown external force and COM offset are appended to the dynamics

of the system,

A= 0 0 1 00 (6.13)

6.2.3 State Estimators

In this section, the process dynamics models from Sections 6.2.2 and 6.2.2 and sensing models
from Section 6.2.1 are combined to form Kalman filters [58] denoted by F;;.
Process and measurement noise models are also constructed for the system to form the

dynamics needed by the state estimator,

Xpr1 = Axp+Bug+v, (614)

yi = Cxi+yy (6.15)
where v, is a vector representing the process noise of each of the components of x; and v,
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Variable Output Noise

Position le® le”
Velocity le*

COoP le? le™
COM Offset le4/le?

External Force le*

Total Force 1

Figure 6.1: Table of covariance values used for the various estimators. These values

were determined manually.

is a vector of measurement noise on each component of y,. The noise variables are assumed

to be Gaussian processes with

v, ~ N(0,Q) (6.16)

v, ~ N(OR) (6.17)

The covariance values used throughout this chapter are shown in Figure 6.1.

An estimator will be denoted by Fj; which corresponds to a process model A; and a
sensor model C;j;. Below are descriptions of various state estimators.

FO0) Naive Estimator (Fj) - This estimator is referred to as naive because it has no
representation of the modeling error besides the normal process noise.

F1) COM Offset Estimator (F;;) - For this estimator, the A; process model includes

the COM offset as a variable and the output model is modified with a position measurement

119



derived from Eq. (6.9),

Cip = { 100 —1 } (6.18)

F2) External Force Estimator (Fj) - In this case, the A, process model is used but

the output model is unchanged, except by adding an additional column for the force,

1 000
Cigpp = (6.19)

0010

F12) Dual Estimator (Fj2) - In this case, the Ay, process model is used and the

output model includes two additional columns,

1 00 0 —1
Clg|12 — (620)

0010 O

6.2.4 Observability

One way to partially predict the performance of different estimators is to consider the ob-
servability of the system defined by Eq. (6.14) and Eq. (6.15).

Given an estimator, Fjj;, observability is determined by evaluating [13]

O (Fy;) = rank Cy,;A? (6.21)

n—1
I Ci;Af |

il

where n is the dimension of the state vector (including any offset parameters). If
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Process Sensor Model (Detectability rank)
Model

(state size) S1 S12 $123
A, (3) (Naive) 3 3 3
A, (4) 3(X) 4 4
A, (4) 3 (X) 4 4
Ay, (5) 3(X) 4(X) 4(X)

Figure 6.2: Table of observability given different process and output models. If the
observability is equal to the size of the state vector then the state is fully observable.

An (X) signifies that the system is not observable given these conditions.

O (Filj) = n, then the system is observable. The table in Figure 6.2 gives this value for
several different process and sensor model pairs.

Note that the dual estimator (F12) is not observable even given all three sensors (S123);
there are not enough independent measurements in the S123 sensor to distinguish between

an external force and a COM measurement error.

6.3 State Estimator Comparisons

In this section, the performance of various estimators in the presence of different modeling
errors is compared. The estimators take as inputs data from known ground truth state
trajectories generated by sinusoids with an amplitude, a = lem, and frequency of § =

27 rad/s.
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The state trajectories used have the form

z(t) = asinft (6.22)
i(t) = afcoswt (6.23)
z(t) = z(t) + % (aB?sin Bt + uy) (6.24)

and COM measurements of

y1 = xz(t) — Ax (6.25)

Y2 = z(t) (6.26)

6.3.1 Naive Estimation

First, the need for estimators which account for modeling error is demonstrated. In this
section a naive state estimator (F0) is implemented. However, when generating the ground
truth trajectories, modeling error in the form of a COM measurement offset (D1) or an
external force (D2) is added. The performance using position-only (S1) and position-COP
(S12) measurement models is compared.

Figures (6.3) and (6.4) show the results using the naive estimators in the presence of a
COM offset and an unknown external force, respectively. Using S1, both the velocity and
COP are poorly estimated. For the S12 case, the COP is correctly estimated but there are
still errors in the COM velocity estimates. Both S1 and S12 fail in the D1 case to correctly
estimate the COM position.

Because of this, it is desirable to modify the estimator to include additional states that

correct for these steady state offsets.
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Figure 6.3: State estimation performance unknown COM offset (D1) comparing
position-only measurement (S1) with position and COP measurement (S12). A COM

offset of 2cm was used.

6.3.2 COM Offset Estimation (F1)

Results using an [}, state estimator in the presence of an output error of Az = 2cm are
shown in Figure 6.5. Using only S1, the system is unable to estimate the state properly,

whereas using S12 the estimator quickly converges.
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Figure 6.4: State estimation performance with unknown external force (D2) com-
paring position-only measurement (S1) with position and COP measurement (S12).

The external force was set such that u, = 0.5.

6.3.3 External Force Estimation (F2)

Results using an F;p; state estimator in the presence of a state disturbance of u, = 0.5m/ 52
are shown in Figure 6.6. Again using the S1 sensor isn’t enough to correctly estimate the

state whereas the S12 succeeds.
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Figure 6.5: State estimation performance with unknown COM offset (D1) comparing
position-only measurement (S1) with position and COP measurement (S12). The

COM offset (with a true value of Az = 0.02m) is added as an additional state

variable in the process model.

6.4 Controlling With Modeling Error

A poor state estimate can lead to poor balance control. In the previous section, ground truth
sinusoidal trajectories were generated analytically and used to test the state estimation. In
this section, however, a controller is used to track the sinusoidal trajectories. It is assumed
that the controller only has access to the state estimate.

A fixed gain linear quadratic regulator (LQR) controller, designed using the dynamics
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Figure 6.6: State estimation performance with unknown external force (D2) compar-
ing position-only measurement (S1) with position and COP measurement (S12). The
external force (with a true value of u, = 0.5m/s?) is added as an additional state

variable in the process model.

from Eq. (6.3) and Eq. (6.4), is used. Desired trajectories are generated from the same
sinusoid patterns above, except the terms, u, and A,, are set to zero because the modeling
error isn’t known in advance. Feedforward input commands are also calculated from these

trajectories. The controller has the form,
up = dop + K (x§ — %) (6.27)

where K is a (1 x 3) LQR gain matrix and X;, is the state estimate at timestep k. The LQR
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Figure 6.7: Controller in the presence of an unknown COM offset (D1) using naive

estimator.

controller is designed with a state cost, Q, = diag([1e?, 1,1]), and a control cost of R, = 1.

6.4.1 Naive Control

First, the need to consider the modeling error during control in the presence of modeling
error is demonstrated. Consider a system with a COM measurement offset (D1) but using an
estimator with only the Ay process model. This result is shown in Figure 6.7. As expected,
the system is stable but there is a steady state offset between the estimated COM and the

true COM and the true COM does not reach zero.
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Figure 6.8: Controller in the presence of an unknown COM offset (D1) using COM

offset estimator (F1).

6.4.2 COM Offset Control

In an attempt to eliminate the steady state offset between the true COM and the goal, an
estimator that estimates the COM offset, Fi91, can be implemented. The result of this is
shown in Figure 6.8. The system simultaneously regulates to the goal and estimates the

COM offset. Note that this controller requires the S12 sensor model.
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6.4.3 External Force Compensation

Unlike the COM offset, an external force actually changes the dynamics of the system and
represents an uncontrollable variable. The result is that while the state estimator will work
properly, there will be a steady-state tracking error. For this reason, the steady state desireds
are often recomputed based on the current estimate of the disturbance force[91]. In this case,
the dynamics in Eq. (6.11) are inverted to determine an offset in the desired COP position
such that

L.
T = Tek + o2 ek (6.28)

z% is the desired COP and iy, is the estimated external force at timestep k. Results using

this controller for a constant external disturbance are shown in Figure 6.9.

6.5 Experimental Results

The intended application of these state estimators is to better estimate the COM state of
the Sarcos Primus humanoid robot shown in Figure 1.5. It can be expected that both types
of modeling error (D1 and D2) will be present in the system. Because of the complexity and
high dimensionality of the robot, an offset between the modeled COM and the true COM
is likely. In addition, the hydraulic hoses that provide the pressurized fluid to the robot
are known to apply external forces to the robot that are not measured. Below, the model
of the robot used and its relation to the simplified models presented earlier is shown. The

experimental setups are described with results.

129



External Force Filter + Controller £ ux=EI.1 mis?

E

= DOIF
= 0

w
£ 001

) :

E T

= - desived {1
()

0. true-=12 4
= —— —est-312 ||

24 3

External Force (mis) Cop m)

005k ” -

DA 1 15 2 24 3
Tirme (s)

Figure 6.9: Controller compensating for a constant external force (D2) using an F2

estimator.

6.5.1 Robot Model

A rigid-body dynamics model of the robot is assumed. The model has 12 actuated joints (6
in each leg, excluding thigh rotation) and a free-floating root joint (the pelvis). The torso
and upper body joints are assumed to be rigidly attached to the pelvis and are controlled
using stiff PD control with constant desireds.

From the robot, the measurements received are joint angles, q, from potentiometers, and
pelvis orientation, rg, given by an IMU mounted to the pelvis. The pelvis position variables,

X are not directly observable. However, by assuming that a foot is flat on the ground at a
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known position these variables can be determined from the forward kinematics. There are

two important features computed by the forward kinematics, including the foot centers,

v, = fr(0,19,q) (6.29)
Tr = fR (07 Iy, CI) (630)

and the COM position,
T = fC (07 Io, q) (631)

where fx(x,r,q) represents a forward kinematics function. In the above equations, xy is set
to zero. Therefore, assuming for example that the left foot is flat on the ground, the COM
measurement is given by

T=x—uxp (6.32)
The COP measurement is computed by combining the measured COP under each foot using

a 6-axis force/torque sensor. If z,; and z,r are the COPs and F,;, and F.p are the vertical

forces under the left and right foot, respectively, then

5= (xp + xpr) For + (2R + 2pr) Fir _
FzL + FzR

L, (6.33)

if the total COP, again relative to the left foot.

6.5.2 Experiments

Two types of experiments were performed on the Sarcos Primus humanoid robot. In both
experiments, the robot data was generated from a fixed balance controller using only low-

pass filtered COM measurements and no state estimators. The state estimators were applied
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Figure 6.10: Comparing the COM position estimation of multiple estimators, two of

which estimate COM offset errors.

to this data and performance was compared. For verification, the robot was standing on a
force-measuring platform. Though it is predicted to fail, a Fia3);2 estimator is included
for comparison which uses the force measurements from the force platform and the output
model in Eq. (6.8). The lower covariance for the COM offset is used for the Fio3)12 estimator
because this variable is likely to change much slower than the external force.

Coronal Swaying - For this experiment, the robot is standing on a force-measuring
platform and swaying side to side in the coronal plane in a sinusoidal pattern. Using the

measured COM and COP positions, several state estimators were applied to the data. Po-
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Figure 6.11: Zoomed in view of the COM velocity estimation for multiple estimators

sition estimates are shown in Figure 6.10. All estimators perform similarly, with Fj; and
Fij2 additionally estimating a significant COM offset of approximately 2.4cm. Figure 6.11
shows a zoomed-in view of the velocity estimates after some time has passed. The velocities
are compared to a computed velocity that is calculated by differentiating and applying a
zero-phase low-pass filter. The velocity estimation is generally improved by the more ad-
vanced estimators. The table in Figure 6.12 compares the error between the estimates and
the computed velocity.

Sagittal Pushes - For this experiment, the robot is standing on a force-measuring

platform and pushed from the front in the sagittal plane. The push is performed using a stick
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m RMS Velocity Error

Fuin 0.0055
Fia/o 0.0231
Foarn 0.0015
Fizp2 0.0011
Froajiz 0.0084

Figure 6.12: Velocity estimation error of multiple estimators compared to a numeri-

cally calculated and filtered velocity.

with a 6-axis force/torque sensor mounted at the end point. There are actually two types
of external forces in this experiment. There is a small, nearly-constant external force caused
by the hydraulic hoses in addition to the large momentary pushes from the experimenter.
The F2 estimator was applied to this data with varying covariances for the external force
variable and the results are shown in Figure 6.13. As the process noise covariance is increased,
the estimator more closely estimates the push force, but also begins to incorrectly estimate

external forces during the transient recovery period between pushes.

6.6 Feet State Estimation Extension

The dynamics in Eq. (6.1) generalize the effect of multiple foot contacts by only considering

the total center of pressure, (z.,y.). However, this point is a result of the forces at each
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Fobot Experiment - Push Force Estimation
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Figure 6.13: External force estimation while undergoing pushes in the sagittal plane

for various process noise models.
contact point and can be re-written as

T, = «Q (JZL + JICL) + (1 — Oé) (CL’R + ZL’CR> (634)

Ye = a(yr+yer)+ (1 —a)(Yr+ Yer) (6.35)

where (21, y;) and (zg,ygr) are the foot locations and (z.r, yer) and (z.r, yer) are the COPs
under the left and right feet, respectively. « is a variable that represents the distribution of

force between the two feet such that

o= ——2L__ (6.36)



This parameter varies between 0 and 1. These variables define an alternative set of COM

dynamics equations given by

mi = Z’—j ( — a(zn +2er) — (1 — @) (Tr + zer)) + fo (6.37)
mij = "2y = s+ yer) = (1= 0) (v +wer) + fy (6.38)

These updated LIPM COM dynamics equations can be used for state estimation by con-
structing a Kalman filter. The dynamics can be discretized and reconstructed into state-space

form,

X =1 (Xy) + Bw (6.39)
where
X = {xay,fa?),IELayL@cLy?JcLJR;yR,%R,ch,CY, fas fy}-

For the purposes of state estimation, it is assumed that there are no inputs to the system,
only disturbances.
A new measurement model can also be considered. The measurements available include

the centers of pressure and the relative position of the feet to the COM given by the robot
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kinematics,

Tp—T
LeL
Yo — Y
YeL
Yi=| zp—=z (6.40)

Yr— VY

YeRr

«

Process and measurement noise models are also constructed for the system to form the

dynamics needed by the state estimator,

Xt+1 = f(Xt,(U) (641)

Y, = h(X,v) (6.42)

where w is a vector representing the process noise of each of the components of X; and v is
a vector of measurement noise on each component of Y.

A unique feature of this state estimation problem is that there is no direct measurement
of the position of the COM, only the position relative to the feet, as in Eq. (6.40). However,
there is an indirect measurement provided by the force weighting, . When there is a lot of
weight on one foot, it can be assumed that that foot is fixed on the ground. Rather than
switching dynamic models, the process model is modified based on the state of the system,

such that the foot location has a low process noise when it is on the ground and a high
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Figure 6.14: The process noise associated with the left and right foot variables are
functions of the foot force weighting, «, such that the process noise is wg when there
is little or no weight on the foot and increases to w;,., as the weighting on that foot

goes to zero.

process noise when in the air. This behavior can be accomplished by process noise models,
wr(a) and wg(a), which are functions of the foot weighting and have a shape similar to that
shown in Figure 6.14.

Note that because of the slight nonlinearity in the dynamics, a nonlinear Kalman filter,
such as an extended Kalman filter is used to perform state estimation for this system.

The effect of the state dependent process model in Eq. (6.41) is demonstrated by Figure
6.15 and Figure 6.16. Both examples use the same data from a walking simulation. In Figure
6.15, the process noise model is constant. The estimate looks as if the legs are swinging back
and forth. By using a state dependent process model, more realistic estimates like those in

Figure 6.16 are achieved.
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Figure 6.15: Simulation of walking without using state dependent process model.
The dotted lines are a forward walking simulation. The solid lines are the estimates

which are clearly incorrect.

6.7 Discussion

This chapter has presented motivational evidence for the use of disturbance-modeling state
estimators on force-controlled balance systems using several examples, from both simulation

and hardware. Some of the key insights gained are summarized:

e Naive estimation in the presence of modeling error results in inaccurate results.

e COM position only sensing (S1) almost always performs worse than when combined

with COP sensing (S12).
e The presented models will not allow the estimation of both COM offset and external
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Figure 6.16: Simulation of walking using state dependent process model. The dotted
lines are a forward walking simulation. The solid lines are the estimates which track

the true values but drift slightly over time.

force disturbances (D12) simultaneously.

e There is a trade-off between precisely estimating the disturbance and the state.

The disturbance-modeling estimators presented use parametric models of the modeling
error. However, the COM offset and external force disturbances are lumped-mass general-
izations of real errors in the highly complex full-body robot. For example, perhaps there are
small modeling errors in the COM position of every body in the rigid-body dynamics model
of the robot. Active estimation of a COM offset allows for online correction of these small
errors without explicitly relying on the full model. This is the major motivation for applying

simple models such as the LIPM to humanoid robots.
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One of the limitations, however, of the LIPM is that it does not model the effects of
angular momentum and external torques on the system. Models have been suggested to
model these effects, often through the addition of a flywheel with a rotational inertia to the

LIPM model as described in Section 3.2.3. In this case the dynamics become

.. 2 7
— — X)) — — 4
z w? (z — ) — (6.43)

6 = 7 (6.44)
where a torque on the flywheel accelerates both the flywheel and the COM. The angle of
the flywheel, 6, can be roughly approximated by the angle of the torso. The added inertia
increases the size of perturbations from which balance can be recovered, as described in
Section 3.3.2.

Finally, time varying disturbances were only addressed briefly in Section 6.5. There are
two approaches to handling this special class of disturbances. The first approach, suggested
here, is careful tuning of the process model to change the rate at which disturbances are
estimated. If the rate is too high, it is likely the system could go unstable. Another approach
is to assume parametric models of the disturbances. If the system expects to experience
sinusoidal disturbances, for example if it were standing on a moving bus or boat, it might
be worthwhile to model the disturbances in that way instead of a constant.

When applying this state estimator in practice, the external force estimator (F2) is used.
This is because it is easier to hand-tune a reasonable COM offset beforehand. In all of the
examples presented in this thesis, the estimated external force is simply disregarded. This
leads to improved COM position and velocity estimation but reduces the dependence on

accurately estimating the external force. Integrating the estimated disturbance force into a

141



feedback controller was not implemented but could be useful in scenarios with low frequency
force interaction. For example, the estimated force could be used as an additional input to
a standing balance controller that adjusts the balance strategy based on the this knowledge

73).

6.8 Conclusion

This chapter presented the theory and design of state estimators that perform state estima-
tion in the presence of modeling error by considering different disturbance models and sensor
modalities. A variety of process and output models were constructed and compared. For
a system containing modeling error, it was shown that a naive estimator (one that doesn’t
account for this error) results in inaccurate state estimates. Finally, estimators were applied
to the state estimation on a force-controlled humanoid robot for a sinusoidal swaying task

and a push recovery task.

142



Chapter 7

Sarcos Primus Humanoid Robot

Control

7.1 Introduction

As described in Section 1.6, the Sarcos Primus hydraulic humanoid robot is the experimental
platform used throughout this thesis. Most of this thesis has focused on simple models for
approximating this system. This chapter will present some details specific to the full robot
system, including descriptions of the kinematics and inverse kinematics algorithms, hydraulic

torque control, and calibration methods.
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7.2 Kinematics

Given a planned trajectory of the COM and footstep locations, robot joint trajectories can
be generated using inverse kinematics. The planner only specifies the final footstep locations,
so footstep trajectories are defined by fifth order spline trajectories starting and ending with
zero velocity and acceleration.

A free-floating kinematic model is used to determine both desired joint angles and joint
velocities. For full-body behaviors with multiple objectives, an optimization-based inverse
kinematics solution is useful. In addition to COM and swing foot trajectories, the torso angle
is desired to be vertical. A vector of feature velocities, X #, is related to the joint velocities,

q, by a full-body Jacobian,

Xy =J(g)4 (7.1)

7.2.1 Inverse Kinematics

Due to the very complex kinematic structure of the Sarcos robot, analytic inverse kinematic
solutions are difficult or impossible to compute. This is especially true for things like desired
COM position. For this reason, an optimization-based inverse kinematics algorithm is used.

The optimization attempts to minimize the objective function

) 2
¢* = arg min HX?QS ~J(9)q (7.2)
q
The desired feature velocities, X9, can be defined to prevent drift by
v des v plan lan in
X = X9 K (X - X)) (7.3)
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where X?lan and X?lan are determined by the plan and X" is calculated from the robot
state found by integrating q*. K,s is a gain that controls the rate at which the solution is
stabilized to the plan.

To solve this problem, a multi-objective optimization algorithm is used [60]. Objectives

in the optimization are concatenated into a linear system of equations

Jor  Jur X s
Jor  Jyr X s
:  des
Jvcom  Jgcom %o %cgm (7.4)
Joror  Jqtor q X5,
0 I &t
0 1 0

where J;, is a Jacobian with respect to the floating base coordinates and J, is a Jacobian
with respect to the joint angle coordinates. X and Xg are the positions and orientations of
the feet, Xcom is the COM, Xy, is the orientation of the torso and ¢™' is a static reference

pose. This system of equations can be written as
Axx = bk (7.5)

Before this system is solved, the objectives are weighted by a matrix, Wk, such that

WikAkx = Wikbik (7.6)
Eq. (7.6) can be converted into a least squares problem

X* = arg mxin HWIKAIKX — WIKbIK||2 (77)
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which can be solved using any number of least squares solvers. However, the IK solution
should also be constrained to avoid joint limits. There are linear inequality constraints of
the form

o I1,,7T Xp q — Qmin
+ >0 (7.8)

0 _IlimT él —-q + Qmax

where T is the step-size of the IK and qu,;, and quax are the minimum and maximum joint
limits, respectively. Combined with these constraints, Eq. (7.7) can be solved using quadratic
programming. Once a solution, x*, is found, the reference joint positions are updated by
integrating with timestep T

In practice, T is set to the timestep of the controller and the IK solution is updated once
every timestep. The feedback term in Eq. (7.3) helps to regulate the solution. An alternative
approach would be to use a smaller step and perform multiple iterations each timestep in
order to exactly solve the IK problem. However, since the IK solution is primarily used to

generate reference poses, exact optimal solutions at every timestep are not a priority.

7.2.2 Motion Capture Inverse Kinematics

Motion capture can be a very useful tool for programming humanoid robot motions that
would otherwise be very difficult to encode by hand. The human doesn’t have the same
kinematics as the robot, so a reference pose cannot be extracted directly; an intermediate
optimization is needed. Luckily, Eq. (7.4) only needs to be modified slightly to perform this
optimization. Assuming a set of M motion capture markers corresponding to features on

the robot (e.g. shoulders, knees, etc.), an objective can be written to track the markers such
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Figure 7.1: Implementing motion capture tracking inverse kinematics. a) Processed
human motion capture output b) Marker tracking inverse kinematics c) Sarcos hu-

manoid robot dancing.

that _ -
mocap mocap mocap IK
JbO Jq() . XO - XO
Xb
= Kmocap (79)
q
mocap mocap mocap IK
Jonr o Xy =Xy

where J;°*" and J;°“*" are the Jacobians of the features on the robot to which the markers
are attached, X;"°“? are the marker positions from the motion capture, and XX are the
positions of the robot features given the current IK solution.

This method was used to generate a “chicken dance” for the robot, shown in Figure
7.1 (see video at http://www.cs.cmu.edu/~cga/bstephens/videos/chickendance.wnv).
The motion capture markers positions were obtained from the Carnegie Mellon University

Motion Capture Database (see http://mocap.cs.cmu.edu).
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Some example code is posted at http://www.cs.cmu.edu/~cga/bstephens/mocapik.

zip.

7.3 Weighted-Objective Inverse Dynamics

This section describes the current implementation of the full-body controller on our Sarcos
humanoid robot. This method is very similar to the multi-objective controller approach of
Abe, et al. [2]. As described in Section 5.4, the biped dynamics equations in Eq. (5.16) can be
augmented with additional virtual constraints, or objectives. The resulting set of equations
can be solved for the joint torques that can realize those objectives. When many objectives
are added, the system of equations may become over-constrained, and can be solved using
weighted least-squares such as in Eq. (5.19). The weights have to be adjusted to describe
the relative importance of the objectives. This weight-tuning is often done manually.

The objectives used in the weighted-objective inverse dynamics include linear and angular

momentum regulation (as in Eq. (5.17)), torso angle regulation, torque minimization, and
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desired COP control.

M —-S -J7 -N

J 0 0 Paes — g

0 0 D g mCes + F,

0 0 D, r|= Hlies (7.10)
Jr 0 0 F Koo (Aaes — 0) — Ko

o I o 0

0 0 Dc 0

where Jt is the Jacobian associated with the torso angle, Ky and Kqy are torso gains, and

D¢ relates the contact forces to the COP such that

0 0 Pox—COPx ges 0 =1 0 0 0 Prx—COPx_ges 0 —1 0
D¢ = (7.11)

0 0 Poy—COPy_4es 1 0 0 0 0 Ppy—COPy_4es 1 0 O

In order to solve Eq. (7.10), the objectives are weighted by multiplying each side of the

equation by a matrix WD that is diagonal in the objective weights such that

WD = diag ([wpyn', Wcon' , Wcom' s WaNG , WHIP , WTOR , WcoP' | ) (7.12)

Each of these weight vectors correspond to the objective rows in Eq. (7.10). Example
values are given in Table 7.1. The dynamics and constraints are given the highest weight.
When controlling a desired COP, the x and y components of the COM objective are given
zero weights. The angular momentum objective can be given a low weight to allow the
optimization to sacrifice angular momentum regulation in order to achieve better COM

control.
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Weight Value

WDYN 1.0
WCcON 1.0

WcoM [0, 0, 1.06_2]

WANG 1.0e~4
W 1.0e™2
HIP .
1.0e~*
WTOR .
w 1.0e72
COP .

Table 7.1: Objective weight values for weighted objective inverse dynamics control.

Given an equation of the form WAx = Wb, the unknown vector x can be solved using
quadratic programming. QP is used because of constraints on the elements of x such as COP
constraints and torque limits. This QP optimization is run at every timestep, the torques
are extracted from x and are applied to the robot. Generally, low gain PD controls are also
added to these torques to stabilize the system and bias towards a reference pose.

Some example code is found at http://www.cs.cmu.edu/~cga/bstephens/inverse_

dynamics.zip.

7.4 Hydraulic Actuator Torque Control

Hardware experiments are performed on a Sarcos humanoid robot. The robot uses linear hy-

draulic actuators with force feedback to perform compliant torque control on every joint[11].
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Power is provided by an off-board pump with tethered hoses that connect to a manifold on
the hip. There are potentiometers and force sensors at every joint, an inertial measurement
unit (IMU) mounted on the hip, and 6-axis force sensors on each foot.

In this section, a simple controller is presented which is used to control the torque at the
joint. This control is made difficult by the fact that the torque is not directly measured nor
controlled.

Each joint, 4, is controlled independently using a valve command, v;, that controls the
rate at which hydraulic fluid enters and exits the piston chambers. This valve command is
made up of two parts,

v =vl’ + vl (7.13)

where v/" is a feedback term calculated locally on the robot at 5kHz and v/ is a feedforward
command calculated offboard and communicated to the robot at 400Hz. The local controller

does simple linear feedback on the load, u;, at each joint,

o’ = — K, (7.14)

des

while the oftfboard controller adds the necessary command to control the desired load, .
In addition, a positive velocity feedback term is added to cancel the actuator dynamics. The
feedforward command is

vl = K,ud® + K, 0, <91> : (7.15)

)

Eq. (7.14) plus Eq. (7.15) results in a proportional controller on the load at the joint.
The function ¥, <GZ> turns joint angular velocity into linear velocity of the piston. This

function takes into account the kinematics of the joint and represents the multiplication by
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an instantaneous moment arm. Likewise, the desired load is calculated from the desired joint
torque by a function, u = ® (7), and combined with a slow integrator that compensates for

any valve bias,
udes = P, (Tfes + Ky / (i — @7 (w;)) dt) (7.16)
Finally, the desired torque is a combination of the feedforward torques and low gain PD

controls,

T = 7 1 (00 — 0,) + K60 — 6) (7.17)

7.5 Dual Frequency Force Control

This section describes the current implementation of the torque controller on our Sarcos
humanoid robot that uses two controllers, one onboard at high frequency and one offboard
at low frequency to achieve improved joint-level control.

As described in the previous section, Eq. (7.15) is computed offboard and added to the
local robot control signal, computed by Eq. (7.14), to achieve the desired joint force. In our
current implementation, the local controller, which runs at a fast 5kHz rate, also includes

small position and velocity gains, K, and Ky, such that

o' = K, (2= —p,) — K0 — K, (7.18)

1

The full feedforward command, updated at 400Hz, is computed to cancel these position and

velocity gains

)

off = —sz- (Q?es — QZ) + Kdﬂz + Kuiu?es + KV (‘91> . (719)
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The result is still a torque controller, but the high frequency position and velocity gains tend

to cancel out high frequency modes giving smoother motions.

7.6 Automatic Calibration

The robot also requires constant recalibration and offset adjustment. Calibration is accom-
plished through a two-step procedure to first correct the kinematic offsets and then the

dynamic offsets.

7.6.1 Kinematic Offset Calibration

Kinematic offsets include the joint angle zero offsets of the potentiometers at every joint.
Calibration is achieved by placing the feet at known positions and orientations relative to
each other and solving an inverse kinematics-like problem. The orientation of the hip given

by the IMU can also be used in the computation.

7.6.2 Dynamic Offset Calibration

There are many dynamic offsets in the system, including the foot force and torque sensors,
the joint torque sensors and the unknown external wrench applied by the hydraulic hoses.

These offsets can be estimated by fitting the dynamics equations. Ideally, the dynamics have
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the form,

"
M(q) —S -J& —Jj T —N(q, q)
© A - (7.20)
Jo 0 0 0 Fo —Jcq
Fy

where q are the body and joint coordinates, M is the mass matrix, S is a selection matrix,
Jo is the contact Jacobian, Jy is the Jacobian of the hose contact point, 7 are the joint
torques, F¢ are the contact forces, F g are the hose forces, and N are the centripetal and
coriolis forces.

obs

Assuming offsets of the form, = 2°™ — 2°%, where z°" are the observations and x°% are

the offsets, Eq. (7.20) can be re-written as

P
M(q) S J& Ty roft —N(q, q) + S7°> + JLFobs
= (7.21)
Jo 0 0 0 Fof _ieq
rf

Because the dynamics are linear in these offsets, this equation can be easily solved by a

weighted least-squares of the form
(ATA + diag(w))z=A"b (7.22)

where diag(w) is a diagonal matrix of weights that bias each offset to zero. q is included
in Eq. (7.21) to ensure constraint satisfaction. If the robot is static for the calibration, the
weights associated with q can be large to make sure the solution results in zero acceleration.

Likewise, if an acceleration estimate is known it can also be used.
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In practice, the robot is balanced in place before this calibration is initiated. Eq. (7.21) is
solved at each timestep using Eq. (7.22) for a short period (100 timesteps) and the solutions
are averaged and the offsets held constant throughout the experiment. This calibration is

repeated during every trial.

7.7 Conclusion

This chapter provided an overview of algorithms specific to whole body control of the Sarcos

Primus humanoid robot.
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Chapter 8

Conclusion

This thesis presents applications of simple models of biped dynamics for use in force-based
balance and push recovery. These simple models are used for control, planning and estimation
of complex force-controlled humanoid robots performing push recovery and other tasks. The
primary problem addressed is controlling push recovery for full-body force-controlled
humanoid robots. Simple models in terms of generalized quantities such as the COM and
COP were analyzed to determine strategies for recovering balance. These strategies are
found to be highly dependent on the constraints on the allowable ground reaction forces.
To compensate for these strict constraints, a model predictive controller, PR-MPC, is used
to reason about future actions and the effects of constraints in order to bring the
system to rest. It was also demonstrated how this optimization can be tuned to control
both step recovery and walking. These simple models allow the robot to continuously
estimate the state of the system and correct its balance even in the presence of large

disturbances. Finally, push recovery behaviors are implemented on the Sarcos humanoid
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robot using a low-level force controller which mapped the controller for the simple model
to full-body joint torques. The combination of this model-based force control and low gain
reference motion tracking allows the robot to achieve greater compliance during interaction

with other objects and the environment.

8.1 Push Recovery Comparison

Push recovery performance is compared in this section. Building on the comparison presented
in Table 8.1, performance from robot experiments and human biomechanics literature are
also compared. Since the masses of the systems are different, the maximum impulses are
divided by the total mass. The result is the effective change in velocity due to the impulse.
In some cases, the push force was not directly measured, so the change in velocity due to
the push is estimated directly by inspecting the data. Data for this comparison was taken
from Sarcos robot experiments not specifically designed to test the maximum push the robot
could handle.

The pushes handled by the robot are significantly less than those handled by the simu-
lation and predicted by the model. In several cases, this is a result of the controller being
overly conservative in executing either a hip or stepping strategy. To be conservative, the
controller assumes smaller than actual size feet. This causes stepping and hip strategies to
be executed for smaller pushes. In practice, using such a conservative constraint helps keep
the COP from hitting the edge of the foot, where rotation, especially in the yaw direction,

is likely to occur.

157



Strategy Model @} | Simulation™ | Robot(5) | Human
(m/s) (m/s) (m/s) (m/s)

Ankle 0.31 0.25 0.23 0.24 8
Hip 0.436) 0.38 0.14 6 -
1-step 0.54 4 0.40 0.24 (6)47) o
2-step 0.58 () 0.58 0.24 (6)47) =

Table 8.1: (VThe model used in simulation is different, m = 72kg, @ Using a 0.1m
distance to the toe, L = 1.0m, @1 = 40Nm, I = 4.0kg - m?, Opax = 0.57ad,
() Computed by running PR-MPC with increasing initial velocity until the system goes
unstable. Shift time = 0.1s, Step time = 0.4s, max stance width = 0.5m 5)The robot
has total mass of 95kg, COM height of approximately 0.95m, and 0.1m distance to
the toe (O These robot experiments were performed assuming the foot was half-size to
ensure it did not rotate off the ground, so these numbers appear smaller (Estimated

from data (® Estimated from figures in (Pai, et al. 1997)

There are other likely causes for the controller being unable to handle larger pushes.
Stepping for push recovery requires high performance swing leg control because the swing
foot has to hit a target in a very short amount of time. High performance swing leg control
can be difficult to achieve due to a poor dynamics model or slipping of the stance foot.
Another limitation of the PR-MPC controller as presented is that it doesn’t consider angular
momentum. Large pushes to the torso can induce significant angular momentum requiring an
adjustment of desired step location. This lack of angular momentum compensation coupled
with poor swing foot control limited success recovering from large pushes.

The biomechanics literature is often concerned with predicting whether a step should
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occur or not using simple dynamic models [77][90][89][81]. The simple one-link dynamic
model from [90] was used to generate the ankle strategy limit in Table 8.1. The reason that
this value is less than that predicted by the simple model from Section 3.3.1 is likely due
to the inclusion of friction, joint torque limits, and muscle force limits. This biomechanics
model was used to successfully predict stepping in human trials [89]. While many hip strategy
experiments have been performed on humans, maximum push or perturbation sizes have not
been reported. In the case of stepping, because it is difficult to constrain a person to take

only one or only two steps, this data is also not available.

8.2 Discussion of Future Work

This thesis has presented methods for simplifying the design of very basic behaviors. Because
of the complexity of these systems, implementation can still be challenging and tedious.
Future applications will require automatic generation of stable behaviors. Not only
should the developmental tools for programming and diagnosing behaviors be improved,
but the controllers themselves should be able to generate new behaviors to adapt to new
situations. In addition, controllers should improve performance and efficiency of behaviors
through experience.

Not only will humanoid robot controllers need to improve, but the hardware and system
integration need to be improved to allow robots capable of real world application.
There are currently few examples of humanoid robots performing valuable tasks outside

of the research laboratory. One of the most useful applications of humanoid robots is in
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dangerous or otherwise unreachable scenarios, for example repairing a nuclear power plant
or traveling to distant planets. These tasks will require robust and efficient systems capable
enough to withstand abuse and repair or reconfigure themselves if needed.

Another application that has yet to be realized is the testing of biomechanical models
of humans. Currently there is some effort by roboticists to use existing biomechanical
models and observations of humans to inform the design of humanoid robot hardware and
control. However, there is very little effort to use these results to inform and assist the
efforts of the physiological fields. A greater focus on such two-way collaboration will lead to
accelerated development of robust human-like control for robots and new tools and devices
for evaluating and assisting humans.

Like all forms of automation, there are concerns surrounding not just the technological
advances. Humanoid robot researchers of the future should be trained in the sociological
and ethical issues raised by their work. A humanoid robot is perhaps theoretically capable
of any task a person is, and perhaps at the same time capable of greater performance.
Exciting as this may be, caution is needed by researchers and policy makers. Are humanoid
robots going to replace factory workers? Will they replace soldiers and fight wars for us?
Will we use them as avatars to live our daily lives? Who is to blame if the robot causes harm?
In the end there will be some tasks for which a humanoid robot may be better suited and
some tasks for which it is not. The question will ultimately be how to make safe and effective

use of these systems while doing so ethically with responsible foresight of the consequences.
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