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Abstract 
Stroke impacts 7 million people in US. Of the disabilities induced by stroke, mobility 

limitations are among the strongest factors limiting quality of life.  Robotic approaches to stroke 

rehabilitation in the lower-limb have historically focused on rhythmic movements and activities 

which replicate gait kinematics. These approaches have not yet yielded better outcomes than 

standard therapy. A reason for this could be the lack of volitional engagement and goal-directed 

behavior in these activities. This Dissertation explores the design of robotic and software systems 

required for the study of goal-directed lower-limb motor control and the application of these 

systems to derive new insights through controlled experiments. The outcomes of this Dissertation 

aim towards facilitating future studies of rehabilitation in stroke affected populations. 

 The First chapter describes the design, development, and validation of NOTTABIKE, a 

high-power haptic robot developed for the study of motor control and the delivery of lower-limb 

therapy.  The second chapter explores the results of experiments on healthy subjects performing  

lower-limb reaching tasks in a dynamic environments. The results center around the time course 

of adaptation to these varied environments and an optimal control model of adaptation. The third 

chapter details an experiment investigating the effect of cognitive models on the skill learning in 

the lower-limb, an important yet understudied aspect of rehabilitation with robotic systems. 

Finally, the fourth chapter documents the optimal design of the linkage system for a 2DOF high 

power haptic robot using a novel force-space matching approach. This Dissertation lays the 

foundation for a Research Program in the BADGER Lab oriented towards the study of lower-limb 

motor control and the application of rehabilitative therapy in the lower-limb that focuses on the 

training of volitional movements. 
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Introduction 
  

This section covers the research motivation, background, approach, a summary of the 

research contributions, and an overview of the chapters of this Dissertation. 

Research Motivation 

Rehabilitation after neural injury such as stroke is an important aspect of health care for 

aging populations due to the high prevalence of stroke and incidence of stroke-related disability 

[1]. Mobility impairments are among the effects of stroke that most limit survivors’ participation 

and quality of life [2], [3]. Robotics for gait therapy have been touted as a breakthrough technology 

that could significantly reduce this burden. But, outcomes from those therapies have not been as 

successful as expected [4].  

One possible reason for this could be the emphasis placed on task-specific gait training in 

the rehabilitation on the lower-limb. The idea that training must be task-specific is often traced to 

a classic study in which two balance interventions with different effects on standing symmetry did 

not have differential effects on gait symmetry [5]. This finding is commonly interpreted as 

evidence that motor skills do not transfer across activities, and therefore full tasks must be 

practiced in an all-at-once fashion. However, there are clear examples in which improvements in 

one task transfers into practical and transferable skills, such as the finding that practicing tai chi 

helps reduce all falls in older adults (not just falls while practicing tai chi) [6], [7]. A potential 

difference may be that tai chi improves an underlying, general sensorimotor capacity whereas  

training a specific pattern may simply train a preference.   
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 Additionally, approaching lower-limb rehabilitation training in an all-at-once fashion often 

takes the form of replicating the kinematics of gait. This neglects a fundamental tenet of cognitive 

neuroscience that neuroplastic change in the adult brain requires volitional engagement via top 

down cortical control [8]. Training sub-movements that are goal-directed requires conscious 

control and the development of precursory movements is an alternative that has not been 

sufficiently explored in the lower-limb. 

The motivation of this research program is to use the robotic systems we have developed 

to expand understanding of volitional, goal-directed activities in the lower-limb, with the idea that 

this understanding will help inform future rehabilitation interventions. 

Background 

Rehabilitation robotics for the lower-limb have mostly focused exoskeletons and pedal 

systems targeting gait and cycling training [3], [4], [9]–[12]. The Hocoma Lokomat [13]  system 

originally executed a simple playback of a pre-recorded gait pattern, with the idea of providing 

normal proprioceptive signals that could help the brain relearn control [14]–[17]. Unfortunately, 

such open-loop motion playback failed to engage patients volitionally in the task, and many simply 

allowed their legs to be passively moved. In addition to the Lokomat, other lower limb exoskeleton 

robots including the  walkTrainer [18], [19],  AutoAmbulator [20], LOPES [21], and MindWalker 

[22] have been created to provide different forms of assistance and rehabilitative intervention.  

Efforts have been made to add compliance in order to implement virtual tunnels where correction 

is only done “as needed”, or by adding a biofeedback component [23].  

Kinematic variability during training [17] has also been shown to alter post training 

coordination. One approach with reasonable success is split-belt treadmill gait training [24], [25] 



3 

 

which leverages an adaptation process to temporarily restore gait symmetry during washout. Split-

Belt treadmill training evokes high involvement from the participant but remains coupled to a 

walking activity and so in not feasible for the pre-ambulatory subject without weight support. In 

summary, apart from split-belt treadmill training, robotic gait training has shown little benefit 

beyond conventional training (body weight-supported treadmill training, BWSTT). 

Robots used to study motor control in the lower-limb have focused on cycling  

activities and developing understanding of inter-limb connections, believed to exist at the level of 

the spinal cord. These ideas were likely motivated by animal studies conducted in the 1970’s in 

the tradition of Bernstein on decerebrate cats [26], which showed that in cats, machine stabilized 

locomotion was possible without cortical involvement, through the presence of Central Pattern 

Generators (CPGs).  Studies by Ting [27] revealed that static extensor contraction of one leg could 

alter the phasing and magnitude of the flexor muscles of the contralateral leg, further suggesting 

that this brainstem level connection exists in man. This finding however does not preclude the fact 

that cortical involvement is an essential component of gait in man – as cortical level damage can 

certainly induce gait deficit [28]. Thus, it appears that goal-directed reaching activities which 

require cortical involvement and full integration of the planning sensory and the visuo-motor 

systems remain understudied in the lower-limb.  

In contrast, the study of motor control and the application of therapy in the upper-limb 

using robots has been based around the activity of planar reaching. Early work in this area centered 

around studying the distortions imposed on straight line reaching when interacting in a 2D 

forcefield [29]. The forcefield of choice for early investigators was the cross-axis damper which 

produces force orthogonal to the direction of movement and in proportion to the velocity of the 

end effector. After a period of time, subjects would adapt to this environment, and when the 
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environment was taken away would experience after-effects from the continued anticipation of 

interaction with the environment. This is similar to the behavior seen during de-adaptation in split-

belt treadmill walking. Other approaches included the creation of virtual channels, and the concept 

of error augmentation, which improves learning rate by amplifying error and providing it in a force 

feedback channel [30], [31]. Evidence from the cognitive neuroscience of learning suggests that 

in adults, attention is required for neuroplasticity, as well as the involvement of motivational 

rewards systems in the dopaminergic system of the basal ganglia [8]. While the approaches to 

upper-limb study and rehabilitation integrate the motivational system through goal directed 

behavior, those that are commonplace in the rehabilitation of gait do not.   

Approach 

Our approach to rehabilitation and the study of motor control is to explore the goal-directed 

activities popularized in the study of the upper-limb, in the lower-limb.  We have and continue to 

construct specialized hardware such as NOTTABIKE and the follow-on 2DOF robot which are 

capable of generating the forces required to study the lower-limb. We have conducted studies in 

reaching in dynamic environment in healthy subjects to establish behavior norms and determine 

how motor adaptation in reaching task compares between the upper and lower limbs.  Future 

BADGER Lab research will extend this work to stroke subject populations and compare learning 

rates and principles between healthy and stroke effected populations.  

Statement of Contributions 

The key contributions of this research are summarized below:  
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 Designed, built, and validated NOTTABIKE hardware system, a robotic platform built on 

an exercise cycle but motorized with an industrial servomotor and instrumented with two, 

5 axis force-torque sensing pedals, crank and pedal encoders, and integrating EMG 

sensors. 

 Developed the software system for NOTTABIKE which enables rendering impedance 

and admittance based haptic environments, specification, and automation of extended 

experimental protocols, as well as the visualization of real-time feedback.  

 Published a manuscript (Chapter 1) characterizing NOTTABIKE performance, usage, 

rendering capabilities in TNSRE 

 Developed experimental protocol to investigate adaptation of lower-limb control 

strategies to springs of different stiffnesses. 

 Analyzed the impact of changing spring environments on lower-limb reaching 

performance, and modeled reaching performance as a Model Identification adaptive 

control process.  

 Submitted manuscript (Chapter 2) for publication in HMS. 

 Created a protocol for quantitatively studying the role of cognitive models on the time 

course of skill acquisition in the lower-limb in a novel half-reversed cycling task. 

 Executed HRC experimental protocol in 20 subjects and developed a proposed analysis 

pipeline (Chapter 3). 

 Developed a methodology for designing a 2DOF lower-limb parallel haptic robot based 

on the novel concept of force-space congruence matching between a robot model and a 

human model in the sagittal plane. 
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 Implemented a custom software library defining human and robot model kinematics, 

inverse kinematics, and instantaneous kinematics / statics. 

 Integrated human and robot and performed a joint optimization using the DIRECT 

method to select optimal robot design parameters under various constraints. 

 Developed a dynamic model of the 2DOF robot using the Chrono Engine. 

Summary of Chapters 

In chapter 1, we describe the design and validation of NOTTABIKE, a recumbent cycle 

ergometer that has been motorized and instrumented for the study of lower-limb motor control and 

the application of rehabilitative exercise. We emphasize the design of the hardware system, the 

software architecture of the controller and experimental scripting platform, and performance 

metrics for haptic rendering.  

In chapter 2, we present the results of an experiment investigating adaptation to a reaching 

task in a spring environment. The questions evaluated include the temporal dynamics of 

adaptation, the influence of visual precursory information on performance, and modeling of the 

adaptation process using an optimal control approach.  

In chapter 3, we present an experiment to quantify of cognitive models and explicit 

knowledge in lower-limb skill acquisition.  The training task under evaluation is termed half-

reversed cycling (HRC) and represents a novel environment in which skill must be progressively 

developed over multiple sessions to gain and retain proficiency. We also evaluate the extent of 

interlimb transfer.  
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In chapter 4, we detail the optimal design of a 2DOF parallel rehabilitation robot for the 

lower-limb based on a novel technique of force-space congruence matching. We also present a 

dynamic model of the robot, and auxiliary mechanical design details.  
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Chapter 1  

Design and Validation of a Lower - Limb Haptic Rehabilitation 
Robot 

Alexander R. Dawson-Elli and Peter G. Adamczyk 
(This Chapter is published in the Journal IEEE TNSRE) 

 

1.1  Abstract 

 Present robots for investigating lower-limb motor control and rehabilitation focus on gait 

training. An alternative approach is to focus on restoring precursor abilities such as motor 

adaptation and volitional movement, as is common in upper-limb robotic therapy. Here we 

describe NOTTABIKE, a one degree-of-freedom rehabilitation robot designed to probe and 

promote these underlying capabilities. A recumbent exercise cycle platform is powered with a 

servomotor and instrumented with angular encoders, force-torque sensing pedals, and a wireless 

EMG system. Virtual environments ranging from spring-mass-damper systems to novel foot-to-

crank mechanical laws present variants of leg-reaching and pedaling tasks that challenge 

perception, cognition, motion planning, and motor control systems. This paper characterizes the 

dynamic performance and haptic rendering accuracy of NOTTABIKE and presents an example 

motor adaptation task to illustrate its use. Torque and velocity mode controllers showed near unity 

magnitude ratio and phase loss less than 60 degrees up to 10 Hz. Spring rendering demonstrated 

1% mean error in stiffness, and damper rendering performed comparably at 2.5%. Virtual mass 

rendering was less accurate but successful in varying perceived mass. NOTTABIKE will be used 

to study lower-limb motor adaptation in intact and impaired persons and to develop rehabilitation 

protocols that promote volitional movement recovery. 
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1.2 Introduction 

 Most information about motor control and rehabilitation has been derived from studies of 

upper limb reaching and manipulation. Haptic robotics have played a key role in establishing motor 

learning principles from experiment. The ability to control the mechanical environment of the limb 

and hand allows experimenters to present subjects with tasks they have not encountered 

previously, and then observe the processes of motor adaptation and learning. This approach has 

led to a set of motor control insights and guiding principles for rehabilitation intervention [1]. First, 

the brain can build internal models of limb dynamics [2] and multiple such models coexist or 

interfere in predictable ways. Second, amplifying error can accelerate motor learning [3]–[5]. 

Third, dynamically manipulating task success rate can optimize patient motivation [6]–[9] leading 

to higher self-selected work volumes. Finally, task assistance should only be applied as needed 

[10]–[12], not continuously. An implicit principle common to upper-limb rehabilitation 

approaches is volitional control [13]: movements – typically reaching – are initiated by the user; 

the tasks require cognitive engagement to respond to visual and mechanical stimuli; and 

completing the task requires a full chain of neural control including perception, cognition, 

planning, initiation, execution, and feedback. This circuit of afferent and efferent neural activity is 

thought to be important for neural plasticity [14], [15].  

By contrast, approaches to lower limb rehabilitation have focused almost exclusively on 

cyclic tasks, especially gait and gait-like tasks. For instance, early training approaches on the 

Hocoma Lokomat [16] exoskeleton played back pre-recorded gait patterns to provide 

proprioceptive input similar to normal gait [17]. Extensions to improve the volitional engagement 

of these activities have included the Lokomat as well as a variety of other machines, ranging from 

haptic foot plates to whole-limb or single-joint exoskeletons (for excellent reviews, see [18], [19]) 
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Fig 1.1. NOTTABIKE System Overview.  
NOTTABIKE is a one degree-of-freedom robot used to study human motor control and 
to deliver rehabilitation in the lower-limb.  Measurements of subject endpoint 
kinematics and kinetics are used by a computer controller to create virtual haptic 
environments. 
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These systems have been used to explore different control strategies including assist-as-needed 

control, impedance control, adaptive control that responds to user success, or electromyography-

driven control [18].  

These strategies comport with best practices in motor rehabilitation, but the overwhelming 

focus on using them within a walking context leads to fundamental challenges to accessibility and 

therefore scalability in final application. Such problems include high device complexity (and 

therefore cost, space and dedicated personnel), substantial time and effort in mounting the device 

to the user or the user to the device, and in some cases a substantial minimum functional level of 

the user prior to therapy. There remains a need for solutions that are simple, easy to use, and usable 

early in the recovery process, while still using motor rehabilitation principles to evoke high 

volitional engagement. 

A recumbent pedal-based robot could meet this need, building upon past [20] use of 

recumbent cycles and steppers. In clinical use, powered cycle ergometers such as the MOTOmed 

[21] and RT300 [22] are used to move subjects through cyclic motions, though without explicitly 

requiring volitional muscle activation. In research, pedaling backward has been shown to require 

a change in timing for a subset of  muscles [23], [24]. Studies of split-crank pedaling [25] have 

shown ipsilateral motor coordination pattern is altered by the state of the contralateral leg [26], 

[27] suggesting cross-couplings between extensor and flexor muscle groups. Recent cycling 

research suggests skillful cycling leads to longer lasting cortical activation changes than constant 

speed pedaling [28]. And, experiments on the NuStep [29] recumbent stepper have demonstrated 

an excitatory effect of upper limb activity on lower limb EMG during rhythmic tasks [30], [31]. 

In hemiparetic subjects, pedaling studies have shown reduced work generation on the affected side   
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[32], [33] but retained ability to increase force output against an increased work load when 

demanded [34]. Other studies indicate that it is foot force direction, rather than magnitude that is  

primarily affected after stroke [35]. These studies and rehabilitation approaches are frequently 

based on the idea that much of lower limb control is managed by subcortical neural structures that 

are adapted to cyclic motion [36]. But, rehabilitation that relies exclusively on cyclic motions, 

without compelling volitional engagement, may miss a critical step by failing to engage cortical 

structures that need to recover or adapt [37].  

Our goal is to combine the simplicity of a pedaling system with motor rehabilitation 

principles gleaned from upper limb reaching, emphasizing engagement of cortical structures 

through volitional movements in the lower limb. As opposed to an all-at-once approach of directly 

emulating gait, we propose to use lower-limb reaching in different haptic environments to develop 

motor competency through a series of subtasks related to gait. The large forces inherent in lower 

limb movement prevent the direct application of upper limb reaching robots to studying motor 

control in the lower limb. To address this gap, we built a powered, instrumented robotic exercise 

cycle (NOTTABIKE) to present cognitively demanding reaching and pedaling tasks in novel 

haptic mechanical environments in the lower limb. 

Haptic environments are important because they enable a researcher to present specific 

mechanical conditions to a moving limb. These environments may be designed to present 

conditions that the motor system has never experienced before (to study motor learning), or 

conditions that incentivize specific aspects of motor control that need to be improved (for 

rehabilitation). In the upper limb, environments such as viscous curl [2], haptic tunnels [38], and 

error augmentation [39] have been used to derive motor learning principles. NOTTABIKE was 

created to facilitate the study of similar haptic environments in the lower limb. A few haptic lower  
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limb robots have been implemented before [40]–[42], but none in the context of pedaling-like 

movement.  

This paper describes the design and performance of the NOTTABIKE platform. The 

system is built on a recumbent exercise cycle frame and has a single actuated degree-of-freedom 

powered by an industrial servomotor. An array of sensors record foot reaction forces and moments, 

crank and pedal kinematics, and muscle electromyographic (EMG) activity, which are used to 

compute state and control the motor. We evaluate the performance of the system using ramp-input, 

step-input and frequency response tests, and demonstrate human interaction with multiple haptic 

environments. We conclude with a demonstration of using NOTTABIKE to probe adaptation to 

haptic rendering of different spring stiffnesses. A preliminary version of this work has been 

reported [43]. 

1.3  Methods 

The Neuromotor Optimization Testbed for Training in Atypical Behavior-Inducing Kinetic 

Environments (NOTTABIKE; Fig 1.1) is based on a recumbent exercise cycle platform, but its 

purpose is not pedaling exercise. Rather, it is a one degree-of-freedom haptic leg rehabilitation 

robot designed to render customized virtual environments defining the foot-to crank mechanical 

interaction. The recumbent posture is intended to enable early intervention following neuromotor 

injury, before ambulatory capacity is reestablished. The haptic environments are intended to 

demand active motor exploration and volitional engagement in non-cyclic tasks like targeted leg 

reaching, foot force control or manipulation of a dynamic system, and to provide proprioceptive 

afferent neural activity to encourage neural plasticity. The goals are to explore motor control in 

volitional leg movements, characterize deficits and capacity in performance and motor learning in  
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impaired and unimpaired persons and develop therapeutic exercises that promote targeted 

improvement in these deficits.  

The NOTTABIKE system is designed to render impedance- and admittance-based haptic 

environments. Mechatronic subsystems include a high-performance industrial servomotor, a 

custom drivetrain, and kinetic and kinematic sensors. A custom multi-threaded software 

framework enables setting up and running rehabilitation exercises and human motor control 

experiments. The following sections present the mechatronic design, control architecture, and 

system performance characterization in a series of electromechanical and human interaction tests.  

1.3.1 Mechatronic Design – Drivetrain and Communication 

The frame of the robot is a retrofitted recumbent stationary bicycle. The frame consists of 

square steel tube construction with an adjustable padded seat and bilateral hand holds with integral 

grip-actuated safety switches. 

The power subsystem is based on a brushless DC servomotor with integrated high-

bandwidth velocity and torque mode controllers (ClearPath CPM-MCVC-3441S-RLN, Teknic 

Inc., Victor, NY, USA). The motor can provide peak torque of 13 Nm at the spindle, and peak 

assistive power of 350 W. This motor was chosen for its high torque density and low peak velocity 

(840RPM). A 75 VDC, 350 W continuous power supply was used (IPC-5, Teknic Inc., Victor, 

NY, USA) to source power during assistive operation, and an 800W regeneration clamp and power 

resistor dissipates power during resistive operation (Applied Motion Products, Watsonville, CA, 

USA).  

The drivetrain transfers power between the motor and the crank. It consists of a motor 

mount, a two-stage chain transmission, and a bottom-bracket and crank assembly (Fig 1.2). This  



17 

 
 

Fig 1.2. Two-Stage Mechanical Drivetrain.  
The drivetrain provides efficient power transfer between the user, who interacts 
through the pedals, and the industrial servomotor. 
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design was selected over alternative approaches because high drivetrain efficiency and back 

drivability are required for accurate impedance-based haptic renderings. The motor is attached to 

the steel frame by a custom aluminum mounting bracket which is pinch fit to the frame to allow 

freedom for chain tensioning. A 10mm diameter steel driveshaft rests between bearing blocks and 

connects to the motor through a rotary shaft coupler.  A two-stage chain-and-sprocket reduction 

transfers power from the drive shaft to the pedal crank. The overall gear ratio between the rotation 

of the motor and the crank is 3128:320 or 9.775:1.  

Communication to the integrated controller on the servomotor is achieved through Pulse 

Width Modulation (PWM) of control lines. A dedicated microcontroller (Atmega 2560, Atmel 

Corp.  San Jose, CA, USA) converts command packets received over a serial communication port 

into 8 kHz PWM control signals. The motor controller interprets these PWM signals as velocity 

or torque commands. The motor’s integrated controller may be placed into either velocity or torque 

mode via commands sent over USB from the host computer.    

The motor system has several safety features that protect the user from encountering 

excessive torque or velocity. First, software limits on torque and velocity are set on the motor’s 

embedded controller (nominal settings for this application are equivalent to 70 Nm and 30 RPM 

at the crank). Second, we installed two safety switches, one under each hand, that must both be 

depressed for the motor to receive power from the power supply. If at any time one of these safety 

switches is released, power to the motor is cut and the system enters a passive damped state 

facilitated by the motor back-EMF.  
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1.3.2 Mechatronic Design – Sensors 

The robot is instrumented with sensors to measure forces and moments at the pedal 

interface, angular rotations of the crank and pedals, and Electromyographic (EMG) activity of the 

user’s leg muscles. These data are sampled by a 16-bit data acquisition (DAQ) card (PCIE-6343, 

National Instruments, Austin, TX, USA) and are used for High-Level control (see section C) and 

logged for analysis through a desktop computer (Windows 10 operating system, Microsoft Corp., 

Redmond WA). Foot endpoint forces, moments, and pedal angular positions are measured by 

instrumented pedals (I-Crankset, Sensix, Poitiers, France). Each pedal contains a six-component 

force-torque load cell with internal amplification and signal conditioning. Maximum simultaneous 

force measurement is 250 N in the Fx (lateral) and Fy (anterior) directions and 2000 N in Fz. (normal 

to the pedal) – more than adequate for experimentation in healthy subjects. Optical quadrature 

encoders on each pedal axis generate 20000 counts per revolution. Crank kinematics are measured 

with a magnetic quadrature encoder ring fixed to the left crank and a reader fixed to the frame, 

which generate 24000 counts per revolution. The amplified analog signals from each pedal and 

quadrature channels are collected in a junction box and output over a VHDCI cable into the DAC 

card. A wireless EMG system (Trigno Avanti Research+, Delsys, Natick, MA, USA) records up 

to 16 channels of EMG and relays them onto analog lines for synchronized recording on the DAC. 

EMG System relay delay is 42 ms.      

1.3.3 Control and Software Architecture 

The control system of the robot is implemented with a cascaded architecture across 

multiple processors connected by communication interfaces. A high-level control law rendering a 

specified haptic environment runs on a desktop computer at 100Hz. From that virtually rendered  
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Fig 1.3. Schematic Representation of the System Architecture. 
Measurements from encoders, force sensors, and EMG sensors are read through a 
LabVIEW Virtual Instrument at 1000Hz and are streamed to a virtual environment loop 
running in (Python) Jupyter Notebook at 100Hz. The state of the robot is updated, and 
a command torque or velocity is calculated based on the currently selected haptic 
environment from the Environment Library. Experiments may be designed and 
executed in the Protocol Script using tools from the Trial Management Library. Outputs 
are then sent to the motor amplifier and a visualization program to provide performance 
feedback to the user.  
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haptic environment, a torque or velocity is calculated and commanded to a low-level 

processor integrated into the servomotor. The servomotor controller then performs closed-loop 

control on the specified variable using internal collocated sensors. This architecture combines the 

benefit of the high-performance timing of a microcontroller with the flexibility of programming a 

desktop computer.  

The software system is comprised of several modules. Data is acquired from the DAQ card 

using a dedicated LabVIEW virtual instrument (VI). These data are streamed to a Python control 

software responsible for facilitating experiment execution and haptic environment rendering. 

Finally, data are streamed from the Python control software to a visualization program and the 

low-level servomotor controller. (Fig 1.3).  

The LabVIEW VI collects data at 1 kHz using a hardware clock on the DAC. The three 

angle encoders (crank and both pedals), forces, and EMG data are buffered into an array for 

transmission at 100 Hz to the Python controller over an internal UDP communications socket.  

Data from LabVIEW are received by the virtual environment loop and parsed to update the 

state of the robot. High-level control laws are defined within the Environments library to specify 

desired crank output parameters from present system state. Two haptic rendering approaches are 

used under different circumstances – impedance- and admittance-based rendering. Impedance-

based rendering measures robot kinematics and controls motor torque, while admittance-based 

rendering does the converse. Impedance-based environments excel at rendering springs, while 

admittance based environments are better at rendering masses [44]. In general, high-level control 

laws take the form of any constraint between a measured and a commanded variable. This generic 

architecture enables many potential targeted and precise learning environments. (see Discussion 

section). 
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After data are received and the system state is updated, the motor command is calculated 

based on the currently enabled virtual environment and is sent to the motor where collocated 

control is performed using the motor’s integrated controller and sensors. Collocated control is 

preferred over non-collocated control for stability when there exists compliance between the motor 

and the load. Additional state information may be sent to the visualization loop to provide the 

subject with biofeedback.  

Visual feedback is provided by two-dimensional or three- dimensional user interfaces built 

with Unity Engine (Unity Technologies, San Francisco, CA, USA). Two-dimensional visual 

feedback is displayed on a computer monitor directly in front of the subject.  2D widgets convey 

information about position, velocity, and other trial conditions using intuitive displays such as a 

clock face or speedometer dial. Other information may also be displayed, including dials to 

indicate system parameters on subsequent trials, vectors to indicate desired vs. actual force 

direction and magnitude, graphs of muscle EMG envelope, and scores to increase motivation and 

decrease subject slacking [45]–[47].  

Experiments may be performed through a protocol scripting interface in Python running 

within the Jupyter Notebook environment. We developed a variety of tools for specifying, tuning, 

and recording trials, which are contained within the Trial Management library. The protocol script 

sends messages to the virtual environment loop to change system behavior. An example of such a 

script might enable recording, set a system parameter to a particular value, wait for an end 

condition such as time or accomplishment of a task goal, and then increment the trial. This design 

enables complex and precise experimental protocols to be specified and executed. 
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1.3.4 Evaluation – Machine Performance Testing 

We conducted a series of tests to characterize device performance, including quantifying 

torque and velocity measurement accuracy, step-input response, and frequency response. 

Investigating the performance limits of the device allowed us to benchmark its capabilities against 

other lower limb robotic systems. 

We fashioned a jig to lock the rotation of the crank during testing. We made a cantilever 

beam of steel plate backed by a wooden board and clamped it perpendicular to the robot frame in 

line with the right pedal (Fig 1.4B inset). We placed the right pedal in contact with the beam so it 

could measure the force between the beam and the pedal face. The reaction force supplied by the 

beam prevented the crank from rotating in the backward direction.   

We first evaluated the torque command accuracy of the robot. We sent a ramp torque 

command from 0 Nm to 30 Nm over a period of 30 seconds to the motor controller. We calculated 

RMS error between commanded and measured torque (Fig 1.4A). It is important to note that the 

sensor feedback from the pedal was not used to control torque: torque was controlled 

independently by the motor’s integrated controller using onboard collocated sensors, and 

performance was evaluated using the torque measured separately through the instrumented pedals. 

Thus, from the perspective of the high-level control law, the motor may be treated as a torque 

source, and the response may be viewed as an open-loop response. It was therefore important to 

establish congruence between the torque command and torque measurement.  

We next evaluated torque step response. We applied a baseline torque (15 Nm) to assure 

that the pedal face was firmly in contact with the cantilever beam. We then applied a step command 

(40 Nm) to the servomotor and measured the resulting forces on the pedal. We recorded 10 trials 

and plotted the average response (mean ± SD) (Fig 1.4B). We evaluated performance in each trial  
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Fig 1.4.Torque Command Accuracy, Step Response, and Frequency Response. 
(A) Torque command accuracy to a ramp function over a 30 second trial. (B) Average 
torque step response from a baseline torque of 15 Nm to a target torque of 40 Nm. Rise 
time was determined to be 29 ms. (B inset) Pedal fixation arrangement for torque 
response testing. Torque was controlled by the motor’s internal circuitry only, and 
measured with the pedal load cell. (C) Average frequency response function to a torque 
chirp input baseline torque was 20Nm with 10Nm peak-to-peak magnitude. Notable 
features include magnitude of approximately unity and phase lag less than 29 degrees 
up to 10 Hz. 
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with rise time (time between when the command was issued 50ms into the trial and 100% 

of final value) and settling time (time to settle within 5% of the final value) criteria.  

 We next evaluated torque frequency response. We created a linear torque chirp signal with 

a peak-to-peak magnitude of 10 Nm and an offset of 20 Nm. The initial frequency was set to 0.05 

Hz and the terminal frequency was 50 Hz, with a duration of 90 s. 

Next, we calculated the frequency response function (FRF) for torque control. We 

calculated magnitude ratio as the quotient of the RMS torque output over the RMS torque 

command. For each evaluated frequency in the chirp signal, we used a half-second (500 sample) 

window centered at the time when the test frequency was commanded. We also calculated phase 

using the lag at maximum cross-correlation between output and input signals within the same 

window. We performed this analysis on each of the 10 trials, and we plotted the magnitude and 

phase as a function of frequency (mean ± SD) (Fig 1.4C). 

To evaluate velocity command accuracy, we applied a speed ramp command starting at 0 

rad/s and ending at 3.14 rad/sec (30 RPM) after 30 seconds. We measured crank position from the 

encoder and used the central difference method to estimate crank velocity. We applied a 50 Hz 

bandwidth linear IIR filter and calculated RMS error between the commanded and measured 

velocities (Fig 1.5A). It is important to note that the sensor feedback from the crank encoder was 

not used to control velocity: velocity was controlled independently by the servomotor’s integrated 

controller, and performance was evaluated using the crank encoder.  

We also evaluated the velocity step response between a baseline velocity of 1.05 rad/s and 

a final velocity of 3.14 rad/s. We averaged 10 trials and plotted the resulting velocity ± SD (Fig 

1.5B). We evaluated response time and settling time using 100% final value and 5% settling error 

criteria, as in the torque step test.  
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Fig 1.5. Velocity Command Accuracy, Step Response, and Frequency Response. 
 (A) Velocity command accuracy to a ramp function over a 30 second trial. (B) Average 
velocity step-response from a baseline velocity of 1.0 rad/s to a target velocity of 3.14 
rad/s (30 RPM). Rise time was determined to be 36 ms. (C) Average frequency response 
function to a velocity chirp input. Notable features include magnitude ratio within 1dB 
(12%) of unity and phase lag less than 59 degrees up to 10Hz. 
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Fig 1.6. Rendering Performance During Human Interaction. 
(A) Crank angle and torque over time during an impedance-based haptic rendering of a 
spring (𝑘 = 40 Nm/rad). (B) Regression between measured torque and measured crank 
angle for the spring of part A. (C) Crank velocity and crank torque vs. time during an 
impedance-based rendering of a damper (𝑐 = 15 Nm(rad/s)-1) (D) Regression between 
measured torque and crank velocity for both impedance- and admittance-based haptic 
damper renderings. 
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Haptic 
env 

Target parameter Rendered 
parameter 

Correlation 
coefficient 

RMSE 

I-spring 𝑘 = 10 Nm/rad 
𝑘 = 40 Nm/rad 
𝑘 = 70 Nm/rad 

10.09 
39.82 
69.35 

0.9945 
0.9987 
0.9990 

0.92 Nm 
1.60 Nm 
1.96 Nm 

I-
damper 

𝑐 = 5   Nm(rad/s)-1 

𝑐 = 15 Nm(rad/s)-1 

𝑐 = 25 Nm(rad/s)-1 

5.32 
14.98 
23.83 

0.9866 
0.9811 
0.9568 

1.22 Nm 
1.80 Nm 
3.37 Nm 

A-
damper 

𝑐 = 5   Nm(rad/s)-1 

𝑐 = 15 Nm(rad/s)-1 

𝑐 = 25 Nm(rad/s)-1 

5.08 
15.32 
25.55 

0.9970 
0.9973 
0.9950 

0.100 rad/s 
0.068 rad/s 
0.079 rad/s 

 

Table 1.1. Assessing the Quality of Haptic Rendering 
Admittance and impedance-based renderings of springs and dampers, notice the 
high correlation coefficients and low root mean square errors of the renderings. 
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Finally, we calculated the frequency response function (FRF) for velocity control. We 

applied 10 linear chirps sequentially. Each chirp signal had duration 90 seconds, starting frequency 

0.05Hz, terminal frequency 50Hz, and amplitude 2.09 rad/s with a baseline of 1.05rad/s. We 

calculated and plotted the velocity FRF using the same approach described in the torque section 

(Fig 1.5C). 

1.3.5 Evaluation – Human Interaction Testing 

We conducted a series of tests to quantitatively evaluate the ability of the robot to render 

different impedance- and admittance-based haptic environments during human machine 

interaction. Since the robot is instrumented with both kinematic and kinetic sensors, we can render 

a haptic environment with one sensor and assess environment accuracy with the other. We 

evaluated human interaction with an impedance-based spring, an impedance-based damper, and 

an admittance-based damper, with parameters that fall within a range useful for neuromuscular 

investigation and therapeutic intervention. The interaction testing setup was visually identical to 

that demonstrated in Fig 1.1. Research was performed under the oversight of the University of 

Wisconsin-Madison Health Sciences IRB submission ID# 2016-1279-CP001. Informed consent 

was received for all human subjects involved in testing. These tests establish the suitability of 

NOTTABIKE for the study of motor control and rehabilitation. 

An impedance-based spring measures the crank angle 𝜃 and commands a motor torque 𝜏 

computed from a mathematical representation of a torsional spring, 𝜏 = 𝑘𝜃. A single subject 

interacted with three impedance-based spring environments with stiffnesses of 𝑘 = {10, 40, 70} 

Nm/rad for one minute each. The subject was told to move freely back and forth within each 

environment. We recorded the measured crank angle and the torque calculated from the 
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instrumented pedals for each condition. We plotted the measured crank angle and measured torque 

over time in figure 1.6A for 𝑘 = 40 Nm/rad to demonstrate their correspondence visually. We 

also used least-squares linear regression to estimate the apparent external stiffness of the rendered 

virtual spring. (Fig 1.6B). 

An impedance-based damper relates the measured crank velocity 𝜔 to commanded motor 

torque 𝜏 through the mathematical expression 𝜏 = 𝑐𝜔. The controller estimates crank velocity 

using a backward difference method and a 50Hz linear IIR filter. We evaluated and analyzed 

damping coefficients 𝑐 = {5, 15, 25} Nm(rad/s)-1 in the same fashion as the impedance-based 

spring (Fig 1.6C and 1.6D).  

An admittance-based damper relates torque applied externally to the pedals to commanded 

servomotor velocity through the equation 𝜔 =
ఛ

௖
 . In this case, the controller estimates torque from 

the instrumented pedals and commands angular velocity 𝜔. We evaluated the admittance-based 

damper for 𝑐 = {5, 15, 25} Nm(rad/s)-1. We used measured crank kinematics as validation data. 

We estimated velocity with the central difference method and applied a 50 Hz linear filter. We 

plotted the regression between measured force and measured velocity on the same plot as the 

impedance-based trial to facilitate direct comparison (Fig 1.6D). Only the 𝑐 = 15 Nm(rad/s)-1 trial 

was plotted, for visual clarity. A summary of the results of human testing is provided in Table  

1.4  Results  

For the torque ramp test, error between the commanded (open loop) and measured torque 

was 1.33 Nm RMS. Error was negligible at low torque, increasing to a modest overestimate at 

higher torque values (roughly 6% at 45 N command). The torque step rise time was 29 ± 1 ms 

(mean ± SD), and the settling time was 125 ± 50 ms. Torque frequency response did not exhibit  
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Fig 1.7. Motor Adaptation to Springs of Different stiffnesses. 
 In a single subject under visual feedback of performance with a clock widget (inset). 
50 reaching trials were performed: 80% with the medium stiffness 𝑘 = 40 Nm/rad and 
10% catch trials to each of 𝑘 = {10, 70} Nm/rad. Subject attempted to reach 45deg 
(.78rad) in the least time possible. 
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magnitude roll-off within the 50 Hz command bandwidth (limited due to 100 Hz command 

update frequency). A key result from the torque frequency analysis is that the magnitude ratio is 

unity up to 10 Hz with only 29 degrees phase lag. 

For the velocity ramp test, error between commanded (open loop) and measured signals 

was 0.051 rad/s RMS, with uniform accuracy throughout the commanded range (0-30 rad/s). The 

velocity step rise time was 36 ± 7 ms and settling time was 90 ± 35 ms. Magnitude ratio was within 

1 dB of unity at all frequencies below 10 Hz, with less than 59 degrees phase lag. 

Results of the haptic rendering tests during human interaction are displayed in Table 1. All 

three springs rendered within 1% of the desired spring constant, with RMS torque error less than 

2 Nm within the range tested (roughly -50 to +70 Nm). Damping environments performed 

similarly on average when rendered using impedance-control and admittance-control, with larger 

torque variability using impedance-control. Impedance-controlled dampers rendered within 6% of 

the desired damping constant, with RMS torque error less than 3.4 Nm. Admittance-controlled 

dampers performed within 2.5% of the desired damping constant, with RMS velocity error less 

than 0.1 rad/s.  

1.5  Discussion  

1.5.1 Interpretation of Results and System Design 

The results presented here confirm that the torque, velocity, and haptic rendering performance 

of NOTTABIKE are suitable for studying motor control and rehabilitation in the lower limb. 

Haptic environments for human interaction testing are rendered within a few percent of desired 

parameters, across a wide range of stiffness and damping. Both the torque and velocity control 

modes have near unity magnitude ratio and small phase loss up to 10 Hz, exceeding the bandwidth 
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of other lower limb rehabilitation robots [48]. For context, humans’ ability to track unpredictable 

stimuli deteriorates around 1-2 Hz [49], and the control bandwidth of the human leg is roughly 2 

Hz [2]. 

The phase loss is likely attributable to a time lag resulting from drive train compliance. The 

source of the compliance is the deflection of transmission mounting forks under tension and 

backlash from residual slack in the drive train. The time lag can most readily be seen in the torque 

and velocity step response plots, in the time between when torque or velocity is commanded and 

when the robot responds. This time is 16ms and 18ms respectively. Thus, in this respect, the 

performance of the robot is most limited by the drive train.  

At first glance, there appears to be a discrepancy between the torque step and chirp 

responses. While the step response shows a gain slightly greater than unity, the chirp response 

shows magnitude below 0 dB. This may be explained by two factors. First, the chirp response and 

step response were conducted at different torque amplitudes, and the slight nonlinearity in the 

pedal measurements (see Fig 1.4A) could cause different amplitude measurements. Second, the 

measurements are experimental in nature, so slow drift in the strain gauges or motor behavior (e.g. 

due to temperature) could cause the two results to differ slightly.  

From the torque frequency and step responses it appears the robot resonates around 40 Hz. 

This may be an artifact of the cantilever beam setup used to evaluate the frequency response. The 

amplification of the velocity before the magnitude roll-off observed in the velocity chirp response 

may be due to a resonance of the pedal mass connected through the compliance of the drivetrain. 

The authors do not believe this negatively impacts machine performance or safety in any practical 

manner as the peak amplification is 1dB or 12% amplification.  None of these features adversely 
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affect the rendering capability of the robot within the frequency range necessary for the study of 

motor learning.  

A limitation of our analysis is that the human’s effect on the torque and velocity controllers 

was not directly analyzed in the frequency domain. Humans contribute mass which will lower 

system bandwidth, and human joint impedance can vary over two orders of magnitude depending 

on level of muscular co-contraction[50] and limb posture, making the experimental determination 

of the human’s effect on a controller difficult to determine. As such, the human’s effect on the 

controller likely contributed to the tracking error in the human interaction tests. Because the time 

domain and regression results fell within our desired performance limits, this analysis was not 

undertaken.  

In addition to the stiffness and damping performance analyzed above, the third component 

of rendering haptic environments is inertia – the relationship between torque and angular 

acceleration, as in the traditional mass-spring-damper system. NOTTABIKE can render inertia, 

but assessing the performance of inertia rendering proved difficult because the only available 

estimate of angular acceleration is from double differentiation of the crank angle signal. The 

resulting acceleration signal is very noisy, so we did not use it to assess inertia rendering 

quantitatively. Qualitatively, subjects interacting with simulated inertias report that they are 

“smooth” and “feel like normal pedaling” when combined with light damping. Subjects were able 

to easily perceive the difference among inertias of 𝐼 = {5, 10, 40} kg-m2.  

The design of the control system is unusual for a robotic system, in that it includes a 

Windows desktop computer in the control loop. The desktop computer cannot perform high-

bandwidth motor control, so it was also crucial to incorporate the integrated servo controller. Thus, 

parameters updated relatively slowly by the desktop computer’s virtual environment model (100 
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Hz) produce motor commands (torque or velocity) that are tightly controlled at much higher 

bandwidth by the servomotor controller. This design decision had important benefits. 

Programming on a desktop with a high-level language enables rapid control law prototyping, easy 

data storage and sophisticated data visualization for biofeedback – here, through the Unity gaming 

engine. It also opens the possibility of creating control paradigms that incorporate data from patient 

history rather than just the current system state, for example by using patient specific models and 

machine learning approaches.  

1.5.2 Importance of Approach 

NOTTABIKE was built to enable different styles of lower-limb rehabilitation, based on 

rehabilitating volitional control of the leg in goal-directed movements rather than task-specific gait 

training. The use of haptic environments provides a means to create demanding motor tasks and 

incentivize them in a controlled way, by tuning task difficulty and success rates for optimal 

challenge and motivation [8]. Task incentives in the form of minimal encouragement toward 

volitional activity [12] or as a firm requirement for task completion [51] have been successful in 

the upper limb. These precedents suggest that explicitly rewarding volitional control of a targeted 

motor task may lead to increased motor learning and neuromotor recovery. 

Haptic rendering may be combined with visual feedback to create multimodal learning 

environments. The addition of task-relevant visual feedback can increase motivation by making 

the task demands more understandable and intuitive[52]. NOTTABIKE uses a series of 2 and 3 

dimensional widgets to provide real-time performance information about task parameters to the 

subject (Fig 1.3). Training effects arise when the human uses this information to reduce error and 
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learn new control strategies. Figure 1.7 demonstrates subjects using visual feedback to reach a 

target angle against haptically rendered springs of different stiffnesses. 

NOTTABIKE uses a recumbent posture to separate the targeted tasks of motor 

coordination from the confounding demands of upright balance and weight support. The 

recumbent posture could also enable robotic rehabilitation earlier in the process of recovery from 

injuries such as stroke compared to treadmill training or exoskeleton walking. The approach is 

intended to redevelop motor coordination through a progressive series of subtasks, rather than all 

at once. It is envisioned as an early intervention to prepare the motor system for later task-specific 

gait and balance training.  

NOTTABIKE also embodies an inversion of the usual paradigm for lower-limb 

rehabilitation robots. Exoskeletal robots are often designed to control many kinematic degrees of 

freedom, often with minimal measurement of interaction forces with the user [53] . The underlying 

assumption in such cases is that the movement itself is rehabilitative and the robot can drive it with 

minimal response to the user [54]. In contrast, our view of rehabilitation is that only user-generated 

actions (forces, movements) are rehabilitative – and therefore that the primary action of the robot 

should be to respond to the user, not to initiate movement. Therefore sensing, not actuation, is the 

focus of NOTTABIKE, and the exercises it prescribes use its one degree of freedom to provide 

kinematic or kinetic responses to many potential inputs. The one degree-of-freedom design results 

in a mechanically simple device that can still create complex virtual environments that require 

volitional engagement and elicit motor learning.  

This single degree of freedom does present the obvious limitation that movement can only 

occur along a circular path; therefore NOTTABIKE cannot create true multidimensional haptic 

environments like viscous curl [2]. However, force-driven control can still occur along dimensions 
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that are kinematically constrained. For instance, forward motion of the crank can be controlled by 

the magnitude of lateral force produced by the user. Environments may be arbitrarily precise to 

target specific changes. For example, left dorsiflexor modulation can be targeted by controlling 

crank velocity in proportion to EMG activation of the left tibialis anterior muscle at specific ranges 

of crank angle. Or bilateral abductor control can be targeted by controlling crank angle in 

proportion to symmetric abductor force measured at the pedals. Environments such as these may 

enable the exploration of lower limb motor synergies, believed to be important in pathological 

movement after stroke [55]. NOTTABIKE may even render Virtual environments with 

nonphysical properties that can only be realized through simulation, such as negative mass that 

accelerates backward when it is pushed forward. The novelty of such environments is critical for 

motor-learning studies because of the importance of testing activities which do not have a basis in 

the test subject’s past experience.  

Another limitation of a single degree of freedom robot is that it cannot elicit kinematic 

movement deviations as an indicator of motor adaptation or motor learning. Thus, path errors and 

spatial convergence cannot be observed. However, there remains a great deal of information 

available about motor performance in the force, position, velocity and time domains, which may 

be used to quantify task performance. For example, the overshoot and undershoot shown in figure 

1.7 provide strong evidence of imperfect adaptation to the soft and stiff virtual springs, 

respectively, due to training focused on the medium stiffness spring. The amount of a movement 

completed within the initial sub movement is also a key indicator of motor adaptation [46]. Thus, 

methods from psychophysics based on time and movement extent can be adapted to elucidate 

findings on motor control.  
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1.5.3 Future Directions 

NOTTABIKE provides an effective platform to train and test a variety of motor tasks that 

could be useful for basic science in motor control as well as rehabilitation. Our first study will 

investigate motor adaptation in the lower limb through a series of reaching tasks in haptic spring, 

damper, and mass environments with healthy subjects. This will allow us to establish normative 

metrics for adaptation in the lower-limb, and evaluate the extent to which principles established in 

the upper-limb [1] generalize. We will also investigate the time course of long-term motor learning 

in healthy subjects through repeated testing experiments across multiple days and weeks. We will 

further investigate the ability to train novel tasks that require new motor patterns, using novel 

environments such as half-reversed pedaling (reversing the sign of the torque generated by one 

leg), and inverse-curl fields (setting crank velocity in proportion to lateral force). 

Following these and other motor experiments in healthy subjects, we will compare the 

capacity for motor adaptation in a clinical population of patients recovering from stroke. We 

anticipate that these tests may lead to methods for quantifying deficit and differentiating those 

individuals with a greater or lesser capacity for improvement (responders vs. non-responders). We 

will further investigate how training on NOTTABIKE can improve motor function in a clinical 

population, using those tasks most successful in provoking motor learning in movements targeted 

to overcome common deficits due to stroke. 

1.6   Conclusion 

 NOTTABIKE can render both impedance- and admittance-based haptic environments with 

accuracy and responsiveness that are useful for the study of human coordination and the delivery 

of rehabilitative therapy. Future work using this robot will explore motor adaptation in the lower 
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limb in intact subjects and haptic environments with therapeutic value to a clinical population. The 

ability to test goal-directed movements in the lower limb will enable comparison of how motor 

learning principles and techniques for the lower limb relate to those established previously in the 

upper limb.  
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Chapter 2  

Lower-Limb Reaching in a Haptically Rendered Spring 
Environment 

Alexander R. Dawson-Elli and Peter G. Adamczyk 
(In Preparation for Publication in Human Movement Science) 

 

2.1 Abstract 

In this study, we investigate the performance of healthy subjects performing a reaching 

task on the haptic robot NOTTABIKE against a spring environment. Subjects reached with their 

right leg located at top dead center (0 deg) to a known location (45 degrees) as indicated by visual 

real-time visual feedback. The objective of the subject was to reach the defined destination in the 

least time without compromising accuracy. On any given reach, the subject could encounter one 

of 3 spring stiffnesses, 10, 20, and 30 Nm/rad. In all but one experimental block, subjects were not 

aware of which of these stiffnesses they would encounter on any given trial. Subject performance 

was defined in terms of features extracted from the crank angle vs. time curve such as settling 

time, rise time to 30 and 40 degrees, and curve extrema. The values of these features varied 

dramatically depending on the training environment – the fraction of high, medium, and low 

stiffnesses withing a training block. More specifically, we found that the feature differences were 

explainable as an evolving process which could be predicted via an autoregressive exogeneous 

input (ARX) model. Subjects maintained consistent settling time performance across blocks, 

meaning subjects that tended to reach fast stayed that way, as did slower-reaching subjects. Using 

principal component analysis (PCA) we found that variation along a single dimension in feature 

space could explain 88% of the performance variation between subjects. This led to the 

development of an optimal control framework which incorporated a single parameter λ to control 
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the tradeoff between end-point accuracy and actuator effort. The model was able to reproduce 

salient features differentiating fast from slow reachers. Finally, subjects were able to incorporate 

visual information about the stiffness of the next trial to improve their performance but could not 

fully mitigate the effect of adaptation on reaching performance. 

2.2 Introduction 

Rehabilitative robots have been useful tools for studying motor control in the upper-limb 

for several decades. Starting with the seminal work of Shadmehr and Mussa-Ivaldi in 1994 [1], 

the ability of simulated dynamic environments to elicit strong adaptive responses began to be 

appreciated. Investigation focused on goal-oriented and reaching type tasks in a 2D plane [2]–[6], 

as this was envisioned to be – and is – a primary use of the upper-limb. An interesting set of 

principles emerged from these investigations, concepts like error augmentation [7] and optimal 

control as a feasible framework for understanding motor control [8]–[10]. In many cases it was 

found that adaptive responses could be predicted using linear models such as ARX models, simply 

based on the previous performance and the next perturbation [11].  

Robots have also been used to study motor control over the lower-limb, but from a different 

vantage point. Here the emphasis was placed on cyclic movements, rather than goal behaviors. 

Investigators used a variety of cycling robots, lower-limb exoskeletons, and split belt treadmills 

[12]–[16]. From these investigations and others [17]–[19] an interesting picture emerged which 

focused on the lower-limb as being an extremity whose control was mediated primarily by 

subcortical structures. Concepts like central pattern generators [20] inter-limb coupling between 

ipsilateral sensorimotor state and contralateral flexion phase muscle coordination [19] painted a  
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Fig 3.1. Overview of experimental setup and structure. 
(A) The NOTTABIKE lower-limb haptic robot was used to render an impedance based 
virtual spring with rest position x0 located 12 O’clock for the right foot. (A) A screen 
showing a virtual clock indicating the target and actual locations of the crank was 
placed in front of the subject. (C) The experiment was broken into 6 blocks of between 
70 and 80 reaches. A 5-minute rest period was given between blocks. On each reach, 
one of 3 stiffnesses was rendered (D) When the red target hand moved to the target 
location (45 degrees), the subject performed a reach with their right foot against the 
force of the rendered spring, to settle as quickly as possible at the target location without 
compromising accuracy.  
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picture of a limb whose action was primarily automatic and cyclical. Adaptation was studied in 

the lower-limb in the context of walking using the split-belt treadmill [21] – investigating both 

basic science questions, and clinical questions of whether repeated exposure to the stimulus that 

elicit adaptation in stride length could have therapeutic effect when repeated [22]. Investigations 

into adaptation in the lower-limb during goal directive activities has been relatively understudied 

by comparison. Here we present an investigation into reaching activities in the lower-limb towards 

targets using the NOTTABIKE platform. 

2.3 Methods 

2.3.1 Subject Recruitment 

Twelve healthy subjects (age: 28.8 ±10.5, range: 22 – 59 years, 6 female, 6 male) 

participated in the study. The protocol was approved by the University of Wisconsin-Madison 

Health Science Institutional Review Board, and all subjects provided written informed consent 

before participating.  

2.3.2 Setup and Instrumentation 

Each subject was fitted individually to NOTTABIKE robotic system in the following ways. 

Subject’s feet were situated on the instrumented pedal such that the first MTP joint of the big toe 

aligned with the center of the pedal axis. An adjustable toe strap and heel cup were used to maintain 

this positional arrangement, and a Velcro strap ensured the subjects’ shoe and foot remained 

connected to the pedal. Subject seating distance was selected with the help of the experimenter to 

target about a 160 degree knee angle at the most extended point in the cycle (about 135 degrees  
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Fig 2.2. Example reaches with labeled features.  
The Target zone indicated in green was 45 ± 5 for each reach.  The labeled features 
were used to assess subject reaching performance across different trials and spring 
stiffnesses. Time based included rise times to 30 and 40 degrees, denoted t30 and t40 
respectively, and position-based features such as the angular location of local minima 
and maxima. Features not depicted on this graph include settling time and peak 
velocity. 
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forward from top dead center). The NOTTABIKE robotic system recorded crank angle and foot 

interaction forces at 1000Hz for analysis.  

2.3.3 Reaching Experimental Procedure 

The reaching experiment was structured into 6 blocks, each block consisted of 

approximately 80 reach trials (Fig 2.1C). Between blocks, subjects were encouraged to get up from 

the robot and walk around, with a minimum rest period of 3 minutes and a maximum rest period 

of about 10 minutes. The blocked structure of the experiment was as follows: Block 1 consisted of 

10 warm-up trials that were discarded, 70 trials of low stiffness (K = 10Nm/rad) with 10 medium 

stiffness (20 Nm/rad) catch trials dispersed throughout the block. For the blocks which included 

catch trials, the catch trials were uniformly distributed ± a randomization factor of several trials. 

This approach was used to guarantee that none of the catch trials were too close to one another, as  

was likely to happen with a purely random sequence. Block 2 was structured with 80 trials, 70 

high stiffness (K = 30Nm/rad) with 10 medium stiffness (20 Nm/rad) catch trials. Block 3 

consisted of a mixture of 35 low stiffness, 35 medium stiffness, and 10 high stiffness trials. Blocks 

4 and 5 used a sequence known as a Debruijn (2,6) sequence. The Debruijn sequence is a cyclic 

sequence from combinatorial math in which every possible length-n string occurs exactly once as 

a substring. This is a useful characteristic for our experiment, as it allowed us to guarantee that 

each time history of 5 trials was encountered exactly once for the two stiffness conditions, high 

and low. Block 5 is identical to block 4 in trial sequence but has visual cuing of the next stiffness 

to be encountered provided by a visual widget on the subject-facing display. 10 throw-away trials 

were prepended to block 5 to give subjects practice integrating visual information into their  
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Fig 2.3. Average Reaching Performance is affected by Training Environment. 
Figures A and B show composite curves, generated by aligning each trial of the same 
stiffness within a block to factor out variable reaction time, then averaging across trials. 
(A) Block 1 performance for an example subject. Note the high local maximum, short 
t30, t40 for k = 20 Nm/rad (medium) trial in an environment which featured 
predominantly high stiffness springs. (B) Block 2 performance for example subject. 
The same k = 20 Nm/rad (medium) stiffness, in an environment which predominantly 
contains low stiffness springs. The local maximum is much lower there is a pronounced 
local minimum, and the t30 and t40 times are much slower than the same stiffness 
performance in block 1.    
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reaching performance. Finally in block 6, subjects encountered 70 low trials, with 5 catch trials of 

medium and 5 of high. 

The trial structure was as follows (Fig 2.1D). Each trial was triggered to start when the 

subject had dwelled with the right crank arm at top dead center (0 degrees) for a variable amount 

of time of between 3.5 and 5 seconds, selected randomly from a uniform distribution. The red 

target indicator on the clock visual feedback widget would then move to the fixed target location 

of 45 degrees. Seeing the changing indicator, the subject would then respond by performing a 

reaching trial against an unknown (except for block 5) spring environment. Subjects would dwell 

within ± 5 degrees of the target location for .5 seconds, and the red target clock hand would return 

to the base position. Subjects would then retract their foot and wait for the next trial.  

To keep subjects engaged and avoid slacking during the experiment, a motivational system 

was used which rewarded the subjects for their performance.  Performance was scored by the 

motivational system as the amount of time required to settle within ± 5 degrees of the target 

location for at least .5 seconds. Descriptive statistics of the subjects’ previous 20 reach 

performances were maintained and used to trigger either a neutral, reward or punishment sound. 

Time scores that were in the top 25% for time were rewarded, while scores in the bottom 20% 

were punished; the rest received a neutral sound.  Subjects were informed that the motivational 

system was only relative to their own performance, rather than normative data, and that they were 

being judged on settling time, rather than some other metric such as overshoot. Subjects were given 

the explicit instruction that the objective of the task was to reach for the target as quickly as 

possible without compromising accuracy.   
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Table 2.1. Inferential Statistical Analysis Comparing Block 1 and Block 2 
performance. 
Inferential statistical analysis to establish differences between subject performance on 
block 1 vs. block 2 using paired t-tests with false discovery rate (FDR) corrections.  
Note: Column labels may be read as follows: “feature name (stiffnessBlock-
stiffnessBlock)”. Example: “local min(M1-M2)” compares the value of the local min 
feature on medium stiffness reaches in block 1 to medium stiffness features in block 2. 
 

Time-Based Features (seconds)
reaction time(M1-M2) t30(M1-M2) t40(M1-M2) settling time(M1-H1) settling time(M2-L2)

condition1: mean(sd) 0.366(±0.038) 0.537(±0.039) 0.592(±0.051) 1.29(±0.079) 1.40(±0.096)
condition2: mean(sd) 0.375(±0.037) 0.605(±0.080) 0.869(±0.12) 1.21(±0.068) 1.24(±0.071)

p-val 0.27 <.001 <.001 0.01 <.001

Position-Based features (degrees)
local min(M1-M2) local max(M1-M2)

condition1: mean(sd) 45.1(±2.3) 52.4(±2.6)
condition2: mean(sd) 37.7(±2.1) 40.6(±2.6)

p-val 0.04 <.001
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2.3.4 Analysis – primary feature extraction 

In this section, we describe how the primary features were calculated from crank angle vs. 

time curves. Those features which are easily depicted graphically are labeled in figure 2.2. Reach 

start is the point in time, after the reaction time, in which the crank begins moving. To determine 

reach start, The crank velocity signal was filtered using a 5th order forwards, backwards 

Butterworth filter with cutoff frequency of 30Hz. The reach start detection algorithm started at the 

point of maximum velocity and worked backwards in time until it found the point closest to a 

velocity threshold of 5 deg / second, which was defined as the threshold for starting the reach. It 

should be noted at this point that for each time-based feature, the reaction time (time between 

beginning of trial and reach start) was factored out and replaced by a fictitious reaction time of .3 

seconds. This was done so that the effect of each feature could be evaluated independently of 

reaction time. There were 2 rise time features in the analysis, t30 and t40 which correspond to the 

time at which the reach curve hits these respective values. Curve extrema were computed using a 

zero velocity condition and determined to be either a local max or min. Settling time was computed 

as follows, and was the feature directly optimized by the subjects and rewarded by the motivational 

system. Settling time was determined as the amount of time required to accumulate .5 seconds 

within 5 degrees of the target 45 degrees. This was computed by iteration: while the accumulator 

was less than .5 seconds, move thorough the points in the crank angle vs. time curve and if the 

point was in the target zone, add to the accumulator. 

 Botched trials due to inattention or early action were removed from the analysis via the 

following criteria: reaction times greater than 1 second and less than .15 seconds, respectively. 

Additionally, any trials that had not finished within 6 seconds were removed. In practice, no more 

than 1% of trials were categorized as botched.  
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Fig 2.4. ARX model prediction performance and feature histogram shapes.  
(A) Example of ARX model performance for prediction of the Local Maximum feature 
for an example subject on the first 40 reaches of block 4. The ARX model incorporates 
a linear combination of the previous feature value and past and current spring stiffness
values to form a prediction what the subjects’ performance will be on the current reach. 
The model was trained on data from blocks (1,2,3) and was tested on blocks (4,6). 
Variance Accounted For (VAF) this subject was 59%. (B) Histograms of the local 
maximum and settling time features from every reach taken by an example subject. 
While spatial features like local maximum tend to be normally distributed, temporal 
features such as settling time tend to have longer right tails which makes fitting linear 
models difficult.  Parameters of a gamma distribution were fit to the histograms using 
maximum likelihood estimation. 
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2.3.5 Analysis – composite curve generation 

Composite curves are used throughout the analysis as a way of determining and visualizing 

average subject behavior. Here we describe how a composite curve was created. A composite 

curve is a representation of the average reach for a particular stiffness in a particular block. The 

reach curves from a block of trials are sorted into groups by stiffness. Each curve is brought into 

register with the same .3 second fictitious reaction time as described in the previous section. Then, 

for each time point, average and standard deviation statistics are computed across reaches. The 

composite plot shows this registered and averaged reach curve plus and minus the standard 

deviation for that timepoint. The result is a curve which characterizes average subject reaching 

performance binned by condition and is used in figures 2.2, 2.5, 2.6, and 2.7.  

2.3.6 Analysis – inferential statistics 

Inferential statistical analysis was used to establish differences between the values of 

features across different experimental conditions. For example, inferential statistics were used to 

substantiate the performance differences between blocks with (block 4) and without (block 5) 

visual cues. Inferential statistics form the basis of the analyses described in tables 1,3, and 4. In 

each case, the approach taken was the same. Feature statistics were calculated for each reach in a 

block and condition for each subject (example, t30 in the high stiffness reaches of block 4 for 

subject 3). To evaluate whether 2 conditions were different a paired-t test was undertaken between 

those two conditions. The following label was used to connote such a comparison: feature name 

(stiffness_block – stiffness_block). To continue with the previous example, t30(H4-H5) is a 

statistical test, evaluating the difference between the value of the t30 feature in the high stiffness 

condition of block 4 and the value of the t30 feature in the high stiffness condition of block 5, for  
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each subject, in a paired fashion. Labeling for table 2.4 was slightly different, as that analysis 

compared reaches only within block 5, but with different reaching histories. An example label for 

table 4 would be t30(HH-LH) which compares t30 for high reaches where the previous reach was 

high, to high reaches where the previous reach was low. The data in the inferential statistical 

analysis are justifiably paired, as the same subject underwent each test. Every pairwise comparison 

that was undertaken has been reported here, and a false discovery rate (FDR) correction has been 

applied to the p-values of each resulting statistic to avoid the multiple comparisons problem.  

2.3.7 Analysis – ARX modeling 

To model the temporal dynamics of adaptation, time series analysis using an 

Autoregressive Exogeneous input (ARX Model) was performed. An ARX model linearly 

combines past performance values (the autoregressive term) with exogeneous input terms, in this 

case the value of the spring environment, to predict future performance. The mathematical formula 

of the ARX model used in this analysis was 

 𝑦ො௧  = 𝑐 +  𝑝଴(𝑦௧ିଵ) +  𝑏଴(𝑥௧ିଵ)  +  𝑏ଵ(𝑥௧)  where  𝑦ො௧ is the feature value to be predicted, 

𝑐 is a constant term 𝑝଴ is the coefficient on the autoregressive terms, and  𝑏଴ , 𝑏ଵ are the coefficients 

of the exogeneous terms of the past and current stiffness. 4 features were fit with ARX models, 

with one model fit per feature per subject. The features fit were t30,t40,settling time, local max. 

Data was separated into training and testing sets, with data from blocks [1,2,3]  being used for 

training / fitting the model ,and data from blocks [4,6] was used for evaluating the fit of the model. 

The quality of the model fit was evaluated using the criteria variance accounted for (VAF) which 

is calculated as the ratio of the measured to predicted variance. Here, a perfect prediction produces 

a VAF of 1, and a prediction which accounts for none of the variance results in a VAF of 0.  
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Table 2.2. ARX modeling test set Variance Accounted For (VAF) by feature  
The average test set variance accounted for across the 12 subjects. The ARX models 
were fit on blocks (1,2,3) and tested on blocks (4,6) Temporal features had lower VAF 
than positional features. 
 

t30 t40 settling time local max
VAF 0.243959 0.351904 -0.046580468 0.391593
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2.3.8 Composite curve analysis of block 3: secondary features, regression, PCA 

Composite curve analysis was undertaken to investigate subject reaching strategy (Fig 2.7). 

Analysis block 3 was used in this analysis because all 3 stiffnesses, high medium and low, were 

represented in this block. A set of 8 secondary features were created to characterize each subjects’ 

block 3 performance and establish patterns of performance. The naming convention followed by 

the secondary feature was [feature name (stiffnesses involved)]. Here we will describe how the 

secondary features were computed and justify why they might provide useful information for 

understanding subject reaching performance. In all subjects the medium stiffness composite curve 

had the best performance in terms of settling time, and so frequently this was chosen as a 

reasonable curve to use in the characterization of subject reaching strategy. The secondary features 

t30(M), settling time(M), and peak velocity(M) were all looked at for this reason.  L2loss(M) was 

defined as the sum of the square of the difference (L2 loss) between the subjects’ medium stiffness 

composite curve and a step function. This offers a precisely defined mathematical expression for 

how fast and smoothly a subject arrived at the target location. Local max t(L) and Local max y(L) 

generally look at the overshoot behavior of the lower stiffness condition. The following 2 features 

characterize the nature of the undershoot response for of the higher stiffness curve: n_extrema(H) 

and backtracking(H).  n_extrema(H) is a count of the number of extra points in the H composite 

curve which varied between 0 and 2. Backtracking(H) is only defined when the n_extrema(H) is 

2 and represents the difference between the local maximum of the H composite curve and the local 

minimum that follows, in degrees. Lastly, the t30 dispersion (LH) secondary feature was defined  

as the t30(H) time minus the t30(L) value, which is an indication of how tightly clumped together 

or widely dispersed the t30 time was the different response curves.  
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Fig 2.5. Subject Settling Time Performance is Consistent Across Blocks  
(A) subjects were ranked in terms of the settling time performance of their composite 
curves on optimally adapted trials. Here optimally adapted was defined as the stiffness 
with the fastest settling time in a block. Subjects who were the fast reachers tended to 
reach fast in all blocks while those who were slow reachers tended to reach slowly in 
all blocks. Put another way, variance across subjects was much greater than variance 
within subjects. (B) Composite curves of a fast reacher for blocks 1,2, and 3. The 
subject consistently demonstrated features characteristic of the fast reacher such as low 
stiffness overshoot, low t30 dispersion, presence of a local min and max. (C) Composite 
curves of a slow reacher for blocks 1,2 and 3. The subject consistently demonstrated 
features characteristic of a slow reacher such as high t30 dispersion, low overshoot on 
low stiffnesses, absence of local min in sub optimally adapted curves.   

 



61 

 

A series of regressions were undertaken to establish relationships between secondary 

features. Several interesting regressions are featured in figure 2.7. P-value and correlation 

coefficients were calculated and reported for each regression. Lastly principal component analysis 

(PCA) was performed on the secondary features, and explained variance was plotted as a function 

of principle component index.  

2.3.9 Model Identification Adaptive Control (MIAC) 

An optimal control framework called Model Identification Adaptive Control (MIAC) was 

implemented to simulate lower-limb reaching behavior. The objective of the analysis was to 

explore whether the dispersion of features seen experimentally might be explained in terms of an 

optimal trade-off between competing objective functions. The results of the analysis are shown in 

figure 2.8.  

Figure 2.8B shows the MIAC control system architecture. A model predictive controller 

(MPC) generates a torque sequence which represents the control action of the human. The torque 

interacts with a plant model, which represents the physical system being rendered by the 

NOTTABIKE robot. Finally, an optimal parameter estimator represents the ability of the human 

to adapt the estimate of the system they are interacting based on feedback. It takes in a copy of the 

torque trajectory generated by the MPC (efference copy), and sensory data from how the physical 

plant actually behaved and forms the best estimate for the spring being rendered. This estimate is 

used on the next iteration torque generation by the MPC. 

We begin by a description of the plant model. A continuous time state-space model of a 1 

degree of freedom rotational mass-spring system was created and is depicted graphically and 

numerically in figure 2.8A. The state vector of input of this system is torque 𝑢 and the output is 
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the state vector  𝑥 = [𝜃𝜔]ᇱ. For computability, the continuous time system representation was 

discretized using sample time 𝑇 = .01 and 5 terms in the Taylor-Series expansion of the matrix 

exponential. This model constitutes the plant block in figure 2.8B. 

The model predictive controller (MPC) (see Fig 2.8B) generates a torque trajectory using 

a technique called direct-collocation. In direct collocation, an objective function is optimized 

subject to a set of constraints which constitute the dynamics of the system. Here the dynamics of 

the system come from the discretized dynamics of the plant model estimate over the planning 

horizon. We used a 1.5 second planning horizon with a time grid of 𝑇 = .01. We used a MPC 

period of .3 seconds except for where specified (see discussion) so that while an entire trajectory 

is planned, only a fraction of it is executed through the plant model at any control loop iteration. 

The objective function trades off 2 competing objectives using a single parameter 𝜆. The first 

objective is integral actuation cost, which is computed as the sum of the square of the torque 

trajectory. This objective function makes using high torques expensive. The second is integral end-

point error, which mathematically is defined as the sum of the difference between the current 

location and target location over the specified time interval. This objective function encourages 

fast reaching towards the target. Trading off between these 2 objectives with the parameter lambda 

𝜆 specifies mathematically what a modeled subject values during their reach.  

The optimal parameter estimator uses measured data from the plant and information about the 

torque trajectory 𝑢 to formulate an optimal estimate for 𝑘, denoted 𝑘෠ . The optimal parameter 

estimator was implemented using a shooting method which varied 𝑘෠   to minimize the difference 

L2 norm between the measured and simulated state vectors 𝑥௡. 
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Fig 2.6. Visual Cueing Impacts Reach Performance. 
(A) Without visual cueing, large differences were observed between the composite 
curve of high stiffnesses and low stiffness reaching trials in block 4. (C) A dial indicator 
was added to the visual display to inform the subject which stiffness was going to be 
encountered next in block 5. (C) With this additional information, subjects could reduce 
overshoot on low stiffnesses and undershoot on high stiffnesses. Interestingly, timing 
statistics (t30,t40) of high stiffness reaches were impacted to a greater extent than low 
stiffness reaches. (see table 2.1.3) 
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2.4 Results 

Inferential statistical analysis was performed to establish the difference in performance 

between block 1 and block 2 across different stiffness conditions (Table 2.1). Recall that block 1 

featured predominantly high stiffnesses while block 2 featured predominantly low stiffnesses, with 

10 medium catch trials (Fig 2.1.C). All comparisons in table 2.1 were found to be statistically 

significant besides that of reaction time.  

ARX models were fit to a time series of each subjects’ performance for the features 

t30,t40,settling time, and local max (Table 2.2). Time based features tended to poorer performance 

on variance accounted for than the angular feature local max. The extent to which ARX models fit 

the data for a particular subject varied from .2 to .7 VAF. 

To establish whether subject settling time performance was consistent over time, settling 

time performance was evaluated on blocks 1,2,3 for the most frequently presented stiffness in that 

block. Subjects were ranked in terms of their average settling time, and the results were plotted in 

figure 2.5. Settling time variance across subjects was greater than settling time variance within 

subjects, indicating that fast reachers remained fast, and slow reachers remained slow over time.  

Table 2.3 establishes the effect that visual cueing has on reaching performance by 

comparing block 4 and block 5 performance features for both high and low stiffnesses. Subjects 

showed lower overshoot on both high trials and low trials (p = .008 and p < .001 respectively). 

Temporally, subjects showed faster t30 and t40 rise times, but only on the high stiffness trials (p 

< .001 for both). Low stiffness trial rise times were unaffected.  

The results of an analysis to evaluate if visual cueing could cancel the effect of adaptation 

are presented in table 2.4. Block 5 trials were sorted by their 1 trial histories (what the previous 
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trial was) and compared statistically. Those reaches where the previous reach was of a different 

stiffness had a slower settling time, and statistically different local max than reaches where the 

previous reach was of the same stiffness.  

An analysis of block 3 composite curve performance was undertaken to evaluate subject 

reaching strategy (Fig 2.7). 8 secondary features were created to characterize (see section 2.8 for 

details) block level subject performance. Regression analysis revealed relationships between these 

secondary features. The time of overshoot was negatively correlated with angle of overshoot (r = 

-.81, p =.001). Subjects who had a higher peak reaching velocity on their medium stiffness curves, 

also had a tighter t30 dispersion across curves (r = -.93, p < .001).   Principal component analysis 

revealed that the majority (88%) of the explained variance among the 8 secondary features could 

be accounted for by a single principal component dimension.  

The MIAC model simulated reaching in uncertain environments for simulated subjects 

with different weights in their multi-objective reaching function. When the simulation placed more 

value on reaching fast (minimizing end-point cost), secondary features characteristic of fast 

reachers emerged such as a high Local max(L), a small t30 dispersion, a high stiffness reach with 

a local max and min. When the simulation placed more value on using low torque (minimizing 

actuation cost), secondary features characteristic of slow reachers emerged, such as low Local 

max(L), a large t30 dispersion, and a high stiffness reach without a local max or min.  
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Table 2.3. Evaluating Subject performance with and without Visual Cue.  
Inferential statistical analysis evaluated the effect of visual cueing on subject 
performance for the above features by comparing block 4 (deBruijn with no visual cue) 
to block 5 (deBruijn with visual cue) performance.  
 
Note: Column labels may be read as follows: “feature name(stiffnessBlock-
stiffnessBlock)”. Example: “local max(H4-H5)” compares the value of the local max 
feature on high stiffness reaches in block 4 to high stiffness features in block 5. If no 
stiffness is listed, all reaches in the block are pooled for the analysis.  

 

Time-Based Features (seconds)
t30(L4-L5) t30(H4-H5) t40(L4-L5) t40(H4-H5)

condition1: mean(sd) 0.537(±0.047) 0.571(±0.070) 0.598(±0.066) 0.741(±0.082)
condition2: mean(sd) 0.539(±0.050) 0.524(±0.051) 0.609(±0.073) 0.620(±0.077)

p-val 1 <.001 0.54 <.001

reaction time(4-5) settling time(4-5)
condition1: mean(sd) 0.369(±0.043) 1.28(±0.053)
condition2: mean(sd) 0.363(±0.044) 1.19(±0.061)

p-val 0.09 <.001

Position-Based Features (seconds)
local max(H4-H5) local max(L4-L5)

condition1: mean(sd) 43.8(±1.9) 52.0(±2.5)
condition2: mean(sd) 45.4(±1.1) 49.5(±1.9)

p-val 0.008 <.001
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2.5 Discussion 

2.5.1 Average reaching performance is affected by training environment 

When considered together, figure 2.3 A and B shows the impact of training environment 

on the shape of a medium stiffness reach composite curve. In the predominantly high stiffness 

environment of block 1, the medium stiffness response on average show characteristic features 

such as a high local max (52.4 degrees) fast t30 (.537 sec) and t40 (.592 sec) rise times. These 

features suggest that the human motor control system was on average anticipating encountering 

the more prevalent (7:1 ratio) higher stiffness and was mis-calibrated when encountering the 

medium stiffness trial. 

 By contrast, the medium stiffness composite curves of block 2 in which low stiffness 

predominated showed the opposite characteristics.  Local max undershoots the target (40.6 

degrees) and t30 (.605sec) and t40 (.869sec) are slow – suggesting mis-calibration in the opposite 

direction. These results are consistent with the results of adaptive processes from other movement 

modalities such as the upper-limb, fingers, and saccadic movements of eye muscles.  It is important 

to note that the human controller is not responding by calculating an evenly weighted running 

average, but instead the recalibration is more strongly influenced by proximal past performances. 

In the next section, we explore more precisely how mis-calibrations are related to previous 

performance and encountered stiffness using time series analysis techniques.  

2.5.2 ARX model prediction performance and feature histogram shapes 

An Autoregressive Moving Average model (ARX) was used to predict feature performance 

on the current trial from a linear combination of a constant, feature performance on the previous 
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trial, and the current and previous spring stiffnesses (see section 2.7 for details). As an example, 

we will look at the average coefficients for an ARX model of the local max feature and interpret 

their meaning. The base formula of the ARX model is 𝑦ො௧  = 𝑐 +  𝑝଴(𝑦௧ିଵ) +  𝑏଴(𝑥௧ିଵ)  +  𝑏ଵ(𝑥௧). 

The average fit across all subject training data was calculated as 𝑦ො௧  =  40.5 +  .165(𝑦௧ିଵ)  +

 .472(𝑥௧ିଵ)   −   .558(𝑥௧). If we consider the first two terms together, then just  the AR part of the 

model is defined as 𝑦ො௧  = 𝑐 +  𝑝଴(𝑦௧ିଵ). This is recursive discrete time function which causes 

exponential decay towards a steady state value. 𝑐 moves the value up and down, and 𝑝଴ has a 

combined effect of adjusting the steady state value and the rate of exponential decay, with larger 

𝑝଴ values resulting in slower rates, and smaller 𝑝଴ values resulting in faster decay rates. For our 

model the steady state value was 48.2, and the exponential decay rate, which might be thought of 

as a forgetting rate was .165.  

The last two terms in the model,  .472(𝑥௧ିଵ)   −  .558(𝑥௧), form the exogeneous input. 

Notice that the terms are nearly the same magnitude and opposite in sign. Thus, when the previous 

stiffness and current stiffness are the same, the sum of these two terms is small and nearly offset. 

When the previous stiffness is low for example (10Nm/rad) and then current stiffness is high 

(30Nm/rad), this part of the model predicts that there should be an undershoot of about 12 degrees. 

Conversely if the previous stiffness was high and the current stiffness low, then there should be an 

overshoot of about 8 degrees.  

As should be expected, the quality of the ARX model training fits were much higher than 

the testing fits as determined by the VAF criterion. The quality of fit as quantified by VAF was 

more variable from subject to subject than we expected. For instance, when modeling the local 

max  feature, some test fits were as high as 0.67, while others were as low as 0.1. One reason for 

this discrepancy could have been that linear least squares is sensitive to outliers during the fitting  
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Table 2.4. Visual Cueing Cannot Cancel Adaptation. 
To evaluate if visual cueing completely cancels the effect of adaptation, an inferential 
statistical analysis was performed on data from block 5 performance. Local max and 
settling time statistics were calculated using paired t-tests with FDR corrections, to 
evaluate the effect that previous trial had on current trial performance. Performance on 
each metric was better (lower overshoot, faster settling time) in the condition when the 
previous trial stiffness matched the current trial stiffness, indicating that an adaptive 
mechanism was still at play even when the next stiffness was known before the reach. 
 
Note: Column labels may be read as follows: “feature 
name(previousStiffnessCurrentStiffness – previousStiffnessCurrentStiffness)”. 
Example: “settling Time(HH-LH)” compares the settling time of High stiffness where 
the previous stiffness was high to high stiffness trial where the previous stiffness was 
low. All analysis in this table was performed on block 5 trial. 
 

localMax_y(HH-LH) localMax_y(LL-HL) settlingTime(HH-LH) settlingTime(LL-HL)
condition1: mean(sd) 46.0(±0.99) 48.6(±1.1) 1.14(±0.070) 1.19(±0.079)
condition2: mean(sd) 44.5(±1.8) 50.3(±2.9) 1.19(±0.067) 1.24(±0.072)

p-val 0.02 0.03 0.006 0.03
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process, and so it’s possible for a small number of non-representative datapoint to skew the fitting 

process. Spatial features like local max tend to be normally distributed, while temporal features 

are gamma distributed with right skew (Fig 2.4B) this could be a reason why test VAF was higher 

in spatial than temporal features.  

2.5.3 Settling Time Performance is Consistent Across Blocks 

The analysis shown in figure 2.5A was undertaken to assess whether subjects maintained 

a consistent level of performance throughout the duration of the experiment. Other investigators 

have noted the existence of slacking – a phenomenon in which subject performance worsens over 

time. We did not observe this phenomenon, which would have been indicated by earlier blocks 

consistently having lower settling times than later blocks in figure 2.5A. This could have been due 

to the motivational system keeping subjects engaged with the task. 

2.5.4 Visual Cueing Impacts but cannot cancel reach adaptation 

The analyses were undertaken to establish the impact that visual cueing of environment 

stiffness has on lower-limb reaching performance. The results are compared graphically in figure 

2.6 and statistically in tables 2.3 and 2.4. Subjects showed an ability to utilize stiffness cues to 

improve performance features, but improvements were not the same for every feature or every 

stiffness condition. For the local max feature, undershoot of the high stiffness trials was decreased 

while overshoot of low stiffness trial increased with visual cueing, likely indicating a change to 

motor preplanning and environmental expectation. The improvement in local max characteristics 

led to a statistically significant improvement in settling time for all conditions (p<.001). 

Temporal features such as t30 and t40 were significantly different (p < .001) on high 

stiffnesses, but not low stiffnesses. This means that despite information about the environment to 
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be encountered, subjects choose not to modify the temporal characteristics of their reach in the low 

stiffness condition. One possible reason for this choice could be that pushing the low stiffness 

reach to be faster could compromise endpoint accuracy as specified by Fitts law. Signal-dependent 

noise, or increased variance as a function of control signal magnitude, has been suggested as the 

mechanism behind Fitts law. As the speed of the reach gets faster with brief periods of large 

accelerations, the contribution of force required to accelerate the inertia of the legs becomes larger, 

and the timing requirements for those forces becomes tighter. It’s possible in the low stiffness case, 

subjects were already closer to their timing limits, and so no change in timing characteristics was 

observed despite the subject having access to cueing information. 

By contrast, when subjects were interacting with an unknown high stiffness environment, 

their behavior was significantly slowed by the force required to overcome the spring. When 

subjects were cued about encountering the high stiffness environment, they were willing to offset 

the cost of pushing against the high stiffness spring to improve their temporal performance 

characteristics, up to the point the timing characteristics of the high and low stiffness were about 

equal. 

Finally, we performed an analysis which demonstrated that while visual cueing can 

improve performance features of reaching curves, it cannot cancel the effects of adaptation. Table 

4 shows an inferential statistical analysis that makes this point. Local max and settling time were 

significantly better in the block 5 (with visual cue) conditions where the previous trial was the 

same as the current trial. To understand why this might be, it’s important to examine how a subject 

uses cues to improve reaching performance. The subject must translate between the visual image 

of an indicator dial on the screen indicating high or low and then call up a motor memory of what 

it was like to interact with that environment and integrate that information into their motor plan  
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Fig 2.7. Subjects used Different Reaching strategies captured by a single parameter  
8 features were extracted from the composite curves of the block 3 performance of each 
subject and were used in regression and principal component analysis (A) An example 
faster reacher as determined by settling time performance of the medium stiffness condition
(B) An example slow reacher as determined by settling time performance of the medium 
stiffness. (C) Regression analysis which demonstrates that faster reachers tend to overshoot 
more on the low stiffness. (D) regression analysis which show that faster reachers, as 
determined by their peak velocities tend to have lower t30 dispersion. (E) Data sliced along 
the first and second principal components, demonstrating the maximum variation of the 
dataset (F) PCA revealed that 88% of the variance of these features could be explained by 
the first principal component, which suggests a single parameter can be used capture the 
different subject reaching strategies.  
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for the next reach. Such conceptual manipulation requires frontal lobe involvement. In parallel, 

there is an adaptive process going on when is driven largely by motor prediction error. This 

adaptation process which is believed to be mediated by the cerebellum. Thus, while visual cueing 

can greatly improve aspects of reaching performance, it can’t cancel the effects of the adaptation 

process that is happening concurrently. 

2.5.5 Subjects used Different Reaching Strategies Captured by a Single Parameter 

An analysis of block 3 performance was undertaken to try and understand how subject 

reaching performances were different from one another, and to what extent curve features 

correlated. A set of 8 secondary features was created to quantify subject composite curve 

performance and the rational and implementation of those features is listed in section 2.8. From 

the Principal Component Analysis of these 8 features across all 12 subjects, it was found that only 

1 dimension was required to explain 88% of the experimental variance (Fig 2.7 E and F). This 

result indicated that strong correlations existed between the salient features of the reaching curves 

and variation along a single parameter might be able to explain the different features observed in 

the experimental data and motivated the construction of an optimal control model of reaching. 
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Fig 2.8. Model Identification Adaptive Control (MIAC) Simulation Results 
We created an optimal control framework to model lower-limb reaching. (A) the 
dynamics of the model were based on a 1 DOF rotational system with input torque 𝑢
and output kinematics 𝑥 = [𝜃𝜔]ᇱ. (B) an optimal controller solves for a torque 
trajectory u over a planning horizon. The trajectory minimizes a 2-term cost function 
trading off actuation cost and end-point accuracy while being constrained by the 
dynamics of the estimated system. A single parameter 𝜆 defines the relative tradeoff 
between the two cost functions. Each MPC cycle, 𝑢 is input into the plant model which 
generates 𝑥(𝑡). 𝑢 and 𝑥 are then passed to an optimal parameter estimator which 
updates the estimate of k, 𝑘෡ used by the controller. (C) By plotting the controller 
performance over range of  𝜆 values, a pareto optimal frontier is generated. High values 
of  𝜆  favor lower integral end-point error, while low values of 𝜆 favor lower actuation 
cost. (D and E) Simulated trajectories using the (MIAC) framework with, 𝑘෡  = 
20[Nm/rad] (medium stiffness) (D) The simulated fast reacher values end-point error 
at the expense of actuation cost. Notice characteristic features observed in the 
experimental results, such as low t30 dispersion, large overshoot on low stiffness, and 
a local minimum and maximum on the high stiffness curve. (E) The simulated slow 
reacher values low actuation cost at the expense of integral end-point error. Notice the 
high t30 dispersion, lack of local minima in the high stiffness response curve, and 
smaller overshoot in low stiffness curve. 
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2.5.6 Model Identification Adaptive Control (MIAC) Simulation Results 

A Model Identification Adaptive Controller (MIAC) Simulation was developed to explain 

the salient features observed in the experimentally collected data in terms of variation along a 

single dimension. The single model parameter 𝜆 specifies a trade-off between 2 competing 

objectives - one for end-point accuracy and a second for actuation cost (see section 2.9 for details). 

Allowing lambda to vary changes which objective function is more highly valued and forms a 

curve known as a pareto front (Fig 2.8C).  

Settling time of the most frequently encountered environment within a block forms a good 

proxy measurement for end-point error valuation, and figure 2.5 suggests this did not change over 

the course of the experiment.  What factors might determine a subject’s choice (constant) choice 

of 𝜆 value? Motivation and engagement with the task and recruitment of the dopaminergic system 

is one possibility. Subjects with higher engagement levels may place more importance on end-

effector error as good settling time performance elicited enjoyable sounds from robot’s 

motivational system. Risk aversion manifesting as a low tolerance for overshoot, undershoot, or 

unintended movements of the crank is another possibility, as subjects with faster reaching 

preferences had greater deviations of the crank angle when they were miss-adapted to the 

encountered environment (Fig 2.8 D and E). A third possibility is that the speed of the subjects’ 

reach may be limited by the lag time of their sensory feedback and ability to integrate sensory 

information. Maximum overshoot and undershoot in miss-adapted cases was very sensitive to 

MPC loop time, so a subject with slower sensory feedback may elect to reach more slowly.  

The MIAC model allowed for the investigation of the mechanisms behind some of the 

observed curve features. For instance, undershoot followed by a local minimum in the high 

stiffness response curve of fast reachers is due to a mechanical resonance between rendered spring 
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and limb mass. The human enacts a pre-planned force trajectory which is not sufficient to reach 

the target position. The spring begins to move the leg backwards when sensory feedback reaches 

the optimal parameter estimator. The actual stiffness of the environment is calculated updating 𝑘෡   

and corrective measures are taken to reach the desired target. Overshoot may be understood in a 

similar fashion.  

The MIAC model also sheds light on the t30 dispersion feature. The early portion of fast 

reaches are dominated by the large forces required to accelerate the mass of the model. Force due 

to the small spring displacements of early reaching by comparison contribute very little to the total 

applied force, and so the early trajectories of all 3 curves in figure 2.8D (fast reaching) look the 

same. In slow reaching where high forces are strongly penalized, the early portion of the reach is 

much more gradual, and so pre-planned forces required to offset the spring stiffness represent a 

larger fraction of the total applied force u. Thus, when the encountered spring stiffness is different 

than anticipated, the resulting trajectory is different than planned.  

2.5.7 Limitations and Future Investigations 

In this investigation we explored adaptation during goal directed reaching in the lower-

limb. While the study quantified may of the spatial and temporal performance characteristics of 

lower-limb adaptation, limitations and further questions remain.  

The ARX models of features such as local max, t30, and t40 proved to be excellent 

predictors of performance in the best case, but poor predictors for some subjects. Non-linear model 

fitting or outlier elimination techniques might be able to address these issues in the future. While 

settling time proved to be a reliable metric when averaged across condition as in the inferential 
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statistical analysis, a linear time series analysis model was not capable of producing satisfactory 

predicts of it. 

The MIAC model generated simulated curves that contained many of the secondary 

features observed in experimental data such as t30 Dispersion (LH), the presence of backtracking 

in fast reachers, and others. There were however limitations to the model that could be addressed 

in future work. There is no way besides exhaustive search to know if the objective functions other 

than the two selected might provide a better description for human behavior. Perhaps smoothness 

and energetic cost are closer to human goals, or robustness to environmental variation? Our model 

can’t answer these questions. The MIAC model implemented here doesn’t incorporate the non-

linear dynamics of the limb, or the temporal properties of muscle activation dynamics. Because of 

this, the model can’t answer questions about muscle activation levels or timing. Future studies 

which wish to answer such questions would require more complex musculoskeletal modeling. 

Reaching in this study was conducted along a kinematically constrained cyclic path, and 

between 2 locations only. Future reaching studies in the lower-limb could involve multiple 

reaching objective locations, and consider free-form reaching in the plane, as has been studied 

extensively in the upper-limb 

 

2.6 Conclusion 

Here we have demonstrated and quantified different features of adaptation during a lower-

limb reaching task in healthy subjects against spring environments of different stiffnesses. The 

performance of the reach was shown to depend on the time history of the previously encountered 

trials via an ARX model of the previous performances. We additionally showed that visual 
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information about the next trial could be utilized in increasing performance on the next trial but 

could not fully overcome the effect of the time history of previously encountered trials. Future 

work will explore lower-limb reaching in a varied set of environments, including damper, mass, 

and spring-mass-damper systems.  
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Chapter 3  

Exploring the Role of Cognitive Models in Skill Acquisition 
for a Novel Half-Reversed Cycling Task  

Alexander R. Dawson-Elli and Peter G. Adamczyk 
(study is complete and manuscript is in preparation) 

 

3.1 Abstract 

While much work has been done to investigate goal-directed tasks in the upper-limb and 

cyclic tasks in the lower-limb using robotic systems, the role of cognitive models on skill learning 

with these systems is less known.  In this study, we investigate the role of cognitive models in the 

acquisition of a novel skill in the lower-limb using the NOTTABIKE Robot. The learning 

environment, which we have termed Half-Reversed Cycling (HRC), reverses the relationship 

between direction of push and direction of acceleration for one leg using an admittance based 

haptic control law. This reversal has tremendous consequences for the timing and direction of force 

application required to successfully cycle forward. 20 healthy subjects were split into two groups, 

one received instructions on how to accomplish the task, and the other did not. Subject trained in 

the Half-Reversed Cycling environment for 5, 30-minute sessions over a 2-week period, during 

which time they learned coordination strategies to move the crank forward with a constant forward 

velocity of 20RPM. In a 6th session the reversed side was switched from the right side to left side, 

and so subjects were challenged to transfer what they had learned to the other side. This 

experimental design compares learning performance in a Reinforcement Learning (RL) 

environment, where the only available feedback is a scalar value of instantaneous performance, 

and a Reinforcement learning plus Cognitive Model (RL+CM) learning environment, where 
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subjects are provided with reinforcement feedback and a cognitive model of how to accomplish 

the motor task. The results of this work have implications for the design and structuring of 

rehabilitation exercises in stroke affected populations.  

3.2 Introduction  

Rehabilitative robots have been useful tools for studying motor control in the upper-limb 

for several decades. Starting with the seminal work of Shadmehr and Mussa-Ivaldi in 1994 [1], 

the ability of simulated dynamic environments to elicit strong adaptive responses began to be 

appreciated. Investigation focused on goal-oriented and reaching type task in a 2D plane [2]–[6], 

as this was envisioned to be – and is – a primary use of the upper-limb. An interesting set of 

principles emerged from these investigations, concepts like error augmentation [7] and optimal 

control as a feasible framework for understanding motor control [8]–[10]. The behavior of 

adaptation is however relatively simple compared with the development of a new skill or control 

policy to suit a new environment [11]. In many cases it was found that adaptive responses could 

be predicted using linear models such as ARX models,  simply based on the previous performance 

and the next perturbation [12]. A much smaller emphasis was placed on skilled movements, and 

whether a robot could be successfully used to teach such movements [13]. 

Running somewhat in parallel was an initiative to use robots in the rehabilitation of the 

lower-limb after stroke or other neurological damage. Here the emphasis was placed on cyclic 

movements, rather than goal directed behaviors. Investigators used robots a variety of cycles, 

lower-limb exoskeletons, and split belt treadmills [14]–[18]. From these investigations and others 

[19]–[21] an interesting picture emerged which focused on the lower-limb as being an extremity  
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Fig 3.1. The Robot, Task, Experimental setup, GUI and haptic control law  
(A) The graphical user interface displayed useful information to the participants while 
they were performing the study. The subject’s goal was to pedal at a constant 20RPM 
while reducing their speed variance. Their speed was indicated by a blue clock hand, and 
speed variance was indicated by a translucent blue wedge. Subjects were also shown a 
balance indicator and alarm indicator. (B) The NOTTABIKE robot used to render the 
HRC environment. (C) Experimental structure. Each session began with a 2.5minute 
pretest to evaluate initial performance and retention. A 27min free-exploration period 
allowed subjects to  investigate and learn coordination strategies. The session closed with 
a 2, 2.5min testing periods in which performance was to be evaluated, separated by a 
5min break and walking period. Subjects came in for a total of 6 sessions. (D)  Graphical 
representation of the HRC Control law. A force sensitive pedal measured magnitude and 
direction of pushing force and resulting torque about the crank. The direction of this 
torque was reversed in software and applied to an internal mass model, resulting in a 
crank acceleration. The result is a control law which is highly counter-intuitive and 
difficult to coordinate.  
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whose control was mediated primarily by subcortical structures. Concepts like central pattern 

generators [22],  inter-limb coupling between ipsilateral sensorimotor state and contralateral 

flexion phase muscle coordination [21] painted a picture of a limb whose action was primarily 

automatic and cyclical. Adaptation was studied in the lower-limb in the context of walking using 

the split-belt treadmill [23] – investigating both basic science questions, and clinical questions of 

whether repeated exposure to the stimulus that elicit adaptation in stride length could have 

therapeutic effect when repeated [24]. Approaches such as assist-as-needed [25], where force was 

applied in order to guarantee kinematic objectives became the standard methodology.  

Outside the field of rehabilitative robotics, motor skill development has been studied as a 

phenomenon which requires extended amounts of time and exposure to develop, and which can 

benefit from various types of coaching such as learning through demonstration, explicit instruction 

and implicit learning techniques [26], [27].  While the motor skill to be developed will eventually 

become implicit and automatic, explicit knowledge in the form of demonstrations, cognitive 

models, and analogies has been shown to improve the rate of novel skill acquisition for tasks in 

the upper-limb [28]. The pedagogical importance of scaffolding is appreciated, in which the learner 

is progressively challenged with more and more difficult tasks as they grow.  Within the stroke 

literature, it’s not yet agreed upon whether the ability to learn skilled movements implicitly is 

preserved after cortex damage. This elicits an interesting question: in those individuals who have 

sustained motor cortex damage but have their cognitive faculties preserved, might they benefit 

from the explicit instruction and cognitive models? As a prerequisite for answering this question, 

we have chosen to ask whether intact individuals can benefit from explicit models learning a novel 

skill in the lower-limb using a robotic platform.  
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A useful computational framework for understanding why cognitive models might be 

useful for the acquisition of new skills is reinforcement learning [29]. In the reinforcement learning 

framework, an agent interacts with an environment to optimize performance on an objective 

function. RL algorithms can provide high performance solutions to optimization problems, but in 

general efficient exploration of the solutions space is a difficult and unsolved problem [30]. For 

this reason, naive or unconstrained searches of the solution space tend to be long and time 

inefficient [31], [32]. The explicit knowledge generated by experts and codified in words and 

pictures might serve as an epi-function that limits the size of the search space which must be 

explored and suggests regions of the search space which are fruitful, leading to more efficient skill 

acquisition. 

 In this study, we use a lower-limb robot to train 2 groups of subjects on a novel skill called 

Half-Reversed Cycling. One group has access to cognitive models with potential utility in 

accomplishing the task, while the other is performing a pure reinforcement learning task. We 

expect that cognitive cues can be used to conceive of and formulate strategies of interaction, as 

well as limit the force, angle, and timing state-space over which the reinforcement learning process 

much search to optimize performance within the environment. 

3.3 Methods 

3.3.1 The Robot, Learning Environment, and Penalty Function.  

In this section we describe the robot and its capabilities as a motor learning platform. We 

then detail the HRC haptic learning environment, the task objective given to subjects and the 

construction of a penalty function in the haptic environment designed to safeguard against 

pathological solutions. 
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The experiment was conducted on the NOTTABIKE robotic system. NOTTABIKE is a 1 

Degree-of-Freedom robot capable of rendering impedance and admittance based haptic 

environments and used for interacting with the lower-limbs in a recumbent posture (Fig 3.1B). It 

is a fully integrated experimental robotic motor learning platform capable of rendering haptic 

environments, capturing kinematic and kinetic data, displaying real time visual performance 

feedback to the user, and prescribing precise experimental protocols via a scripting interface (Fig 

3.1 AB).  

Subjects interacted with the Half-Reversed Cycling environment. This unique environment 

is achieved using an admittance-based haptic approach. Force direction and magnitude and pedal 

configuration are recorded from the instrumented pedals of the NOTTABIKE robotic platform. A 

virtual Inertia and damping are rendered in software that define the relationship between applied 

torque, angular velocity, and angular acceleration. On the side that has been reversed, applying 

positive torque results in negative acceleration. On the other side, force from that pedal creates 

crank acceleration in the normal / anticipated way. The reversal i.e. the relationship between 

applied torque and crank acceleration, constitutes a novel environment that subjects must explore 

and determine how to control. It should be noted here that the crank is not split – but that the net 

crank acceleration is determined from the sum of the left and right pedal torques via the equation 

𝜏௡௘௧  =  𝐹௅  𝑥  𝑟 +  (−)𝐹ோ  𝑥  𝑟. The negative sign on the right foot constitutes the reversal of the 

“half reversed” environment.  

A penalty function was created to ensure that subjects used both their right and left legs to 

accomplish the task. Without application of the penalty function, many of the subjects quickly 

discover the pathological solution of only using the non-reversed leg and abandon coordination of 

the leg they don’t understand how to coordinate. The penalty function prevents this behavior from 
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happening. The penalty function measures the amount of angular impulse (torque * time) delivered 

by the right and left legs over the previous 10 seconds and forms a vector in an impulse plane. 

Only torques which moved the crank forwards were considered (quadrant 1) and the penalty 

function was only levied at forward velocities greater than 10RPM so as not to impede exploratory 

activity. If the impulse of one of the legs exceeded the impulse of the other leg by a ratio of 2:1 a 

penalty was levied against the offending leg and on the system as a whole by increasing the system 

damping coefficient.  

The penalty itself was implemented by a first order system model (RC circuit) with 

different activation and deactivation time constants of 𝜏௔ = 5 seconds and 𝜏ௗ = 3 seconds, 

respectively.   The value of the penalty function varied from .2 (fully on) to 1 (fully off) and was 

used as a multiplier for effective moment arm, making pedaling on the penalized side up to 5 times 

as difficult as in the unpenalized state. System damping was also increased by this same penalty 

value. When the 10 second impulse measure was in an unbalanced state, subjects would get a 

warning light on their graphical user interface, the penalty function would start charging at the 𝜏௔ 

time constant. If the subject didn't correct their impulse balance, the penalty value would cross a 

threshold and activate the alarm, which would flash white and red at .5Hz and buzz annoyingly, 

while the force penalty was rendered. A blue bubble level widget encodes the instantaneous 

penalty value on the subject GUI.  

A second alarm indicates to the user when they have exceeded the safe torque threshold of 

40Nm. When the torque threshold is exceeded, the haptic environment is no longer being faithfully 

rendered, and is in effect torque-saturated. This alarm was included to prevent subjects from trying 

to "push through" the rendering, and serves as an indicator to the subject that there is a problem 

with his or her control strategy, and the robot is acting properly. 
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Fig 3.2. HRC Torque profile and coordination strategy 
(A) Torque profile during normal cycling compared to HR Cycling. Solid lines 
represent the torque generated by the left and right feet during normal cycling. The 
crank angle representation on top provides a useful reference for interpretation. Peak 
torque is exerted by each foot when it is 45 degrees forward of vertical to create a strong 
concentric power stroke. These 2 power stroke phases are offset by 180 degrees. 
Compare this to the torque curves for HRC task. The apex of the power stroke on the 
(in this case, left) reversed leg has shifted 120 degrees from its normal location. Notice 
also that the direction of the measured torque is negative in the power stroke (due to 
the nature of the control law), and that it represents eccentric muscle activity. (B) Shows 
a schematic representation of the difference between the normal cycling strategy and 
the half reversed cycling strategy. In the normal case, the subject pushes forward at 
approximately +45 degrees from vertical and creates a large positive torque. This 
strategy will not work for the reversed control law however, and the subject must learn 
when, where, what direction, and how hard to push in order to successfully power the 
robot forwards.  
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3.3.2 Experimental protocol 

In this section we detail the recruitment of subjects, the structure of the study groups, 

instruction sets, task objective and the experimental setup and protocol. 

20 healthy subjects (ages 23-26, 10 females and 10 males) participated in this study. 

Subjects were randomly assigned to one of two study groups. Subjects gave written informed 

consent before participating, and the proposed protocol falls under the current University of 

Wisconsin-Madison Health Sciences IRB. These tests establish the suitability of NOTTABIKE for 

the study of motor control and rehabilitation.  

The study participants were broken up into 2 experimental groups. The first group, termed 

the Reinforcement Learning (RL) group received only instructions of the task objective and safety 

information, while the second group, the Reinforcement Learning + Cognitive Models (RL+CM) 

group additionally received an instruction set containing cognitive models that were useful to 

achieving the task objective. 

The reinforcement learning group was provided with the instruction set shown in appendix 

A. This instruction set contained a definition of the structure of the experiment, including the 

number of experimental sessions and the length of each session and the activity blocks within each 

session. Most importantly, it contains a description of the task objective: to achieve a target 

velocity of 20RPM over the crank cycle, while reducing the variance of the crank velocity. The 

instruction set further pictured the feedback subjects would receive (Fig 3.1B) a speedometer 

widget where a blue needle indicates their instantaneous velocity, and a translucent blue wedge 

represents the variance of their velocity over the past 5 seconds. It additionally provides the subject 

with an explanation of the safety features of the robot including a set of hand switches which cut 
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the power to the robot, and a quiz was included at the end of the instruction set that the subjects 

were required to complete at the beginning of each contact session. 

The Reinforcement Learning + Cognitive Model group received the instruction set in 

appendix A, but additionally received the instruction set in appendix B. This instruction set 

included 12 strategies designed by an expert that were intended to give the subjects an explicit 

cognitive model of subskills required for the performance of HRC. The strategies avoided using 

advanced technical language and reference to physics or haptics, but instead focused on being 

understandable and practical. The strategies for skills were presented in order of increasing 

difficulty as determined by the expert performer and were labeled as such for the subject with the 

labels [beginner, intermediate, advanced]. 

Each subject in the study participated in 6 trainings of approximately 45 minutes including 

preparation time and rest time. The 6th session differed from the previous only in that the rendering 

of the right and left foot flipped, so that transfer learning could be observed. On the 6th session, 

subjects in both groups were given an additional instruction set that said " the roles of the right and 

left foot have been reversed". 

  The subject would begin each session by reviewing the instruction set associated with their 

study group. They would then answer the quiz on the study sheet and hand their answers to the 

experimenter. The subject was fitted to the cycle, including strap-in foot connections which 

included a heel cup so that the subject could push or pull on the pedals. The experiment has a 

blocked architecture, shown in figure 3.1C. There are two types of blocks, testing blocks and free-

exploration blocks. During the testing blocks, subjects exploit their current knowledge of the 

system to perform the best they can at the task objective, while during the free exploration blocks, 

they are free to explore different motor control strategies to gain skills that may lead to improved 
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performance. Subjects were encouraged to consult their instruction sheet and take frequent breaks 

during the free-exploration block, but during the testing block, they were instructed to keep the 

robot powered and perform at their best for the duration of the test. An experimental session 

consists of a 2.5 minute pre-testing block, a 27.5 minute free-exploration block, a 2.5 minute 

session testing block, a 5 minute rest block in which subjects were required to get up from the 

robot and walk around, and finally a 2.5 minute post-testing block.   

On the first day of the experiment for each subject additional tests were conducted that 

were useful for future analysis. Each subject was fitted to the robot by the experimenter to be in 

such as position that the subject was comfortable, and still had bend left in their knee 

(approximately 160 degrees, where 180 is full knee extension) when at the point of maximal 

extension within the pedaling cycle and with the ankle in a natural position. Their seating distance 

from the crank axis was recorded and was used every session for the duration of the experiment.  

Next the subjects performed a test on the robot to measure the passive weight of their legs. 

The robot actively drives the subjects’ legs at 10RPM, while the subject was told to remain relaxed 

and allow the robot to drive them without exerting additional muscular effort. Finally, the subject 

performed a forward pedaling task while the robot rendered a "normal bike" which was based on 

an admittance-based rendering of a simulated mass-damper system with no half-reversal. Subjects 

were told the objective of this task was to attain 20RPM, the same target as the HRC task. All 

other parameters of the system were kept constant for this task.  

3.3.3 Data Analysis 

The data analysis will proceed in 3 stages, corresponding with figures 3.3, 3.4, and 3.5. In 

the first stage, features will be extracted from raw data where each feature represents a possible 
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Fig 3.3. Analysis pipeline to form predictive features for subject performance  
(A) From the experimental session data, we consider only the data from the testing 
sessions, where the subject was told explicitly that they were being evaluated for their 
ability to perform the task. The free exploration periods are discarded, as subjects were 
encouraged to explore, rest and otherwise perform sub optimally on the task during 
these periods. (B) Raw data from forces, torques, and crank angles, and internal system 
states are extracted from the test sets. (C) Engineered features are created from the raw 
data which compress raw data and extract (potentially) useful features which may be 
used to differentiate high from lower performers. These could represent performance 
on sub-skills which are necessary to learn before the overall skill of HRC can it learned. 
For each subject, a feature map is created and forms a unique signature of their 
performance.  
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subskill to be learned, culminating in the creation of a feature map. In phase 2 of the 

analysis pipeline, an unsupervised clustering algorithm will be used to segment performance 

classes from crank velocity vs angle plots, which is directly related to the task objective function. 

This analysis will allow us to classify individual performances as belonging to higher or lower 

performance strata. In the 3rd phase, the previous 2 analyses are combined with a decision tree 

classification algorithm to determine which features are most useful in separating, say high 

performers from low performers. These features may then be interpreted as necessary skills to 

elevate performance. 

3.3.4 Engineered features 

The engineered features which serve as candidate subskills were heuristically generated 

from observation of subjects interacting with the half-reversed pedaling environment, and from 

the opinions and interview with people skilled in performing the task. Below we describe the 

heuristics generated from these intuitions and interactions, and the process of translating from 

intuition to mathematical definition of a feature. A useful distinction is between a feature which is 

defined instantaneously, and one which is an aggregate feature over a time period, such as the 

entire testing period. Instantaneous features are computed at the sampling frequency of the data. 

For instance, if someone is currently oscillating, or the integral of the impulse of the push at a 

particular angle, is defined sample-by-sample. By comparison, an aggregate feature is formed as 

an aggregate of a set of instantaneous features. For example, average speed over the testing interval 

would be an aggregate feature and therefore constitutes a form of data compression. 

Feature 1: can subjects oscillate the system about the stable point? 
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In the HRC environment, there is a stable system configuration position located at -45 

degrees, with 0 degrees being to dead center for the right pedal. The position is difficult to get out 

of, because on the left leg forward propulsion can only be attained by the weak hip flexors, and on 

the right leg subjects have the tendency to try and pull, but this in fact causes movement in the 

wrong direction. For these reasons, novice subjects frequently get stuck here and spend 

considerable time trying to oscillate back and forth out of this stable location. A first indication 

that the subject is becoming proficient therefore is that they have enough understanding of the 

system that they can oscillate it back and forth with higher and higher amplitude.  

We begin with a written description for how to mathematically define this feature. First, 

we want this feature to be active only when the subject is currently oscillating. Remember that we 

have access to the history and future performance of the subject. If the subject is oscillating, they 

are in effect located at a point on a sine curve of crank angle. Define a window around the current 

time over which to look. If a sine wave is a reasonable fit to the crank angle curve within that 

window, and if the point of oscillation (here, the offset of the sine wave) is approximately 135 

degrees, the subject can be said to be oscillating at that time and the feature should be turned on, 

and should take on the value of the magnitude of the oscillation. This instantaneously defined 

feature could then be aggregated to form a feature such as “what fraction of the testing period was 

the subject oscillating over?” 

Feature 2: Pedal the left side as you would a normal bike 

  How does the subject interact with the left pedal, at the position where they ought to be 

applying impulse to the mass-damper system (-145 degrees, see Fig 3.2 for reference) Recall that 

the left pedal is not reversed, and so the subject must interact in the same manner as a normal bike.   
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To define this feature mathematically, we will compare subject performance on HRC to their 

performance on the normal pedaling task. Using cross-correlation – how similar is the torque vs. 

angle curve from the HRC task to that of the normal comparison? This will define a continuous 

feature on 0-1.  

Feature 3: when you get stuck, do you release the safety switches and reposition yourself?  

 This feature is defined only intermittently, and ideally is only defined during the free 

exploration sessions as subjects were instructed to avoid releasing safety switches during testing 

periods. It’s easy to algorithmically test for the presence of this feature - if someone releases the 

safety switch and then moves the crank to the desirable position, then the feature is defined, and 

the behavior was performed.  

Feature 4: resist the urge to push regularly with the right foot 

Subjects will experience a strong desire to push with the right foot between 0 and 45 

degrees. Learning to inhibit this behavior is a necessary prerequisite for performing the HRC task.  

Mathematically, this feature may be phrased as follows: how frequently does the subject 

push in excess of their leg weight between 0 degrees and 45 degrees of crank angle? We have data 

on leg weight from the day 1 trials, so this is easy to compute via subtraction off the average torque 

in this range and then computing the angular impulse. 

Feature 5: learn how to use the right foot to power the crank. 

Subjects must learn how to coordinate the right foot in an eccentric power stroke if they 

want to pedal forward consistently without setting off the impulse balance alarm. The insight to 

power the bike in this way will emerge from a rare event, and then control will develop.  

Mathematically this may be defined from the shape of the torque angle curve between certain 

angles. Two different features may be defined here, such as the shape of the curve, the total impulse 
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Fig 3.4. Unsupervised clustering into performance tiers.  
In this activity, performance was defined by a crank velocity criterion – maintain crank 
velocity as close to 20RPM as possible, while also keeping crank velocity variance low. 
In this way the task may be viewed as an optimization problem: find the coordination 
strategy over time which minimizes crank speed deviation from 20RPM. Subject 
performance data was measured for analysis. From the measured data, we create a 
lower dimensional representation (compression) such as a spline fit to the crank angle 
vs. velocity plot. We then use PCA to further compress the data and a unsupervised 
clustering algorithm such as K-mean, mean-shift, or spectral clustering to determine 
how many performance clusters are natively in the data 
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delivered during a time or work performed over a specified angle, or average of these values over 

the test interval, normalized by the number of cycles.  

Feature 6: avoid triggering the alarm using a balanced approach: 

Remember that the impulse balance alarm is triggered when a subject generates impulse 

from one foot more than the other over by a 2:1 interval over a 10 second interval. This metric is 

recorded as calculated data and may be used directly as a feature to indicate proficiency with using 

a balanced approach.  

Feature 7: to reduce speed variability, push less hard, for longer:  

This feature evaluates the smoothness of the subjects’ torque curve during the propulsive 

phases of their left and right legs. This might be defined as an aspect ratio, such as the peak torque 

amplitude compared to the width of the torque curve within a feasible window, or it could be 

computed as a moment of inertia of this curve.  

Feature 8: for more control, power with the right leg then the left 

  This feature relates to a concept called individuation. Finer motor control is achievable by 

maximally separating the pushing phase of the left and right legs from one another. Calculating 

this metric would only be valid of there is a right and left pushing phase and may be defined as the 

difference between the location of the left push peak and the right push peak in terms of angle.  

Feature 9: support the weight of the right leg to prevent a slowdown – 2 phase power 

  For maximum smoothness of performance, the subject must figure out how to use a 2 phase 

power stroke. This coordination strategy is very costly in terms of effort, because the subject must 

use their hip flexors to support the weight of their right leg at +45 degrees to prevent crank 

slowdown from the torque generated by said leg weight.  We can test algorithmically for the 

presence of this coordination strategy by looking at the curve of torque vs. angle for the leg weight 
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measurement vs. the same curve in HRC. If there is less work delivered during this angular interval 

than in the passive weight measurement task, the subject is using the leg weight cancellation 

strategy to smooth their performance.   

Feature 10: pull with the left leg. 

Similar to the feature above, where smoother velocity performance could be achieved by 

powering the cycle not once per cycle, but twice, this last feature is an aspect of 2 phase power, 

but for the left leg. For the left leg to contribute to 2 phase power, it’s useful to use it to pull and 

add torque at an angle 180 degrees offset from its push location. We can test if a subject uses this 

coordination strategy by comparing again to the leg weight torque curve. If there is torque in excess 

of leg weight over the test, the subject is pulling as part of their coordination strategy.  

3.3.5 Unsupervised learning of performance clusters 

In the 2nd part of the analysis pipeline, we will attempt to cluster subject performances into 

meaningful groups using unsupervised learning techniques. Clustering is important here, as we are 

trying to distinguish high performances from medium, medium from low, and so on. A priori, we 

don’t have any information on how the performance data might cluster, besides physical intuition 

from watching subjects perform. Here I’ll describe this physical intuition in a succinct way.  

Subjects begin in an oscillatory phase, in which they cannot cycle the crank. They gradually 

learn how to oscillate the crank more and more. They might go through a phase of powering only 

with the left foot, which could be its own performance cluster. Next, they have a moment of insight 

that they can get power from the right reversed side. They tend at this point to go too fast rather 

than not being able to cycle at all. Finally, there is a phase of dialing in the timing and magnitude 
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of the motor control and moving from one phase power stroke to a 2 phase power stroke, which 

allows subjects to get close to 20RPM all the time.   

This analysis is an attempt to formulate the number of total performance groups, and also 

the means of distinguishing higher levels of performance from lower levels. Recall that the 

objective of the task was specified to the subjects in a way that made quantification of performance 

easy. Objective functions by definition provide means of mapping from high dimensional space to 

lower dimension space ℝ௡ → ℝଵ. The objective function this experiment was to “hit a target 

velocity of 20RPM throughout the crank cycle while minimizing variance”. Mathematically, this 

can be defined as the sum of the square of the difference between the subjects’ current velocity 

and the target velocity. While this definition might be sufficient for scoring subject performance, 

it might not be enough to properly segment classes of performance, should such classes exist, and 

it certainly won’t give insight into the nature of the kinematic improvements learned by subjects. 

So, while we will look at the low dimensional projection provided by the objective function, we 

will start with a slightly different technique.  

Let’s first look at the total dimensionality of an uncompressed testing trial. Let’s assume 

that we down sample from 1000Hz to 100Hz, because we guess that nothing much interesting is 

happening faster than 100Hz. We have 120 seconds x 100Hz = 12000 dimensional space. We want 

to reduce this to a much more manageable number of dimensions before we attempt to form 

performance clusters. Here I see 2 ways of proceeding, from which we will pick one. First, we 

take the 2 min performance, which is itself a cyclic activity, and we remove the time dimension, 

instead only looking at the crank velocity vs. crank angle dimensions as a sort of scatter plot. 
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Fig 3.5. Determination of subskill order of acquisition and DAG formation 
The fundamental question we would like to answer is this: what subskills, defined as the 
candidate features from the feature map, best predict the difference between performance levels 
we determined through clustering? We use a random forest classification technique because we 
can get classification accuracy from this, but more importantly, through the criteria information 
gain, we can determine which features were most helpful in determining the difference between 
performances of a particular class. A way of interpreting this is to ask “what features need to 
change for a subject performing at a low level to improve their performance to a high level?”  
 



101 

 

Now, using a least squares approach, we fit a 12 parameter spline to the crank velocity vs. crank 

position plot. This spline forms a low dimensional signature that could be useful in the clustering 

of performance. A second approach is less manual. We perform principal component analysis on 

all of our data instances simultaneously. We can think of each instance as a point in 12000 

dimensional space, and each instance is a recorded test, so we have 10 subjects x 6 sessions x 3 

tests / session or 180 instances per test group. We perform PCA on all these instances at once, and 

we are left with a reference frame which encodes the greatest amount of variance in the dataset. 

The positive aspect of the second approach is that it is highly automated. The difficult aspect is 

that the interpretability of the results might be lower than in the first approach. 

Finally, once we have our lower dimensional representation, we can apply clustering 

algorithms to distinguish groups of performers. Because we are restricted by the fact that we don’t 

have a number of ground truth classes, we are limited to approaches that either don’t require this 

as a seed argument, or which can be run with multiple guesses for total number of classes and we 

can determine, using a function such as information loss, what number of classes best fits the data. 

K-means clustering and mean-shift clustering seems like good candidates for clustering at this 

time. 

3.3.6 Random forest classification to determine feature importance 

In the 3rd phase, the previous 2 analyses are combined with a random forest classification 

algorithm to determine which features are most useful in separating, say high performers from low 

performers. These features may then be interpreted as necessary skills to elevate performance.  

From analysis 1, we have a set of features which are based on the kinetic performance of 

the subjects from a set of heuristically determined features. In phase 2, we attempted to learn the 
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performance features through dimensionality reduction techniques and unsupervised clustering. In 

this final phase of the analysis, we will train a classification algorithm called a random forest to 

separate members of high performing classes from members of lower performing classes using the 

hand tuned features from analysis 1 as predictors. We will use 10 fold cross validation to establish 

a prediction rate to establish model accuracy. Most importantly, we will use the features of highest 

importance within the decision trees of the random forest to establish which features are most 

useful in separating adjacent groups of performance. For instance, if we would like to separate low 

from medium performers, which data features are most predictive of that? This analysis will 

culminate in a tree like structure which shows which skills (kinetic / timing) were required to 

improve kinematic performance.  

3.4 Results (projected) 

It is projected that the subjects that had access to the structured cognitive model of the 

environment were able to integrate that model into their control strategy and gain proficiency with 

the novel skill more quickly. In particular, it’s projected that they will be able to use this knowledge 

to bypass the early stage of getting stuck in the -45 degree stable location, will be able to quickly 

learn how to get out of that, and will learn how to deliver the eccentric power stroke to the right 

pedal at the appropriate time. It is projected that a greater fraction of the cognitive model group 

will have at least one of the 2 phase power coordination strategies that constitute advanced 

performance on the task. We project that while the learning rate will be longer for the 

reinforcement learning group, that the retention of the skill will not vary across groups. We project 

that transfer learning will be the same for the two groups, and that it will be dramatically faster to 

transfer learning than it was to learn in the first place for both groups.  
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3.5 Discussion 

In the data analysis section, the acquisition of proficiency in the new skill of half-reversed 

cycling was broken down into a series of heuristically determined features that have dependencies 

upon one another, each building upon the former in a progressive fashion. It will be interesting to 

see if the subskills emerge in this order in all subjects, and at what rate they emerge. We suspect 

that the greatest variance will be in the amount of time required to figure out how to get unstuck 

form the stable position. When subjects are stuck in this position, the amount of information they 

can gain from the interaction with the environment is limited, because their muscles are so 

awkwardly positioned. They are at this point also limited by the models they possess of how one 

“should” interact with a “bike”. It may be that unlearning and moving past this assumption is as 

big an obstacle to acquisition of the skill as acquiring aspects of the skill itself, when measured in 

terms of time. 

 It will be informative to see how many subjects in the RL group develop the useful strategy 

of de-energizing the robot, moving to a new position in the crank cycle, and exploring behavior in 

that new position. Subjects who do not do this will likely be very frustrated, while those that do, 

stand to more effectively use their free-exploration time to learn control over the right foot. 

Additionally, we will need to think carefully about the psychological factors involved in learning 

the skill. For instance, where the experimenter is positioned relative to the subject is important to 

their motivation in the activity. If the subject feels that their performance is being constantly 

judged, they may be hesitant to explore new strategies. One way to mitigate this is to explain to 

the subject that there is a free-exploration mode at the beginning of the trial that is not scored, and 

then at the end of the trial, there is a period that is scored. In reality, all of the information collected 

can in fact be used to evaluate subject performance, but it’s important to acknowledge that subjects 



104 

 

might be hesitant to try out new strategies under time constraints, or when they feel that their 

performance always has to be good. This is the essence of the reinforcement learning problem, and 

the situation must be such that subjects are encouraged to explore as well as exploit.  

3.6 Conclusion (projected) 

In this chapter, we have described a study to investigate the importance of cognitive models 

in the acquisition of a novel skill on a lower-limb robotic training platform NOTTABIKE. It’s 

projected that the subjects that had access to cognitive models of the environment were able to 

integrate the models into their control strategy and gain proficiency with the novel HRC skill more 

quickly. This work is important as it has implications for how a rehabilitation protocol ought to be 

thought about and structured. As rehabilitation engineers, we would like the therapeutic 

interventions we design have high efficiency – meaning the ratio of patient time and effort to 

marginal improvement. Ensuring that the subject has a cognitive model of what they are trying to 

do could be as important to their skill development as the quality of the and nature of the rendered 

environment. 
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Chapter 4  

Optimal Design of a 2DOF Parallel Rehabilitation Robot for the 
Lower-Limb based on Force-Space Matching 

Alexander R. Dawson-Elli and Peter G. Adamczyk 
(This Chapter is in preparation for Publication) 

 

4.1 Abstract 

To date, serial robots like exoskeletons have been the dominant architecture used to probe 

motor control and deliver robotic therapy for the lower-limb. Serial robots offer the advantage of 

having large workspaces and congruent mechanics with the leg.  By comparison, the application 

of parallel robots to lower-limb rehabilitation has been less explored. Parallel robots have many 

characteristics that make them desirable for rendering high-performance haptic environments. Due 

to their multiple connections to ground, they are stiff and may be actuated entirely using grounded 

motors (no motors on distal joints) and for this reason are also low inertia. The motivation for this 

simulation study is to design a parallel robot that has a high degree of force-space congruence with 

a human model, while retaining the desirable properties of a parallel robot. We developed a planar 

model of the inverse, forward, and instantaneous kinematics for a generalized 5-bar linkage and 

connected it to a data driven sagittal plane human model. We used a novel approach called force-

space congruence matching to assess the ability of a parallel robot design to meet the force-space 

requirements of the human model. We then used the DIRECT optimization algorithm to design 

robot parameters based on the force-space matching criteria. Here we present the results of this 

simulation, a full dynamic model of the robot, and the overall design for our 2DOF parallel robot 

which will be used for the study of lower-limb motor control and the application of therapeutic 

interventions. 
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Fig 4.1.  Rendering Objectives for the Design of a 2 DOF Lower-Limb Haptic 
Robot.  
The Lower-Limb Haptic Robot must meet a series of design objectives. First, it must 
have a reachable workspace (blue shape) which is overlapping with that of the human 
leg, while still having a parallel architecture. Within the reachable workspace, the robot 
must be able to render a set of forces to match the requirements of the human subject.
This compatibility is known as force-space congruence. These two objectives are most 
difficult in the sagittal plane, and so the design of the robot was undertaken using a 
sagittal plane simulation.  
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4.2 Introduction 

The predominant robot architecture used to probe lower-limb motor control and deliver 

therapy are robotic exoskeletons such the Lokomat [1]. Serial robots like exoskeletons offer 

several advantages when interfacing with the lower-limb. They have large workspaces and 

congruent kinematics to the lower-limb. This is important due to the lower-limbs’ ability to 

generate large forces. While robots meant for the upper limb often have total force capacities 

measured in tens of Newtons [2], robots meant for interaction with legs require significantly more 

force.  

Optimization has been a useful tool in the design of the kinematics of robotic manipulators. 

Optimization in the space of kinematics can be non-convex, and so benefits from algorithms which 

are global in nature such as derivative free algorithms [3], genetic algorithms, and space division 

methods like the DIRECT algorithm [4], [5]. 

Measurements of the force polytope have been made in the upper-limb in 3 dimensions [6], 

and in the lower-limb in 2 dimensions at particular postures [7]. Force polytopes have also been a 

useful concept in understanding the effects of a robots’ configuration on its output force, mapped 

through the Jacobian [8] 

Here, we describe an approach which combines global optimization with the concept of 

the force-space polytope to design the kinematics of a parallel rehabilitation robot for the lower-

limb. 
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4.3 Methods 

4.3.1 Defining rendering objectives 

The 2DOF lower limb haptic robot must meet a series of design objectives (Fig 4.1). First 

it must have a reachable workspace, defined in the sagittal plane, which is overlapping with a 

human. We defined this workspace by hand in the section on human model. Within the specified 

reachable workspace, it must be able to render a set of forces which match the requirements of the 

human. It’s also preferable that the forces generated by the robot do not exceed the force 

requirements of the human in other directions. This is for two reasons. First, it opens up the 

possibility of rendering a force to the human which they cannot counter leading to potential injury. 

Second, mechanics which lead to excessive force production in a certain direction decrease force 

rendering resolution in that direction, as a smaller fraction of the feasible torque is usable. This 

problem stems from the digital nature of the torque command signal. For instance, if the torque 

controller is 8 bit (256 different torque levels) but the mechanics of the robot are such that 10% of 

the torque range maxes out the force requirement of the human, then there are only 25.6 different 

torque levels which are usable levels within that space, and therefore the force resolution is 10x 

decreased. 

While the device is intended for usage in a variety of planes, its design in the sagittal plane 

is most critical. This is the case for a variety of reasons. First, the sagittal plane usage is arguable 

the most common and most important use case. Second, workspace required for natural  
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Fig 4.2. Exploration of the Force-Space Congruence Function. 
To develop an intuition for the interaction of Force-Spaces, we developed a simulation 
of the static interaction of 2 Revolute-Revolute (RR) robots. Each robot was equally 
strong, in terms of its ability to develop torque at its 2 (one proximal and one distal) 
joints. The relationship between the square torque space, and the Force-Space as a 
function of robot configuration is found by mapping thorough the force Jacobian. A 
congruence function was defined as the quotient of the overlapping (purple) area to the 
size of the force space itself (A). The value of this function is always between 1 and 0.
figure B shows a contour plot of the convergence function for 2 RR robots of equal 
strength and limb-length, but with different root locations. As the roots of the robots 
move further away from each other the average congruence score decreases. 
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interaction with an object is largest in the sagittal plane. Meaning the workspace requirements of 

every other plane of usage can fit inside the sagittal plane usage. Thirdly, the forces involved in 

other planes of usage, such as the frontal plane, are dramatically lower than the sagittal plane. For 

these reasons, design of the robot architecture in the sagittal plane was most natural.  

4.3.2  Exploration of force-space congruence 

From the concept of force-space requirements, we developed models for the overlap of two 

force-spaces - one force space representing the robot, and the other representing the human. We 

began by building a mathematical model of 2 interacting serial Rotation-Rotation (RR) robots with 

equal joint torque capabilities on all 4 driving joints (Fig 4.2). The force space of an RR robot may 

be calculated in the following way. Take the torque space plot, which is in this case a perfect 

square, with 4 corners located at ± 1Nm from the origin. Map each of these points through the 

force Jacobian which relates force and the end point of the robot to joint torques as a function of 

robot configuration. The resulting shape is a parallelogram. Near a singularity, the length of this 

parallelogram becomes infinite, in the same direction as the velocity capability of the robot drops 

to zero, and the Jacobian drops rank.  

  The feasible workspace of an RR robot is a perfect circle, and the intersection curve 

between the two robots is the intersection of two circles of equal radius, separated by an x,y offset 

that corresponds to the distance between the robot’s grounded joint (called the root from here on). 

In the case where the offset is (0,0) the two robots have identical workspaces, and match perfectly 

in terms of force rendering capability. This is the case of a perfectly matched exoskeleton. As the 

roots of the two robots move away from each other however, the quality of the force-space  
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Fig 4.3. Parameterization of the Generalized 5-Bar Linkage.  
We created a model of the forward kinematics, inverse kinematics and statics of a 5 bar 
linkage.  We call the model a generalized 5-bar linkage, because the interface to the 
human at point (Xee,Yee) may be connected to link L2L at an arbitrary distance and 
angle represented in the model by parameters L3L and θ3L, respectively. Discrete 
parameters of the model include the elbow states being in or out. Continuous 
parameters of the model are the locations of the two roots of the parallel robot, the link 
lengths, the location of the attachment point, and the magnitude of the motor torques.  
Constraints were placed on the model which can limit the set of feasible robots designs. 
Constraints on the locations of the roots, combined with constraints on θ3L allowed for 
the construction of a robot which is symmetrical about the vertical axis, and constraints 
for L0 distance as well as maximum torque were used to enforce physical feasibility of 
design, and motor axis could not be collocated and motor torque was limited by 
available motor choices.  
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congruence diminishes. The force-space congruence may be defined from the perspective of one 

of the robots, as the fraction of area of the force-space which is overlapped by the other, servicing 

force-space. This is depicted as the purple area in Fig 4.2A. The force-space congruence function 

has a maximum value of 1, and a minimum value approaching 0, which is well behaved. It’s worth 

noting that the area of the force-space of either robot is not a conserved quantity. What is conserved 

is the virtual work or instantaneous power of either robot.  Alternatively, it’s possible to define a 

force-space congruence function with a normalization factor by dividing the overlapping area by 

the total area.  

From 4.2B, it’s clear that as the roots of the two robots move away from each other, the 

average force-space congruence goes down. In fact, there is only one point, located at the center 

of the intersection where there is perfect congruence, every other point in the intersection is in 

some ways compromised, and in particular at the edges of the workspace intersection, where one 

of the robots is at its singularity, the force-space congruence approaches zero.  

Even from this simple model of force-space interaction, it was possible to derive intuitions 

about the interaction of force-spaces and this enables the construction of more sophisticated 

models.   

4.3.3 Human Model 

The human model is constructed as a sagittal plane model with 3 degrees of freedom. We 

solved the IK problem as a minimization of potential energy of a set of 3 torque springs placed at 

each of the joints. We tuned the resting position and the stiffness until the IK performance appeared 

to be realistic. Data about the force production capacity of a human interacting with a force plate 

was taken from literature [7]. An ellipse was fit to this data, resulting in an attachment point to the 
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Fig 4.4 Objective Function and Optimization Process.  
The Generalized 5-bar linkage Model was combined with a Sagittal plane human model 
to form a joint human-robot system. The force-space of the human was taken from 
literature values [7]. A Cartesian sampling grid was formed within the workspace of 
the human (A). For a proposed robot design, the congruence score was calculated over 
the workspace at each sampled point. The sum of the congruence scores over the sample 
grid defines the value of the objective function for that set of robot parameters. The 
DIvided RECTangles (DIRECT) Optimization algorithm was used to explore the state 
space of possible robot linkage designs to find an optimal force space congruence with 
the human model.     
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foot that was biased to reflect the asymmetrical strength of the flexor vs. extensor muscles, with 

the latter being stronger than the former. A simplifying assumption was made that this force 

ellipsoid could be rotated with about the hip, through a line which connected the ankle 

joint to the hip joint. This simplifying assumption alleviated the need to record data from all over 

the human workspace.  

4.3.4 Robot Model 

The 2DOF parallel robot was parameterized as a generalized 5-bar linkage (Fig 4.3). We 

have chosen this name to indicate that the attachment point between the robot and the human can 

occur anywhere in the plane on L2L – not just at the pin-joint connecting the left and right branches 

of the parallel robot. This general attachment point to L2L is parameterized by the (locked) angle 

θ3L and link L3L.  The robot has 2 discrete parameters, which are the states of the elbow of the 

robot e1 and e3. State e2 is a calculated state and is determined by the IK solution once the elbows 

are fixed. The robot also has a set of continuous parameters. 4 parameters determine the location 

of the robot roots, (xl,yl), (xr,yr). 5 parameters determine the link lengths of the robot, and the 

motor torques can vary.  

A set of constraints have been implemented on the robot to limit the feasible space to a 

subset of possible robots. The relationship between the roots of the left and right robot may be 

constrained to a vertical or horizontal orientation. L0 may also be used to specify a minimum 

distance between the roots. This is used to ensure that the resulting designs are physically 

realizable, as the design must have both motors on the same side or there is a minimum separation 

distance due to physical interference of the motors. Additionally, θ3L may be set to 0, which in 

combination with the vertical orientation of the roots, ensures the robot is symmetrical about a 
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Fig 4.5. Optimization Results. 
A set of numerical experiments was conducted to determine the best robot designs 
under different constraints. (A). shows a design after n=4000 iterations with no 
constraints (B) shows the same simulation after n=250,000 Notice that the score has 
increased and the link lengths have changed but the fundamental shape remains similar 
to (A). in (C) the constraint that the roots of the robot must lie vertically is introduced. 
This constraint narrows the searchable space, and causes the optimizer to discover a 
better solution than B more quickly n=4000, but the solution it comes up with is not 
physically realizable. (D)  shows a design which came out of the optimizer when 
symmetry constraints were added (θ3L = 0)  and when the roots of the robot were 
constrained to be vertical, and spaced at least 22cm apart – a requirement that comes 
from the mechanical constraint of designing a physical robotic system, as designing co-
axial which drive from the same side is prohibitively difficult.  

 

B 

C D 

A 
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vertical axis and so can be used from the right or left sides.  

 Forward kinematics were solved for each branch individually. IK was solved for the left 

branch, and then the location of the right branch top was calculated. IK was then performed to that  

 point. The Force Jacobian of the generalized 5 bar linkage was calculated numerically using the 

method of finite differences on the inverse kinematic solution. The force space was then calculated 

by mapping the torque space corner points through the force space Jacobian.  

4.3.5 Joint objective function and optimization 

The joint objective function is formed as follows: a sampling grid was constructed on the 

human model that represented that workspace over which matching was to be scored. This 

workspace could be seen in figure. 4.4A. The resulting shape and location were calculated and 

cached at each of the 135 discrete points in this workspace. A parameter set defining a potential 

robot design is specified. For each of the sampled points in the workspace, IK is performed on the 

robot model. If IK cannot be solved, a score of zero is returned for that point. If IK solves, then 

the force-space can be calculated for the robot at that configuration. The force space is calculated 

via the force Jacobian resulting in a parallelogram which at least partially overlaps the human force 

space ellipsoid. The area of overlap was calculated using a geometric numerical library, and a 

congruence score is calculated for that point in space. The sum of these scores over the sampled 

points in the human workspace, represents the value of the objective function for that robot design.  

Using the DIRECT (Divided Rectangles) optimization method [2], we calculated the robot 

design with maximal congruence summed over the sampling grid. Different parameterizations of 

the robotic model allow for constraining the solution space of robot. 
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Fig 4.6 Trajectory Curves from a Dynamic Model of the Robotic System.  
 Using the Chrono engine, we constructed a Dynamic model of a robot design 
developed from the static optimizer. We constructed a CAD model of the robot and 
calculated inertial properties for the link segments. We built a library of minimum-jerk 
trajectory paths for the end effector (Xee,Yee) location and ran Inverse Kinematic and 
Inverse Dynamic simulations to assess torque usage from inertial loads and gravity. 
Figure A shows the torque requirement for a star reach pattern, which figure B shows 
the torque requirement for the right and left motors during a circular path of radius .2
meters.    

A 
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4.4 Results 

Four robot designs are pictured in figure 4.5 in order from least to most constrained. The 

first solution (A) resulted after 4000 iterations of the DIRECT optimization method with no 

constraints on parameters. This robot scored 111 on the congruence objective function, has an 

e1=down, e2=down configuration, and utilized to some extent differential joint torques. It’s easy 

to tell that this robot is sub optimal, as IK cannot solve in the bottom left of the space, as indicated 

by the dark blue circles.  Solution (B) is similarly unconstrained but was run for 250,000 iterations. 

The basic design remained unchanged, but the locations of the roots, and the link lengths have 

changed such that the score has increased to 124. There are still a few points at the bottom that 

don’t solve however. In (C) the vertical constraint was added, so that the roots of the right and left 

robot had to be on top of one another. The simulation was run for 4000 iterations, and scores 127. 

This indicates that adding the constraint of verticality actually helped the optimizer to search a 

more fruitful region of space, but there is a slight problem. The design that the optimizer selected 

is not physically realizable, as the motors roots cannot be right on top of each other. Adding a L0 

minimum separation distance constraint, as well as θ3L=0 symmetry constraint to guarantee 

vertical axis symmetry, we arrive at a solution that scores almost as highly as the previous one, at 

125, but is physically realizable.  

 Figure 4.6 shows the results of a dynamic simulation made in the chrono engine. Trajectory 

generation functions were constructed, and this analysis demonstrated that inertial forces were low 

during moments that were programmed with velocities one might encounter when rendering 

rehabilitative environments.  
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4.5 Discussion 

The DIRECT optimization algorithm was chosen because although the optimization space 

appeared smooth, there were many local minima, possibly due to the presence of many 

trigonometric functions within the static equations. Gradient based methods then were not 

appropriate for such a landscape.  

The four solutions presented in the results section were not the only solutions by any means 

but were meant to demonstrate points and insights that came out of the analysis. Constraints 

seemed to help the optimizer get out of regions of space were there were good, but not great 

solutions. It’s possible these solutions would have been found given enough computation budget, 

or if the right exploration – exploitation compromise had been made.  

High congruence between the force-space requirements of the human and robot increases 

the inherent safety of human-robot interaction. The robot designed by our optimization routine 

allowed us to select a parallel robot which best matches the experimentally determined force-

space. High force space congruence is not the only factor to consider, however. Machine 

transparency is also a factor that is worth consideration and hasn’t been factored into the 

development of this geometry. This could be added as an additional factor in the objective 

function and explored through a multi-objective optimization process. This point is also valid for 

the consideration of other use cases beside the sagittal plane. The difficulty to such an approach 

is the correct selection of the weighting functions for multiple objects which define the pareto 

optimal trade-off curve.  

The dynamics analysis was important to explore as the optimization was purely static and 

didn’t take into consideration inertial effects. Future dynamic models could explore the complex 

interaction between a parallel robot such as this and the leg it’s meant to interact with.  
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4.6 Conclusion 

The objective of this study was to meet the force requirements of a human leg in the sagittal 

plane under realistic constraints on actuator placement, while retaining the advantages of a parallel 

robotic architecture. Starting from the geometry of intersecting force-spaces, our approach led to 

a parallel robot architecture design that was intuitive, performant, and realizable. This method may 

be useful to the robotics community in designing other parallel robots for human interaction, or 

more broadly in machine design where a parallel mechanism must achieve a force objective within 

a specified workspace. 
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Conclusion and Future Directions 
 In the course of this research program, I’ve developed a novel robotic platform and used it 

to study adaptation and skill learning in the lower-limb. Beyond the completion of my degree, the 

BADGER Lab Rehab Robotics research program will continue its mission to develop goal-

directed therapies for the lower-limb, building on the foundation established by this body of work.  

Unequivocally, the direction going forward will be to complement the motor control studies 

performed in healthy controls, with therapeutic investigations in stroke affected populations.  In 

the short term, this may entail comparing the results from the lower-limb reaching studies detailed 

in chapter 2 with comparable studies in a stroke affected population.  

Ultimately though, the goal isn’t to simply affect adaptation, but to deliver interventions 

that challenge subjects and increase motor capability. A necessary step towards this end is to 

develop methods for characterizing the individual deficits unique to each stroke patient. Each task 

performance is a potential window into the coordination malfunction of a stroke patient. But how 

do we distinguish between what is fundamental from what is extraneous? What is signal from what 

is noise? I suspect that will be a big part of the program going forward.  

One of the things I would like to see explored is what I call co-learning algorithms. In most 

haptic renderings, the objective of the robot is to faithfully render an environment defined by a set 

of differential equations. The robot is in a sense indifferent to the time history of who or what is 

interacting with it (apart from a possible integral term).   In a co-learning algorithm by contrast, 

the robot is actively probing the human to learn about their capabilities (and deficits) while at the 

same time, the human is trying to understand their task and how to interact with the robot. It seems 

likely to me that this is an approach stands to yield a rich understanding of human motor control.  
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Finishing the 2DOF robot, a task left to the next cohort of students, will significantly 

expand the capabilities of the research program, allowing for planar haptic rendering in the sagittal, 

frontal, transverse, and intermediate planes. It will be rewarding to see the vision for this multi-

use robotic architecture come to fruition.  
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Appendix: Instruction Set 

Group A and B shared instruction set 

Summary: Thank you for participating in this experiment on how people learn new 
movements with their legs. Before you get started with the experiment, let’s quickly discuss the 
robot’s safety system, what you will be trying to do, and the overall structure of the experiment.  

 
How the Safety System Works 

 
The robotic cycle (pictured to the right) is 
equipped with an electric motor that allows it 
to respond to your actions in both familiar and 
new/unfamiliar ways. To ensure your safety, 
there are two safety switches located on the 
hand rests of the robot. For the motor to be 
powered, both the left-hand and the right-hand 
switch must be gently squeezed at the same 
time. Releasing either hand will depower the 
robot. A button in the upper right-hand corner 
of the computer monitor in front of you shows 
whether the system is powered. When 
depowered, the robot enters a low-resistance 
coasting mode 
 
What you are trying to do: 
 
 

You will be interacting with a robot that relates how you push 
or pull on the pedals to the rotation of the crank (the solid 

metal piece that the pedals thread into). This relationship 
is constant, but unknown to you and must therefore be 
learned by experience. Your task is to coordinate the 
forces you 
exert on the 
pedals to 
produce a 

forward 
crank speed of 

20 RPM 
(revolutions per 

minute). This objective is indicated 
by the red target needle on the speedometer. Feedback 
of your instantaneous speed will be supplied to you via 
a blue needle. Once you have achieved a consistent forward crank movement, a secondary 

  Off             Warning         On 

Additional Alarm Information 
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objective will be to reduce the variability of your forward crank speed. The variability of your 
forward speed will be indicated by the size of a translucent blue circular wedge which you will try 
to make as small as possible. Additionally, there is an alarm system (pictured on the right) which 
is set off by incorrect coordination patterns. It is possible to coordinate your legs in such a way 
which moves the crank forward at 20 RPM, does not set off the alarms, and uses low to moderate 
muscle effort. This is a test of coordination, not strength.  
 
Structure of the Experiment 
 
 

 

 

 

 

The study consists of 6 separate sessions, conducted on 6 different days. During each 
session, there is a 2.5 minute pre-test block to evaluate your initial performance, a 27.5 minute 
free-exploration block for you to learn the task, a 2.5 minute test session, and a 2.5 minute post-
testing block. Your goal during the testing blocks is to perform your very best on the forward 
pedaling task, while your goal during the free-exploration block is to explore new ways of moving 
your legs and to learn how to control the robot. During the free-exploration period, you should 
take intermittent breaks to think, rest, or as you see fit, but during the testing periods you should 
strive do you best at the task without disengaging the power. 
 
Tips for Free Exploration:  

 
 Exploring different crank angles, force directions, and focusing on one leg at a time 
are useful strategies for exploration 
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Quiz: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
To protect the integrity of the study, please don’t discuss details or learning strategies with other 
participants!  

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

1. Only one safety switch needs to be pressed down for the robot’s power to 
be engaged   

2. When the indicator in the upper right-hand corner is green, the motor is 
powered.  

3. My objective is to produce a constant crank speed 30 rpm 
4. A secondary objective is to decrease the variability of the crank speed 
5. I can deactivate the power to the robot if I feel unsafe, or whenever I 

choose to, including If I feel it’s a useful strategy for learning. 
6. It’s impossible to prevent the alarm from going off 
7. the point of the free-exploration session is to explore different ways of 

moving your legs 
8. the point of the testing period is to perform your best at forward pedaling 
9. I should aim to not let go of the power during the testing blocks 
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Group B instruction Set 
 
The below instruction set was given only to the cognitive model group.  
 
Cycling Environment Description 
 
The robot has been programmed to respond to you in a way we call “half-reversed cycling “or HRC for 
short. In HRC, the left pedal functions as a normal bike does. This means when you push the left pedal 
forward and away from you, the crank will speed up in the forward direction. The right pedal operates 
differently, however. On the right side, the relationship between the direction you push, and the motion of 
the crank has been reversed. So, pushing on the right pedal as you normally would to pedal forward will 
actually slow the crank down and make it come back at you. Below are a set of strategies and skills that 
will help you become proficient in half-reversed cycling.  
 
Strategies and skills 
 
Strategy 1: Practice strategies in order from beginner -> intermediate -> advanced. 
To avoid being overwhelmed, work on developing strategies in order of increasing difficulty  
 
Strategy 2: Consult this manual.  
You are allowed to consult this manual during the 30min free-exploration period of each session. If you 
forget the details of a strategy, you can always come back here to remind yourself. 
  
Strategy 3: Learn to oscillate the pedals back and forth first before cycling forward (Beginner) 
The first time you interact with the environment will be very confusing. Before you start trying to pedal 
forward, see if you can get the system to oscillate back and forth. 
 
Strategy 4: Pedal the left side as you would a normal bike. (Beginner) 
The left pedal functions identically to a normal bike so push on this side as you normally would. But, be 
aware that if you only use the left leg, you will set off the alarm (see strategy 7 at appropriate time).  
 
Strategy 5: When you get stuck, release 
the safety switches and reposition 
yourself. (Beginner) 
One of the consequences of reversing the 
behavior of the right pedal is that it creates 
a “sticky” or stable location of the crank 
which is difficult to escape! This location 
of the crank is pictured to the right. When 
you are learning and you get stuck in this 
position, you could try to fight your way 
out of it, but it is better to deactivate the 
power and reset the crank to a location 
where you can push with your left (non-
reversed) foot to move the crank forward. 
You can deactivate power 
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by letting go of one of the safety switches. This is especially important during the free-exploration phase 
where you are trying new things out.  
 
Strategy 6: Resist the urge to push with your right (reversed) leg. (Beginner) 
All of your instincts will tell you to push with your right foot as you would on a normal bike. This will 
NOT work, and crank will move the opposite way from what you intend. You will have to unlearn this 
habit to perform well at the HRC.  
 
Strategy 7: Learn to use the right foot to move the crank forward. (Intermediate) 

To make the half-reversed cycle go forward with the right (reversed) foot, you must push into the pedal at 
the location depicted, and the crank will come back at you! Instead of powering the bike, you should think 
of it as allowing the bike to power you! 
 
Strategy 8: Avoid triggering the alarm by using a balanced approach. (Intermediate) 
The robot has an alarm system to ensure that you use both feet to make it move forward. If you only use 
one leg or the other to make it move forward, the robot will become progressively more difficult to operate, 
and will eventually set off the alarm. As long as you use both legs to move forward, you won’t set off the 
alarm. There is also a short alarm that is just auditory (sounds like unnnt -unnnt) that is set off by using too 
much torque and can be avoid using strategy 9. 
 
Strategy 9: To reduce speed variability, push less hard, for longer. (Intermediate) 
Large forces cause the crank speed to spike. Try to power the bike with smaller forces, but smoother and 
applied over a longer time. 
Strategy 10: For more control, power with the right leg and then the left. (Advanced) 
You know now how to push on the robot and make it go forward. Consider starting the push earlier with 
the right foot, and finish the push later with the left foot. This makes the power stroke of the right and left 
legs more distinct and easier to control finely.  
 
Strategy 11: Support weight of the right leg to prevent slowdown in crank position shown (Advanced)  
In the crank position shown, the weight of the leg on the reversed side (right) will cause the crank to slow 
down. Consider lifting the weight of the right leg off the pedal slightly in this position. 

 
Strategy 12: for smoothest operation, pull with the left leg. (Advanced)  
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In the crank position shown below consider moving the crank forward by pulling with your left leg. Think 
about pulling your left heel towards your left glute / the seat. (the dotted blue vector) 

 
Quiz: 

 

 

 

 

1. Strategies are arranged from beginner to advanced as number increases 
2. I’m allowed to consult the manual during the free-exploration block only 
3. The right side of the robot pedals like a normal bike 
4. If I’m stuck, I can depower the robot and reposition the crank to 

somewhere easier during the free-exploration, but should try to maintain 
power all the time and do my best during the testing blocks. 

5. I should practice “not pushing” on the right side, to unlearn my normal 
cycling habits 

6. I can avoid triggering the alarm by using a balanced pushing approach, 
where I use both the right and left leg to accomplish the activity.  

7. To reduce crank speed variability, I should push harder, but for shorter 
periods of time 

8. To maximize performance, I should use advanced strategies like supporting 
the weight of my right leg, and pulling with my left leg 

 


