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Abstract

Co-contraction is a common strategy when performing difficult or unstable motor

tasks. For example, we co-contract muscles of the arm when generating downward

force to turn a screw and co-contract muscles of the leg when walking on a slip-

pery surface. It is thought that the primary benefit of co-contraction is to directly

increase the mechanical impedance (stiffness and damping) of muscle to generate

greater instantaneous restoring forces when a limb or joint is perturbed. However,

this explanation ignores the role of neural feedback in corrective responses. Charac-

terizing the effects of co-contraction on motor function is important to understanding

its use in common tasks and its role in pathologies such as knee osteoarthritis. A

series of experiments were performed to investigate the effects of co-contraction on

the motor response to physical perturbations. First, participants performed an upper

limb postural control task in which a random torque pulse perturbed the elbow. Mus-

cle activity was increased in the elbow flexors or extensors independently by resisting

a background load or in both muscle groups simultaneously by co-contracting. Rapid

corrective responses were generated without overshoot even at the lowest level of co-

contraction, whereas activating a single muscle group more than double that amount

resulted in poorer performance. Thus, it was not the total muscle activity, and thus

the increase in limb impedance, that improved performance when co-contracting, but
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the fact that both muscle groups were simultaneously pre-activated before the dis-

turbance. It was shown that the primary benefit of co-contraction was the ability

to engage both the stretched and shortened muscles in the corrective response. This

behavior was also observed in an upper limb tracking task, demonstrating that it was

not a simple strategy invoked only for stationary postural control, but a strategy that

also improved performance during movement. Further work expanded the generaliz-

ability of this behavior in the upper limb and extended it to the lower limb. Finally,

the benefits of this strategy were examined using an optimal feedback control model.

The results of this work indicate that co-contraction engages a unique motor strategy,

providing new insight into its role in motor function.
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Chapter 1

Introduction

1.1 Motivation

A common strategy to perform difficult or novel motor tasks is to co-contract

antagonist muscles. This increases the energetic cost of performing the task, without

increasing force output or movement speed. Co-contraction also elevates compressive

joint loading, yet it is observed in populations with joint and cartilage degeneration.

Why choose a strategy of co-contraction, and how does co-contraction affect motor

behavior?

1.2 Background

1.2.1 Instances of Co-contraction

There are many anecdotal examples of co-contraction being used to perform com-

mon tasks. For example, we co-contract arm muscles to increase grip and downward

force to turn a screw. Co-contraction is also observed when walking on a slippery sur-

face (Chambers and Cham, 2007) or maintaining balance on a narrow beam (Llewellyn

et al., 1990). As well, learning to reach with novel loads or in a novel environment leads
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to an initial strategy to co-contract limb muscles (Franklin et al., 2003; Milner and

Franklin, 2005; Osu et al., 2002; Thoroughman and Shadmehr, 1999). Co-contraction

is also observed in populations with knee osteoarthritis (Hubley-Kozey et al., 2009;

Heiden et al., 2009).

1.2.2 Knee Osteoarthritis

Osteoarthritis is a chronic disease characterized by the degradation of joint tis-

sue. It affects 13% of Canadians, with numbers increasing due to obesity and an

aging population (Bombardier et al., 2011). Degeneration of articular cartilage is

the most prevalent characteristic of osteoarthritis, while abnormal bone growth, bone

hardening, and damage to other soft tissue structures are also associated with the

disease (Figure 1.1). Joint stiffness, pain, and swelling are common symptoms and

can become debilitating as the disease progresses (Bijlsma et al., 2011).

Figure 1.1: Osteoarthritis of the knee is characterized by degeneration of cartilage
which may lead to exposed bone. Bone spurs may form and the meniscus erodes.
(www.nlm.nih.gov)

Knee osteoarthritis is a disease of mechanics - its onset and progression have been

attributed to abnormal or excessive mechanical loading of the knee joint (Andriac-

chi and Mündermann, 2006; Felson, 2013; Saxby and Lloyd, 2017). Patients with
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knee osteoarthritis exhibit increased knee adduction moments (Baliunas et al., 2002;

Miyazaki et al., 2002; Weidenhielm et al., 1994) and antagonistic co-contraction of

knee muscles (Hubley-Kozey et al., 2009; Heiden et al., 2009) during gait. Both of

these characteristics are associated with elevated knee joint loads. In the case of co-

contraction, joint contact loads are required to balance the compressive muscle forces.

It is believed that the increased muscle activity of co-contraction is harmful to the

joint (Zeni et al., 2010; Mills et al., 2013).

Unsurprisingly, interventions for knee osteoarthritis aim to reduce the mechanical

loading of the joint. Most of these techniques, such as gait retraining (Hunt et al.,

2011), heel wedges (Hinman et al., 2008), and knee braces (Maleki et al., 2016),

aim to achieve unloading by reducing the knee adduction moment. Few suggestions

have been proposed to reduce co-contraction. While it may be possible to change

muscle activity by altering gait patterns (Miller et al., 2013) or through bracing

(Ramsey et al., 2007), these changes could lead to other deleterious effects on the

joint. Thus, it is difficult to develop effective interventions for osteoarthritis that

target co-contraction. Further, the reason co-contraction is used with osteoarthritis

is unclear. It was proposed that selective co-activation of the lateral quadriceps and

hamstrings could be used to unload the medial condyle of the knee; however, this was

found not to be the case, and it was instead suggested that co-contraction may be a

compensatory strategy to increase knee stability (Brandon et al., 2014).

1.2.3 Sensorimotor System

Skilled motor behavior demands control of a complex mechanical system. This

task is further complicated by inherent properties of the sensorimotor system, such as,
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non-linearity, non-stationarity, delays, noise, uncertainty, and redundancy (Franklin

and Wolpert, 2011).

Non-linearity The musculoskeletal system maps motor commands to motor

behavior. This mapping involves interactions between the dynamics of limb motion

and musculotendon actuators, both of which are highly non-linear (Zajac and Gordon,

1989).

Non-stationarity Properties of the motor system change on multiple time-

scales. Most obviously, physical properties such as height, weight, and strength change

with age. Other age-related changes involve conduction delays (Eyre et al., 1991;

Dorfman and Bosley, 1979). On a shorter time-scale, fatigue can change over the

duration of a task and interacting with the environment can cause dynamic changes.

Delays Delays in the motor system present a challenge on two fronts. The con-

trol system only has access to delayed sensory and afferent feedback, it must generate

motor commands based on historical information, and the transmission of these com-

mands is affected by conduction delays (Franklin and Wolpert, 2011). Additionally,

the rise of force in muscle further delays the response to motor commands (Ito et al.,

2004; Begovic et al., 2014).

The earliest neural responses to a mechanical perturbation occur in two epochs.

The short latency stretch response (20 - 50 ms post-perturbation) engages a spinal

feedback pathway that shows little flexibility with regard to behavioral context (Scott

2016, but see Weiler et al. 2019). The long latency stretch response (50 - 100 ms



1.2. BACKGROUND 5

post-perturbation) engages a transcortical feedback pathway to generate more so-

phisticated corrective responses (Matthews, 1991; Scott, 2012) that show evidence of

state estimation and goal-directed movements (Kurtzer et al., 2008, 2009; Pruszynski

and Scott, 2012).

Noise Sensory feedback and motor commands are both corrupted by noise

(Faisal et al., 2008). Sensory noise degrades estimates of system and environment

state, and motor noise contributes to movement variability (van Beers et al., 2004).

Motor noise is signal-dependent - its variance increases with mean signal magnitude

(Harris and Wolpert, 1998; Slifkin and Newell, 1999; Jones et al., 2002).

Uncertainty Delays and feedback noise both contribute to uncertainty in es-

timates of the current state of the system and environment. Uncertainty also arises

from environmental factors. When first interacting with a novel object or load it’s

properties are unknown (Franklin and Wolpert, 2011). Unstable or unpredictable

environments can also create uncertainty (Burdet et al., 2001; Takahashi et al., 2001;

Scheidt et al., 2001).

Redundancy The musculoskeletal system has a high level of redundancy. With

over 200 joints controlled by approximately 600 muscles there are often multiple,

or even infinite, ways in which a task can be completed (Franklin and Wolpert,

2011). The motor system must use a control strategy that overcomes this redundancy

(Valero-Cuevas et al., 2011).
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1.2.4 Musculoskeletal Modeling

The complexity of the musculoskeletal system can make it difficult to interpret the

effects of behavior such as co-contraction. Musculoskeletal models are an invaluable

tool that enhance this interpretation. First, they enable the estimation of measure-

ments that cannot be made in vivo, such as joint and soft tissue loading (Bei and

Fregly, 2004; Guess et al., 2013, 2014; Thelen et al., 2014; Smith et al., 2016b). Sec-

ond, simulations can be used to gain a deeper understanding of behavior and function,

and to investigate questions that are infeasible or impossible to study experimentally

(Lerner et al., 2015; Smith et al., 2016a; Saliba et al., 2017). The choice of modeling

technique is dependent on what question is being asked.

Models are constructed to represent the dynamics of the musculoskeletal system

using rigid segments connected by joints. Inertial properties of the segments are taken

from anthropometry and the joints are limited by anatomically relevant constraints.

Motion is driven by musculotendon actuators. (Delp and Loan, 1995; Delp et al.,

2007)

The dynamics are governed by a system of differential equations:

M(q, q̇, t)q̈ = τ(q, q̇, t) (1.1)

where M is the mass matrix, τ is a vector of generalized forces, q is the vector of

generalized model coordinates, and t is time.

The simplest application of a musculoskeletal model is an inverse dynamics anal-

ysis, in which kinematic data is used to compute the generalized forces. Calculation

of muscle and soft tissue forces requires the generalized forces to be redistributed
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across individual musculotendon units. This distribution is indeterminate and may be

solved through a combination of reduction in problem dimensionality (Pierrynowski

and Morrison, 1985; Caldwell and Chapman, 1991; Schipplein and Andriacchi, 1991),

information about muscle activity (Lloyd and Besier, 2003; Sartori et al., 2012; Kumar

et al., 2013), and the application of an optimization criteria (Anderson and Pandy,

2001; Shelburne et al., 2005; Brandon et al., 2014; Miller et al., 2014; DeMers et al.,

2014). While inverse dynamics provides useful information about internal loading of

biological structures, it is limited by its reliance on experimental data. Modeling the

effects of a new control strategy or a change in physical parameters requires additional

data to be collected.

An alternative application of a musculoskeletal model uses forward dynamics to

concurrently find a set of muscle activations and kinematic trajectories that optimize

an objective function subject to constraints. This objective function may be a simple

data tracking criterion in which the object is to find the activations that generate

movement matching experimental data (Thelen et al., 2003; Thelen and Anderson,

2006; Remy and Thelen, 2009). However, the true power of a forward dynamics

approach is the ability to generate simulations without experimental data. In such

cases, the objective closely resembles a simplified set of task instructions (Wang et al.,

2012; Mordatch et al., 2013; Lin et al., 2018). To achieve gait at a desired speed,

the objective function may be to maintain a specified torso velocity. To perform a

vertical jump, the objective may be to maximize center of mass height. In general,

these objective functions are multi-term. For example, in addition to specifying torso

velocity an additional term that aims to minimize metabolic cost may be included,

and in addition to maximizing center of mass height a term quantifying a successful
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landing may be included. This type of simulation falls into the framework of optimal

control (Section 1.2.5).

Forward dynamics simulations convert control inputs into movement by integrat-

ing the equations of motion forward through time. This requires a model of muscu-

lotendon actuator dynamics. The most common type of musculotendon model is the

three-element Hill model (Figure 1.2). In this model, parallel and series elastic compo-

nents generate passive forces as they are stretched and a contractile element generates

active forces in accordance with force-activation, force-length, and force-velocity re-

lationships (Hill, 1938; Zajac, 1989; Brown et al., 1999; Thelen, 2003; Millard et al.,

2013). Thus, the force produced by the actuator is a function of its activation, length,

and velocity.

Figure 1.2: (a) A Hill-type muscle model with parallel elastic (PEC), series elastic
(SEC), and active contractile (CC) components. (b) Normalized contractile compo-
nent force (F̃ ) as a function of normalized muscle length (L̃M) and velocity (Ṽ M) at
maximum activation. (c) Active force-length relationship of the contractile compo-
nent. (d) Active force-velocity relationship of the contractile component. In (c) and
(d) activation increases as the lines get darker.

From these relationships, it is clear that a change in muscle length or velocity

produces a change in muscle tension. This is the intrinsic stiffness and damping of

the muscle. Additionally, because the muscle force scales with activation, the slopes of
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the force-length and force-velocity curves, and by extension the stiffness and damping,

increase when activation increases. This behavior is the foundation of the theory of

impedance control discussed in Section 1.2.6.

1.2.5 Optimal Control Theory

Optimal control theory is a framework for finding the trajectories of control time

functions or control feedback gains that optimize the performance of a dynamic system

(Bryson, 1996). An optimal controller minimizes a time cost functional known as the

performance index or objective function. In general, the objective function is of Bolza

form - it contains both Lagrange (integral) and Mayer (endpoint) terms (Kirk, 1970).

The system controlled is governed by first order dynamics, and may be subject to

initial conditions, terminal conditions, algebraic path constraints, and bounds on the

state and control variables. The constraints and bounds are defined for each phase

(or arc) of the trajectory. The differential equations cannot change within a phase

but may change between phases, accommodating a change in dynamics, such as the

transition from stance to swing during gait.

Consider the following problem definition. Given a dynamic system:

ẋ = f(x(t), u(t), t) (1.2)

where x is the state vector, u is the vector of control inputs, and t is the independent

time variable. Find the control policy u∗ and corresponding state x∗ that minimize

the cost functional:

J = φ(x, t)|tf +

∫ tf

t0

L(x, u, t)dt (1.3)
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subject to the following constraints:

x(t0) = x0 (1.4)

ψ(x, t)|tf = 0 (1.5)

g(x, u, t) ≤ 0 (1.6)

This definition describes an optimal control problem with a given initial condition

(x0), a free endpoint subject to an algebraic equality constraint (ψ), and control and

state trajectories subject to algebraic inequality constraints (g). The cost functional

includes an endpoint cost term (φ) and a trajectory cost term (L).

The conditions for optimality are derived from the calculus of variations and the

Pontryagin maximum principle (Bryson and Ho, 1975; Hestenes, 1966). A complete

derivation can be found in Appendix A and a brief summary of the results follows.

The necessary conditions for an optimal control policy, are known as the Euler-

Lagrange equations. In addition to the state and constraint equations from the prob-

lem definition, the Euler-Lagrange equations also include the adjoint (co-state) equa-

tion:

λ̇ = −
(
∂H

∂x

)T
(1.7)

the stationarity condition (control equation):

∂H

∂u
= 0 (1.8)
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as well as the transversality conditions:

λ(tf ) =

(
∂H

∂x

)T ∣∣∣∣∣
tf

(1.9)

(
dΦ

dt
+H

)∣∣∣∣
tf

= 0 (1.10)

where,

H = L+ λTf + µTg (1.11)

Φ = φ+ νTψ (1.12)

The Euler-Lagrange equations are necessary for a minimum and sufficient for

a stationary point. The Pontryagin maximum principle (Pontryagin et al., 1962)

states that the optimal control policy u∗ and state x∗ must satisfy the Euler-Lagrange

equations while optimizing the Hamiltonian:

u∗ = arg min
u∈U

H (1.13)

where U is the set of all possible controls. This approach converts the optimal control

problem into a two point boundary value problem. More complex problems may result

in a multi-point boundary value problem.

1.2.5.1 Solutions to Optimal Control Problems

Methods of solving the optimal control policy can be grouped into two classes:

indirect methods and direct methods, which are an extension of the same categories

of general nonlinear programming (von Stryk and Bulirsch, 1992; Betts, 1998, 2010;
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Rao, 2009).

Indirect Methods

Indirect methods solve the necessary conditions for optimal control - the adjoint

equation and stationarity conditions must be derived. Inequality constraints compli-

cate the solution by introducing constrained and unconstrained subarcs within the

domain (Betts, 2010). Four common indirect methods are shooting, multiple shoot-

ing, sweep, and collocation (Betts, 1998; Rao, 2009).

Shooting An initial guess of the unknown boundary conditions at one end of the

interval is made and the state and adjoint equations are integrated to the other end of

the domain (Keller, 1976). Controls are calculated using the control equations (Betts,

1998). The terminal conditions of the integration are compared to the known terminal

conditions, and the estimated initial conditions are iteratively adjusted (Rao, 2009).

Extremal solutions are sensitive to unknown boundary conditions and ill-conditioning

of the Hamiltonian can result in unstable integration (Rao, 2009; Bryson and Ho,

1975).

Multiple Shooting The interval is divided into sub-intervals and the shooting

method is applied to each sub-interval. Continuity of the state and adjoint variables

between sub-intervals is enforced (Betts, 1998; Rao, 2009). Sensitivity to unknown

boundary conditions is reduced because the interval of integration is smaller, and

computational benefits can be realized through parallelization. Performance relies on

a good initial guess of the adjoint (Grimm and Markl, 1997).
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Sweep An initial guess of the controls is made over the interval and used to inte-

grate the state forward from the initial condition. The adjoint is integrated backwards

using the transversality conditions, controls, and states. The controls are updated

from the state and adjoint using the control equation (Saleem et al., 2015).

Collocation/Transcription Trajectories are coded as piecewise continuous poly-

nomials (Dickmanns and Well, 1975). The collocation condition requires that the

Euler-Lagrange equations be satisfied at specified collocation points throughout the

interval (Betts, 1998). The optimization solves for coefficients that satisfy the collo-

cation condition.

Direct Methods

Direct methods parameterize the control and possibly state trajectories and solve

for the optimal control policy directly, using standard nonlinear programming tech-

niques (Kraft, 1985; Hargraves and Paris, 1987; Goh and Teo, 1988; von Stryk, 1993).

Direct methods include shooting and collocation.

Shooting Control trajectories are parameterized and used to integrate the state

dynamics forward from the initial condition. The performance index is determined

through numerical integration. The nonlinear program solves for the control parame-

ters that minimize the cost, subject to any constraints (Betts, 1998; Rao, 2009). The

extension to a direct multiple shooting approach is analogous to the extension of the

indirect approach.
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Collocation/Transcription State and control trajectories are discretized over

a time grid and represented as piecewise interpolating functions (von Stryk and Bu-

lirsch, 1992). The nonlinear program finds the discretized trajectories that optimize

the performance index. First order dynamics are enforced using a set of defect con-

straints. Path constraints and variable bounds are enforced at all grid points and

optionally interval midpoints depending on the discretization scheme. Direct collo-

cation has been successful at generating rich behavior from complex systems (Pardo

et al., 2016). The optimization problem presented by direct collocation is large; how-

ever, sparsity can be exploited to improve computation (Gill et al., 2005; Wächter

and Biegler, 2006).

1.2.5.2 Model Predictive Control

In general, solutions to the optimal control problem are open loop (Section 1.2.5.1).

This presents a significant challenge to the control of a physical system when the

model used to generate the control policy does not exactly match the true dynamics

and when the execution of the control policy is subject to noise or other distur-

bances. Model predictive control (or receding horizon control) updates the control

policy online to compensate for model inconsistencies and disturbances. Briefly, the

feedforward optimal control policy is solved over a finite time horizon. This policy is

followed for an interval of time and at the end of the interval, the control policy is

recalculated and the procedure repeats (Valero-Cuevas et al., 2011).
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1.2.5.3 Hamilton-Jacobi-Bellman Equation

The Hamilton-Jacobi-Bellman (HJB) equation is a first-order nonlinear partial

differential equation that is a necessary and sufficient condition for optimality. The

HJB equation stems from the principle of optimality which states that the optimal

trajectory on the interval [t0, tf ] is also optimal on all subintervals of the form [t, tf ]

with t ≥ t0, provided that the initial condition at t comes from following the opti-

mal trajectory from t0. A complete derivation of the HJB equation is provided in

Appendix B.

Consider the dynamic system presented in (1.2) - (1.6) modified to omit path

constraints, remove the initial condition, and have a fixed end time. The “cost-to-go”

at time t is the cost functional (1.3) evaluated from t to tf following the optimal

trajectory:

J∗(x, t) = min
u∈U

(
φ(x, t)|tf +

∫ tf

t

L(x, u, τ)dτ

)
(1.14)

and the Hamiltonian is:

H(x, u, λ, t) = L+ λTf(x, u, t) (1.15)

The HJB equation is:

− ∂J∗

∂t
= H∗

(
x,
∂J∗

∂x
, t

)
(1.16)

where:

H∗
(
x,
∂J∗

∂x
, t

)
= min

u∈U
H

(
x, u,

∂J∗

∂x
, t

)
(1.17)
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The equation is solved backwards in time using the terminal boundary condition:

J∗(xf , tf ) = φ(xf , tf ) (1.18)

on the surface ψ(x, t) = 0.

1.2.5.4 Dynamic Programming

Dynamic programming is an application of the principle of optimality (Bellman,

1954). A brief summary of the algorithm follows (Bertsekas, 2005).

The problem is discretized over a space-time grid and the terminal cost of all

possible terminal states is calculated - these are the “cost-to-go” for the terminal

states. Starting at tf take a step back in time to tf−1. Compute the optimal “cost-

to-go” of every possible state at tf−1 and store them. The optimal “cost-to-go” for a

state at time tf−1 is the stage cost of transitioning from the tf−1 state to the tf state,

plus the “cost-to-go” of the tf state. Repeat this process moving backwards in time.

Once t0 is reached, move forward in time through the space-time grid selecting the

action with the smallest “cost-to-go” at each step.

Dynamic programming suffers from the “curse of dimensionality” caused by the

requirement to evaluate and store the cost of transitioning between all possible states

at every point in time (Bryson and Ho, 1975).

1.2.5.5 Optimal Feedback Control

In general, solving the HJB equation analytically is not feasible. An exception

to this exists for systems with linear dynamics and quadratic performance criteria.

The solution to this class of problem, in discrete time, is presented below (Davis and



1.2. BACKGROUND 17

Vinter, 1985).

Consider the following discrete time system:

xt+1 = Atxt +Btut + ξt (1.19)

yt = Htxt + ωt (1.20)

Jt = xTt Qtxt + uTt Rtut (1.21)

where x and u are the state and control vectors, y is the feedback vector, and A, B,

and H are the dynamics and observation matrices. The cost per step (J) has both

state (Q) and control (R) costs. Multivariate Gaussian noise (ξ and ω) is added to

the system dynamics and observations. These noise parameters have zero mean and

covariances Ωξ ≥ 0 and Ωω > 0. The solution to this problem consists of two parts:

an optimal feedback controller and an optimal state estimator.

The optimal feedback controller is a Linear Quadratic Regulator:

ut = −Ltx̂t (1.22)

where x̂t is the estimated state, and the feedback gains (L) are computed backwards

in time as follows:

Lt =
(
R +BT

t St+1Bt

)−1
BT
t St+1At (1.23)

St = Qt + ATt St+1 (At −BtLt) (1.24)

The optimal state estimator is a Linear Quadratic Estimator or Kalman filter
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(Kalman, 1960):

x̂t+1 = Atx̂t +Btut +Kt (yt −Htx̂t) + ηt (1.25)

where the internal noise (ηt) is Gaussian with zero mean and covariance Ωη ≥ 0. The

Kalman gains (K) are computed forward in time:

Kt = AtΣtH
T
t

(
HtΣtH

T
t + Ωω

)−1
(1.26)

Σt+1 = Ωξ + (At −KtHt) ΣtA
T
t (1.27)

This combination of a Linear Quadratic Regulator and Linear Quadratic Estima-

tor is known as Linear Quadratic Gaussian (LQG) control.

1.2.6 Impedance Control

Mechanical impedance is defined by the governing relationships between the gener-

alized kinematic deformation (displacement and velocity) and the generalized dynam-

ics (force or torque) of a mechanical system (Mizrahi, 2015). Mechanical impedance

consists of three components: inertia, stiffness, and damping. Inertia characterizes

the resistance of system to change its motion in response to an applied force or torque,

damping determines the force or torque required to produce a given change in veloc-

ity, and stiffness determines the force or torque required to generate a given change

in length of the system.

In a biomechanical system, inertia can only be changed by changing posture

(Hogan, 1985); however, stiffness and damping can be actively regulated. Viscoelastic

properties are governed by the force-length and force-velocity relationships of skeletal

muscle (Section 1.2.4). Tensile force scales with muscle activation and thus, increasing
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activation increases stiffness and damping through these relationships.

Intrinsic muscle impedance generates an immediate restoring force in response

to a physical disturbance. The benefits of such a response are evident in motor

tasks with unpredictable components. Unpredictability can arise though two possible

mechanisms: unknowns in the system and environment, or unstable couplings between

the system and environment (Franklin and Wolpert, 2011). For example, a dog may

pull a leash in random directions, and a screwdriver may slip from the head of a screw.

Clearly, the success of unpredictable tasks relies on the motor system to generate rapid

corrective movements.

Impedance control postulates that antagonistic co-contraction is used to actively

modulate mechanical impedance (Hogan, 1984). In the original formulation, an ex-

periment was performed that required participants to maintain their forearm in an

upright posture while holding a weight in their hand. The destabilizing effects of grav-

ity increased when the weight was added, requiring increased impedance to maintain

postural stability. Activity of both elbow extensors and flexors increased when per-

forming the task with the weight, indicating that antagonistic co-contraction was used

to increase impedance (Hogan, 1984). Further, the use of antagonistic co-contraction

has been demonstrated as a strategy when instability or uncertainty are introduced

to a task (Burdet et al., 2001; Takahashi et al., 2001).

While co-contraction provides a mechanical benefit in terms of limb or end-effector

stability, the strategy incurs a higher metabolic cost. To counteract this, selective co-

activation can optimize the magnitude, shape, and orientation of endpoint impedance

to achieve stability at a lower energetic cost than a uniform increase of co-contraction

through the limb (Franklin et al., 2004, 2007). For example, when a divergent force
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field perpendicular to reach direction is introduced, endpoint stiffness increases in the

direction of the divergent field but not in the direction of movement (Burdet et al.,

2001). Indeed, directional tuning of endpoint stiffness is well documented in literature

(Franklin et al., 2007; Krutky et al., 2013).

Another facet of impedance control is the regulation of feedback gains. This

strategy has the benefit of acting to increase the apparent stiffness of muscle, without

the energetic cost of co-contraction (Nichols and Houk, 1976; Akazawa et al., 1983;

Perreault et al., 2008). However, the introduction of delays limits the viability of

feedback regulation to tasks with longer timescales for corrections or when mechanical

impedance is insufficient in the direction of the disturbance or instability (Loram and

Lakie, 2002; Morasso and Sanguineti, 2002; Franklin et al., 2007; Krutky et al., 2010;

Morasso, 2011).

1.2.7 Optimal Control and Motor Coordination

The mandate of the motor system is to successfully execute goal-oriented behav-

ior. Motor tasks can be formulated as objective functions and studied within the

framework of optimal control theory. This formulation is made possible by the exis-

tence of internal models of system dynamics used to predict the consequences of motor

commands and accurately estimate state from delayed feedback (Wolpert et al., 1998;

Wolpert and Kawato, 1998; Kawato, 1999; Wolpert et al., 2007; Crevecoeur and Scott,

2013).

In general, the solution to the optimal control problem is an open-loop control pol-

icy and the corresponding state trajectory for a deterministic system (Section 1.2.5.1).

These feedforward models are consistent with the concept of trajectory planning in
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which controls are generated that guide the system along a predetermined optimal

trajectory (Flash and Hogan, 1985; Uno et al., 1989). While explicit trajectory plan-

ning may model average stereotyped behavior, it does not capture other important

aspects of motor performance, such as variability between repeated trials of the same

task or goal directed corrections (Todorov and Jordan, 2002; Scott, 2002).

Optimal feedback control provides a cohesive framework for interpreting many key

characteristics of motor function (Todorov and Jordan, 2002; Scott, 2002; Todorov,

2004; Scott, 2004). Optimal feedback controllers are able to account for stochastic

system dynamics such as those created by motor noise and uncertainty. Further, the

feedback gains are optimal with respect to this stochasticity. The principal tenant

of optimal feedback control is the minimum intervention principle, which states that

deviations are only corrected if they interfere with task performance (Todorov and

Jordan, 2002). Following this principle, optimal feedback control is able to take

advantage of redundancy in the motor system by accumulating the effects of noise

and uncertainty in task-irrelevant dimensions. The result is variability in how a task

is performed, but consistency in its success.

The minimum intervention principle explains both successful task performance

with variability and goal directed corrections. Several other features of motor control

also emerge from the optimal feedback control law. For example, patterns of motor

behavior indicative of muscle synergies and task simplification are both byproducts

of the optimal control policy (Todorov and Jordan, 2002). Optimal feedback control

has successfully modeled various motor tasks such as reaching, perturbation response,

and obstacle avoidance (Nashed et al., 2012, 2014; Crevecoeur and Scott, 2014).

The formulation of the optimal feedback control law and the associated optimal
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state estimator is dependent on a system with linear dynamics and quadratic cost

(Section 1.2.5.3). Thus, studying motor behavior using this framework requires a

linearized representation of the musculoskeletal and neuromuscular systems. However,

advances have been made to adapt classical optimal feedback control to properties of

the musculoskeletal system such as nonlinearity, signal dependent noise, and delayed

feedback (Todorov, 2005; Li and Todorov, 2007; Crevecoeur et al., 2011).

1.3 Approach

The approach to study co-contraction presented in this thesis is two-fold. First,

experiments are performed that isolate the effects of co-contraction on motor be-

havior. Kinematic data is used to identify behavioral features of co-contraction that

influence task performance. Electromyographic (EMG) data is used to detect changes

in neural control patterns when co-contracting. Second, computational models are

used to simulate the effects of neuromuscular changes associated with co-contraction

on behavior to identify mechanisms responsible for performance differences.

1.4 Contribution

The overall objective of this work is to understand why the motor system uses co-

contraction as a tool for dealing with instability and uncertainty. I also seek insight

into the use of co-contraction by a population with knee osteoarthritis. Despite being

well documented in both healthy and pathogenic populations, current explanations for

the use of co-contraction are unsatisfying. The prevailing theory of impedance control

neglects the sensorimotor system and ignores the contribution of neural feedback

control to behavior. Without a complete characterization of the mechanisms through
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which co-contraction influences the musculoskeletal and neuromuscular systems, it is

difficult to probe its role in pathology, which limits both our understanding of the

disease and our ability to intervene against its onset and progression. This warrants

a detailed and systematic examination of both the effects of co-contraction on the

mechanical properties of the musculoskeletal system and its role in neuromuscular

function.

This objective is addressed through three specific aims.

Specific Aim 1: Characterize the effect of co-contraction on the mitigation of

physical perturbations in the upper limb.

Co-contraction has been demonstrated as a control strategy in unfamiliar or un-

certain environments and in the completion of tasks that are dynamically unstable.

While it is assumed that co-contraction improves limb and endpoint stability, the

effects of co-contraction on task performance and motor behavior have not been sys-

tematically examined. It is important to both verify that selecting a strategy of

co-contraction benefits motor performance and to investigate the continued returns

of increasing co-contraction. In Chapter 2, I perform a set of experiments to assess the

effect of co-contraction on perturbation response and mitigation in the upper limb.

Using an experimental paradigm in which limb motion is restricted to a single degree

of freedom, flexion and extension of the elbow joint, I am able to extract features

of the neuromuscular response unique to co-contraction and explain its success as

a control strategy. An optimal feedback control model is used to demonstrate and

further explain characteristics of the co-contraction response.
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Specific Aim 2: Extend the characterization of the mechanisms of co-contraction

to more behaviorally rich tasks and to control of the lower limb.

The experimental paradigm of Chapter 2, while simplifying the interpretation of

kinematic behavior and neuromuscular control patterns, does not capture a realistic

task in which a strategy of co-contraction would be selected. In Chapter 3, I address

this limitation and perform an experiment that more accurately represent real-world

human behavior, such as the use of a hand-held tool. In addition, this chapter

includes an experiment that examines the effects of co-contraction on control of the

lower limb. These extensions are critical to generalize the mechanisms and benefits

of co-contraction and to understand its use by populations with osteoarthritis.

Specific Aim 3: Assess the efficacy of current modeling techniques to capture key

features of motor control with co-contraction.

The use of Linear-Quadratic-Gaussian control requires a linear model of system

dynamics. As a result, musculoskeletal and neuromuscular dynamics must be lin-

earized. In Chapter 4, I investigate the limitations of using this technique to model

features of the co-contraction response. I also perform a sensitivity analysis to assess

the robustness of the modeled behavior to the physical parameters of the model.

1.5 Thesis Structure

Chapters 2, 3, and 4 of this thesis are written as independent manuscripts. Each

include a review of the relevant literature, thus, this thesis does not contain an in-

dependent literature review beyond the background information provided in Section

1.2. The aims of this thesis are addressed by the manuscripts as outlined in Section

1.4. Chapter 5 contains a general discussion and recommendations for the direction
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of future work.
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Chapter 2

Co-contraction uses dual control of

agonist-antagonist muscles to mitigate physical

perturbations

This chapter was prepared for submission to Nature Neuroscience.

2.1 Introduction

A common strategy to perform difficult motor tasks is to co-activate antagonist

muscles. For example, we increase activity of muscles in our arm to increase grip

and downward force to turn a screw. Increases in co-contraction have been observed

experimentally by simply asking participants to maintain their forearm in an upright

posture with varying amounts of weight held in their hand. As the weight increases,

the level of co-contraction also increases in the elbow flexors and extensors (Hogan,

1984). As well, learning to reach with novel loads or in a novel environment leads

to an initial strategy to co-contract limb muscles (Franklin et al., 2003; Milner and

Franklin, 2005; Osu et al., 2002; Thoroughman and Shadmehr, 1999), and increased

co-contraction of leg muscles is observed when anticipating a slippery surface during
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gait (Chambers and Cham, 2007). Why co-contract when it increases the required

effort (i.e.: metabolic cost) without any increase in force output?

The most common explanation for antagonistic co-contraction is to improve impedance

control through the combined effects of stiffness and damping of muscle (Hogan, 1984).

Increasing muscle impedance through co-contraction has been suggested to provide an

instantaneous response to unexpected disturbances without the problem of delays for

neural control (Franklin and Wolpert, 2011; Loeb et al., 1999). Thus, co-contraction

helps to provide stability.

While it seems clear that co-contraction improves stability, the relative contribu-

tions of mechanical impedance and neural feedback are not obvious. Direct measures

of limb stiffness (change in length for a given change in force) have been performed

by quantifying the change in length (or hand position) when a perturbation is ap-

plied to the limb. However, conventional methods measure limb impedance from

perturbation responses that last ∼200 ms or longer (Burdet et al., 2000; Gomi and

Osu, 1998; Krutky et al., 2013; Mussa-Ivaldi et al., 1985; Perreault et al., 2001; Tsuji

et al., 1995), and thus, include neural feedback processes, including spinal responses

starting at ∼20 ms, as well as long latency cortical responses starting at ∼50 ms,

and early voluntary responses beyond ∼100 ms. Therefore, estimates of impedance

include contributions from both muscle and neural feedback (Matthews, 1991; Strick,

1978). While one could try to estimate stiffness <50 ms after a disturbance, before

spinal responses influence force output, this time period is dominated by limb inertia

making it difficult to estimate stiffness or damping (Crevecoeur and Scott, 2014).

The purpose of the present study is to characterize the influence of co-contraction
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on motor function. Rather than eliciting co-contraction through destabilizing dynam-

ics, we systematically control the level of co-contraction used to complete each task.

Using this paradigm, we first confirm that co-contraction improves performance of

postural control and endpoint tracking tasks subject to physical perturbations. Sys-

tematic increases in activity of only one muscle group provide far less improvement

in performance than co-contraction, and faster corrective responses associated with

co-contraction are generated by the combined effects of neural feedback responses

and mechanical impedance. A key benefit of co-contraction appears to be that both

stretched and shortened muscles remain active after the perturbation and contribute

to feedback corrective responses, whereas feedback corrections are limited to a sin-

gle muscle group when only the stretched or shortened muscles are pre-activated.

We demonstrate the benefit of this dual agonist-antagonist control strategy using a

computational model.

2.2 Methods (Online)

All experiments were performed using a KINARM Exoskeleton robot (BKIN Tech-

nologies Inc., Kingston, Ontario, Canada). Participants had no known neurological

or musculoskeletal conditions, no upper limb injuries or surgeries within the last year,

and provided written informed consent. The study was approved by the institutional

ethics review board. Participants performed experiments using their dominant arm

and sat with their arm in the exoskeleton that restricted motion to the horizontal

plane while supporting the arm against gravity. The exoskeleton had one rotational

degree of freedom at the shoulder and one at the elbow. Direct view of the upper
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limb was obstructed, and all visual feedback was provided using a virtual reality dis-

play aligned with the horizontal workspace. Upper limb kinematics were recorded by

the robot and EMG was recorded for two elbow flexors (biceps and brachioradialis)

and two elbow extensors (long and lateral heads of the triceps) using surface elec-

trodes (Delsys Bagnoli, Delsys Inc., Natick, Massachusetts, USA). EMG recordings

were mean centered, filtered (2-pass, 6th-order Butterworth, 20-250 Hz), rectified,

and normalized (Pruszynski et al., 2009). At the beginning of both experiments,

baseline EMG trials were performed. Subjects were required to maintain a static

upper limb posture (45 degrees shoulder flexion and 90 degrees elbow flexion) while

resisting torques of -5 to 5 Nm at the elbow. The muscle activity in the baseline trials

was used to normalize the EMG signals. We were looking for large effect sizes in task

success with and without co-contraction and chose the number of participants based

on previous experience. Statistical power and effect sizes are presented in Appendix

C.

2.2.1 Experiment 1: Postural perturbation

Table 2.1: Experiment 1 subject demographics. Mean (SD).

Sex 7M, 5F

Handedness 11R, 1L

Age [years] 23 (3)

Height [m] 1.80 (0.09)

Weight [kg] 76 (14)
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Twelve participants performed the first experiment. Participants were given visual

feedback of their fingertip position and were presented with a 1 cm radius circular

target at 45 degrees of shoulder flexion and 90 degrees of elbow flexion. The instruc-

tions for the task were to hold the fingertip in the target and to return to the target

as quickly and accurately as possible when perturbed.

Trials consisted of three stages. During the first stage, participants brought their

fingertip to the target and held it in the target for 2 seconds. At the completion of

the first stage, visual feedback of the fingertip was removed, and the rest of the trial

was performed using proprioception with only the target shown on the display. In

the second stage, participants continued to hold their fingertip in the target, and a

perturbation torque was applied by the robot to flex or extend the elbow at a random

time between 2 and 4 seconds. The perturbation torque was a 5 Nm magnitude, 50

ms pulse with a 10 ms ramp up and ramp down. The magnitude and duration of the

pulse were selected to generate a rapid stretch of the elbow beyond the short range

(Crevecoeur and Scott, 2014). The third stage required participants to return their

fingertip to the target and hold it inside the target. The trial was successful if the

fingertip returned to the target within 500 ms of perturbation onset and stayed in

the target for 1000 ms. Success criteria were determined from pilot testing to create

a task with a success rate between 30% and 70%. Visual indication of trial success

was provided (solid green circle - successful, solid red circle - unsuccessful). Feedback

of the fingertip position was returned between trials.

Three types of trials were performed by the participants. During first type of

trial, the robot applied a background flexion torque of 1, 3, or 5 Nm to activate

the elbow extensors. Participants had to resist this background torque throughout
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all three stages of the trial. During these trials, the perturbation torque (flexion or

extension) was applied in addition to the background torque. The second type of

trial was identical, but the background torque was an extension torque that activated

the flexors. In the first and second type of trial the muscle group pre-activated

by the background load was referred to as the agonist (i.e. the muscle group that

resisted the background torque was called the agonist). The third type of trial was

performed without an applied background torque and with the participants actively

co-contracting the muscles spanning the elbow to a target level of activity. The

target levels of muscle activity were those required to resist the 1, 3, and 5 Nm loads

during the baseline EMG trials. Real-time visual feedback of biceps activity, filtered

using an exponential moving average, was given as a line that moved to the right

as muscle activity increased. The participants had to hold their muscle activity at

the target level, shown as a box spanning ±20% of the target, while keeping the

fingertip at the target position during the first stage of the trial. EMG feedback was

removed with fingertip feedback after the first stage. The three trial types resulted in

three experimental loading conditions: (1) agonist stretched by the perturbation, (2)

agonist shortened by the perturbation, and (3) muscles co-contracted (Figure 2.1).
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Figure 2.1: Summary of experimental loading conditions for the postural perturbation
task. In the agonist stretch condition, the background and perturbation torques are
in the same direction and the torque generated by the pre-activation of the agonist
muscles is in opposition to the perturbing torque. In the agonist shorten condition,
the background and perturbation torques are in opposite directions and the torque
generated by the pre-activation of the agonist muscles is in the same direction as the
perturbing torque.

Participants performed three groups of trials, one for each trial type. Each group
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consisted of one practice block of trials to adjust to the task, followed by three ex-

perimental blocks. Each block consisted of 30 trials (3 background loads or 3 co-

contraction levels x 2 perturbation directions x 5 repetitions). Within each block, the

magnitude of the background load or level of co-contraction and the direction of the

perturbation were randomized between trials.

Separate two-way repeated measures ANOVAs were performed for task success

rate, peak elbow displacement, and return time using the loading condition (agonist

stretch, agonist shorten, or co-contraction) and level of background (pre-perturbation)

muscle activity (1 Nm, 3 Nm, or 5 Nm equivalents) as factors. Significance values

were adjusted for multiple comparisons using the Holm-Sidak method.

2.2.2 Experiment 2: Tracking perturbation

Table 2.2: Experiment 2 subject demographics. Mean (SD).

Sex 5M, 5F

Handedness 9R, 1L

Age [years] 23 (4)

Height [m] 1.78 (0.08)

Weight [kg] 73 (13)

Ten participants performed the second experiment. Participants were given visual

feedback of their fingertip position and were presented with a 1 cm radius circular

target that moved between 80 and 100 degrees of elbow flexion with shoulder flexion

fixed at 45 degrees. The instructions for the task were to track the target with their
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fingertip as it moved across the display.

All trials started with the target at one end of the movement trajectory. Subjects

moved their fingertip to the target and held it in the target for 2 seconds. The target

moved to the other end of the trajectory and then returned to the start point at a

constant angular speed of 4 deg/s. A perturbation was applied randomly between 87

and 93 degrees of elbow flexion during both the reach to the other end of the trajectory

and the return to the starting point. The perturbation could apply an elbow torque in

the same direction as the movement, a torque in the opposite direction of movement,

or no torque. Each perturbation was equally likely, and perturbation torques were a 5

Nm magnitude, 50 ms pulse with a 10 ms ramp up and down. Participants performed

trials with and without active antagonistic co-contraction of the muscles spanning the

elbow. Unlike in the first experiment, no feedback of EMG activity was provided to

the participants. They were simply instructed to perform the task with or without

co-contraction.

Trial blocks consisted of nine trials in random order (there were nine possible

perturbation combinations - 3 perturbation types for the initial reach x 3 perturbation

types for the return movement). Participants performed two practice blocks, one with

voluntary co-contraction and one without, to adjust to the task. Once adjusted, eight

blocks of trials alternating between voluntary co-contraction and no co-contraction

were performed. The perturbation direction was randomized between trials within

each block. The endpoint of the trajectory that trials started from alternated every

other block.

Two-way repeated measures ANOVAs were performed for the maximum displace-

ment from the target and the return time to the target following the perturbation.
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Co-contraction (with or without) and the perturbation direction (same as or opposite

to movement direction) were used as the factors. Significance values were adjusted

for multiple comparisons using the Holm-Sidak method.

2.2.3 Model

2.2.3.1 Definition

We modeled the forearm and hand as a rigid segment with a pin joint at one end

and inertia I. The mechanical impedance of muscle was approximated using linear

stiffness (K) and damping (G) elements at the joint. Opposing torque actuators rep-

resented the net action of the elbow flexors (Tflx) and extensors (Text). In simulations,

the actuators could only produce positive torques, reflecting the fact that muscles can

only produce tensile force. The response of the actuators to control input (uflx and

uext) followed first order activation dynamics. A perturbation torque (Tpert) was also

included. Equation 2.1 defines the equation of motion of the model, Equations 2.2

and 2.3 define the first order activation dynamics of the actuators, and Equation 2.4

defines the perturbation torque as a step input.

Iθ̈ = −Kθ −Gθ̇ + Tflx − Text + Tpert (2.1)

Ṫflx =
uflx − Tflx

τ
(2.2)

Ṫext =
uext − Text

τ
(2.3)

Ṫpert = 0 (2.4)

The model dynamics were discretized using an Euler method and a 10 ms time
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step. The discretized dynamics are defined in Equations 2.5 through 2.7. Note the

addition of zero mean Gaussian noise (ξ) to the state transition that affected only

the applied torques.

xt+1 = Axt +But + ξt (2.5)

x =
[
θ θ̇ Tflx Text Tpert

]T
(2.6)

u = [uflx uext]
T (2.7)

To account for feedback delays of h time steps, the discretized system was aug-

mented to include state information from h previous time steps in Equations 2.8

through 2.12.

zt+1 = Āzt + B̄ut + ξ̄t (2.8)

zt = [xt xt−1 · · · xt−h]T (2.9)

Ā =



A 0 0 · · · 0 0

I 0 0 · · · 0 0

0 I 0 · · · 0 0

...
...

...
...

...
...

0 0 0 · · · I 0


(2.10)

B̄ = [B 0 · · · 0]T (2.11)

ξ̄t = [ξt 0 · · · 0]T (2.12)
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Delayed feedback was obtained from the augmented state as described in Equa-

tions 2.13 and 2.14, which simply define the feedback as the most delayed state (xt−h)

plus additive zero mean Gaussian noise (ω).

yt = Hzt + ωt (2.13)

H = [0 · · · 0 I] (2.14)

Linear-Quadratic-Gaussian (LQG) control was used to derive an optimal feedback

controller and optimal state estimator for the model. The controller feedback gains

(L) were linear in the system state and the state estimator (K) was a Kalman filter.

The feedback gains (L) were computed backwards in time:

Lt =
(
R + B̄T

t St+1B̄t

)−1
B̄T
t St+1Āt (2.15)

St = Qt + ĀTt St+1

(
Āt − B̄tLt

)
(2.16)

and the Kalman gains (K) were computed forward in time:

Kt = ĀtΣtH
T
t

(
HtΣtH

T
t + Ωω

)−1
(2.17)

Σt+1 = Ωξ +
(
Āt −KtHt

)
ΣtĀ

T
t (2.18)

where the cost per step (J) was:

Jt = zTt Qtzt + uTt Rtut (2.19)
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Equation 2.20 defines how the control at time t was calculated from the esti-

mated state at time t. Equation 2.21 defines the update step for the estimated state,

including the addition of zero mean Gaussian noise (η).

ut = −Ltẑt (2.20)

ẑt+1 = Āẑt + B̄ut +Kt (yt −Hẑt) + ηt (2.21)

The stages of each simulation step are as follows:

1. Calculate the current estimated state.

2. Calculate the control from the current estimated state.

3. Advance the state to the next time step.

In simulations, the system was initialized to a state of x0 = [0 0 0 0 0]T and a

perturbation was applied by setting Tpert to 5 Nm for 5 time steps. Pre-activation of

muscles (through co-contraction or background loading) was simulated by increasing

the stiffness and damping of the joint and by increasing the baseline activation of

the pre-activated actuator(s). A single actuator was pre-activated in the background

loading case and both actuators were pre-activated in the co-contraction case. In-

creasing baseline activation was implemented by allowing the pre-activated actuator

to generate negative torques with magnitude up to the level of pre-activation. In the

background loading simulations the unloaded actuator was turned off by setting its

control input to zero.
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2.2.3.2 Parameters

The system inertia was estimated as I = 0.11 kg m2 based on average human

anthropometry and the robot linkage inertia (Crevecoeur and Scott, 2014; Winter,

2004). The time constant of the actuator dynamics was τ = 66 ms (Brown et al.,

1999; Crevecoeur and Scott, 2014). Stiffness and damping were derived from the force-

length and force-velocity relationships of muscle (Brown et al., 1999; Scott et al., 1996)

using properties of the elbow flexors and extensors taken from literature (Crevecoeur

and Scott, 2014) and assuming an inelastic tendon (see Appendix D for details of

the derivation). The stiffness and damping values used for different levels of mus-

cle activity are presented in Table 2.3 and are consistent with those used previously

(Crevecoeur and Scott, 2014). Feedback was delayed by 5 time steps (h = 5), so that

the controller would respond to the perturbation with a latency of 50 ms correspond-

ing to long latency sensorimotor delays (Crevecoeur and Scott, 2014; Scott, 2012;

Nashed et al., 2012). The variance of the Gaussian noise parameters (ξ = 1e − 2;

ω, η = 1e− 6) were standard values chosen to generate variability in the simulations

that was in general agreement with the experimental results (Nashed et al., 2012).

The Gaussian noise was additive and was not signal dependent - the variance did not

scale with the magnitude of the control signal.
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Table 2.3: Stiffness and damping constants used in simulation.

Activity Level Stiffness (K) Damping (G)

Nm equivalent Nm/rad Nms/rad

1 0.72 0.13

3 1.93 0.31

5 3.15 0.48

The cost minimized by the LQG controller is given in Equation 2.22. The cost

prioritized minimizing position errors and the weighting parameters were adjusted to

achieve return times of ∼500 ms (w1 = 0.01, w2 = 1e− 5, r = 1e− 4).

J =
N∑
t=0

w1θ
2
t + w2θ̇

2
t + rtu

2
flxt

+ rtu
2
extt (2.22)

All model parameters, feedback gains, and state estimator gains were identical for

all simulations.

2.3 Results

2.3.1 Performance improves with co-contraction during a postural per-

turbation task

In our first experiment, participants perform a postural perturbation task using

a KINARM Exoskeleton robot (Scott, 1999; Singh and Scott, 2003) (BKIN Tech-

nologies Inc., Kingston, Ontario, Canada). They begin each trial by moving their

finger to a central target. A perturbation torque pulse flexes or extends the elbow,
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displacing the fingertip from the target. Participants complete the task successfully

if they return their fingertip to the target within 500 ms and hold it in the target for

at least 1000 ms. The task is performed with background torques of 1-5 Nm applied

at the elbow to pre-activate either the elbow extensors or flexors (Figure 2.2a). The

pre-activated muscle group is considered the agonist. The task is also performed with

no background load and instead participants co-contract muscles to activity levels

corresponding to 1, 3, or 5 Nm background torques using visual feedback (Figure

2.2b). This leads to three experimental loading conditions: (1) agonists stretched

by the perturbation, (2) agonists shortened by the perturbation, and (3) muscles co-

contracted. If the response to the perturbation was determined by limb impedance,

as is suggested by impedance control, we would expect similar rates of task suc-

cess and similar patterns of corrective movement when co-contracting and when the

pre-activated agonist muscles are stretched, because the level of background muscle

activity, and thus impedance, is the same between the two conditions. Differences in

success and patterns of corrective movement between the conditions would indicate

a strong influence from feedback corrective responses.
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2 sec 2-4 sec

<500 ms

>500 ms

a
Background torque applied.

Target presented.
Fingertip feedback

removed.

Perturbation torque

applied. Return to target.
Visual indication 

of success.Hold in target.

2 sec 2-4 sec

<500 ms

>500 ms

b
Fingertip and EMG

targets presented.
Fingertip feedback

removed.

Perturbation torque

applied. Return to target.
Visual indication

of success.Hold in target.

c
Follow target

trajectory.

Perturbation torque

applied.Target presented.
Return to 

target trajectory.Hold in target.

Figure 2.2: (a) Postural perturbation task with a background load that pre-activates
the elbow extensors or flexors. Participants must keep their fingertip in a stationary
target while resisting the background load. A perturbation torque pulse is applied,
and participants must return their fingertip to the target as quickly as possible. (b)
Postural perturbation task with targeted co-contraction of the elbow flexors and ex-
tensors. Participants must co-contract to a desired level of muscle activity using
visual feedback while holding their fingertip in a stationary target. A perturbation
torque pulse is applied, and participants must return their fingertip to the target as
quickly as possible. (c) Target tracking task. Participants must track a moving target
with their fingertip. A perturbation torque pulse is applied, and participants must
return their fingertip to the moving target as fast as possible. Trials are performed
with and without active co-contraction of the elbow flexors and extensors.

We find a clear improvement in the performance of participants when they co-

contract during the postural perturbation task as compared to when a single muscle

group is pre-activated (Figure 2.3a). Loading condition (agonist stretch, agonist

shorten, or co-contraction) and level of background muscle activity (from resisting

background loads or co-contracting) have a significant effect on the task success rate
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with no significant interaction (F(condition) = 25, p = 2.1e-6; F(level) = 4.2, p =

0.028; F(condition x level) = 2.3, p = 0.071). Task success is 56% when at the

lowest level of co-contraction and increases to 71% at the highest level (p = 0.021,

paired t-test). In contrast, task success is only ∼35% when the muscle group pre-

activated by the background load (agonist muscle group) is stretched or shortened by

the perturbation. There is a small increase in success to 45% for the agonist stretch

trials at the highest level of background agonist activity. Increases in performance

when co-contracting compared to pre-activating a single muscle group (an additional

23% to 39% of the total trials completed successfully) are statistically significant (p

= 0.013 for co-contraction vs agonist stretch at low muscle activity, p < 0.01 for

co-contraction vs all others, paired t-tests).
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Figure 2.3: (a) Task success rate for the postural perturbation task across all sub-
jects for the three experimental loading conditions: agonist stretch (triangle), agonist
shorten (square), and co-contraction (circle). (b) Relative changes in task success
for the postural perturbation task with co-contraction compared to pre-activation of
a single muscle group. Red dots indicate individual subjects. Equivalent load in-
dicates the level of background muscle activity from resisting background loads or
co-contracting.

Eleven of the twelve participants see improved performance at all three levels of

background muscle activity when co-contracting as compared to when a single muscle

group is pre-activated (Figure 2.3b). Relative increases in performance of up to 350%
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are achieved, with a median performance improvement of ∼100%.

The pattern of corrective responses when participants co-contract is clearly dif-

ferent compared to when only one muscle group is pre-activated (Figure 2.4). Back-

ground activity level has a significant effect on peak displacement with an additional

interaction effect from loading condition (F(condition) = 2.8, p = 0.083; F(level) =

155, p = 1.1e-13; F(condition x level) = 20, p = 2.5e-9). Loading condition, back-

ground activity level, and their interaction have significant effects on the return time

to the target following the perturbation (F(condition) = 26, p = 1.7e-6; F(level) =

28, p = 9.3e-7; F(condition x level) = 3.1, p = 0.026).

Figure 2.4: Change in elbow angle following mechanical perturbations for the three
experimental loading conditions: (a) agonist stretch, (b) agonist shorten, and (c)
co-contraction. Background muscle activity level is indicated by line color and per-
turbation onset is at 0 ms (grey box). Group results (mean and standard error) are
shown.

Detailed analysis of the changes in elbow motion highlights several critical differ-

ences in limb motion following perturbation. First, there are substantial differences

in the pattern of elbow motion, even at the lowest background activity level, whether

the agonist is stretched, the agonist is shortened, or muscles are co-contracted (blue

lines in Figure 2.4). Maximal displacement is similar when only one muscle group
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is pre-activated, whereas when they are co-contracted it is 14% (2.0 degrees) smaller

than when the agonist is stretched (p = 0.21, paired t-test) and 23% (3.5 degrees)

smaller than when the agonist is shortened (p = 0.0027, paired t-test). There is a

substantial overshoot when the agonist is stretched that does not occur when the

agonist is shortened, or when muscles are co-contracted. Although the elbow returns

to the target angle at about the same time for the latter two conditions, there is

more variability when shortening the agonist (standard deviation 1.3 degrees) than

when co-contracting (standard deviation 0.5 degrees) and this likely leads to greater

success when co-contracting (p = 1.2e-4, two sample F-test using elbow angle 500 ms

post-perturbation).

A second important kinematic feature is the small change in the initial post-

perturbation elbow motion for different levels of background muscle activity (Figure

2.4 insets). The largest difference is observed when the agonist is shortened, resulting

in a 21% decrease in limb motion at 50 ms. However, the difference in motion during

co-contraction is only 5%. This suggests that intrinsic muscle properties influence

initial limb motion, but the effect at this short time-scale is limited.

Third, increases in background muscle activity result in a clear drop in peak

displacement. Peak displacement decreased by between 30% and 45% from the lowest

to highest background activity levels depending on the load condition (p < 0.01,

paired t-tests). At the highest background activity levels, the maximum displacement

is similar whether the agonist is stretched, the agonist is shortened, or muscles are

co-contracted.

Fourth, the most critical difference across the load conditions is related to the
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presence or absence of overshoot at the end of the corrective response. The over-

shoot decreases as background activity level increases when the agonist is stretched,

whereas it increases when the agonist is shortened. Increases in co-contraction result

in a slightly faster return to the target (200 ms decrease in return time between low

and high levels of muscle activity, p = 0.019, pared t-test) while continuing to have

minimal overshoot. Thus, co-contraction results in a simple stereotyped pattern of

motor correction, whereas pre-activating only one muscle group results in more com-

plexity in the motor correction dependent on the level of background muscle activity.

A critical difference between co-contraction and the other load conditions is the

pattern of muscle activity during the motor corrections (Figure 2.5). When the ag-

onist is stretched (Figure 2.5a), it responds with a burst of activity during the long

latency epoch. As background agonist activity increases, an earlier burst of activity,

during the short latency epoch, also occurs. The magnitude of this burst increases

with the level of background muscle activity, commonly called gain scaling (Bed-

ingham and Tatton, 1984; Marsden et al., 1976; Matthews, 1986; Stein et al., 1995;

Verrier, 1985; Pruszynski et al., 2009). Importantly, at all levels of background agonist

activity, there is effectively no motor response from the antagonist.

When the agonist is shortened (Figure 2.5b), it is inhibited and briefly drops to

minimal activity for all background load levels. Activity increases again from 120 ms

to 350 ms post-perturbation. This increase scales with the level of background agonist

activity. The stretched antagonist responds with an increase in activity during the

long latency epoch, however this increase is largely attenuated in comparison to the

long latency burst when the stretched muscles are pre-activated.

Finally, when co-contracting (Figure 2.5c), the corrective response engages both
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the stretched and shortened muscles without attenuation. The response of the stretched

muscle is the same as observed during the agonist stretch condition. The shortened

muscle responds with inhibition during the long latency epoch that scales with back-

ground activity. There is a sudden increase in activity following the inhibition that

occurs between 90 ms and 170 ms post-perturbation. This burst scales with back-

ground activity and is initiated prior to hand reversal, likely preventing overshoot

when returning to the target (Hore and Vilis, 1984). Additionally, there appears to

be a small burst of activity during the short latency epoch in the shortened muscle,

suggesting that muscles may co-contract reflexively following the perturbation (Lac-

quaniti and Maioli, 1987). However, this reflexive co-contraction is not present in all

subjects or muscles.



2.3. RESULTS 48

0 100 200 300 400 500 600

-5

0

5

10

E
M

G
 [

au
]

Equivalent bkd. load
1 Nm
3 Nm
5 Nm

S
tr

et
ch

ed
S
h
or

te
n
ed

a

0 100 200 300 400 500 600

-10

-5

0

5

E
M

G
 [

au
] S

tr
et

ch
ed

S
h
or

te
n
ed

b

0 100 200 300 400 500 600

Time [ms]

-10

-5

0

5

10

E
M

G
 [

au
]

S
tr

et
ch

ed
S
h
or

te
n
ed

c

Triceps lateral head
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Figure 2.5: Activity of the triceps lateral head and biceps following mechanical per-
turbations that flex the elbow. (a) Stretched triceps pre-activated by background
load (agonist stretch). (b) Shortened biceps pre-activated by background load (ago-
nist shorten). (c) Muscles co-contracted. Increases in activity of the stretched triceps
are plotted in the positive direction and increases in activity of the shortened biceps
are plotted in the negative direction. Background muscle activity level is indicated
by line color and perturbation onset is at 0 ms. Group results (mean and standard
error) are shown.
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2.3.2 Model to observe the contributions of impedance and feedback con-

trol

We developed a model that captures two important aspects of co-contraction:

increased mechanical impedance and feedback control of both stretched and shortened

muscles (dual agonist-antagonist control). The model consists of a rigid link with a

pin joint at one end to represent the forearm, hand, and elbow. Two torque actuators

act as the elbow extensors and flexors. These actuators act in opposite directions,

can only generate pulling torques, and are governed by a first order approximation of

activation dynamics (Brown et al., 1999; Crevecoeur and Scott, 2014). The actuators

are driven by an optimal feedback controller designed to return the link to the starting

posture following a pulse perturbation. Co-contraction is added to the model in two

ways. First, the stiffness and damping at the pin joint are increased at higher levels

of co-contraction based on the force-length and force-velocity properties of muscle

(Brown et al., 1999). Second, the baseline activity of the actuators is increased,

allowing increases as well as decreases to zero activity to counter the perturbation.

We wanted to examine the individual contributions of increased mechanical impedance

and increased baseline activity associated with co-contraction. The influence of

impedance without feedback control is captured by the passive simulations (Figure

2.6a). Increasing impedance reduces the maximum displacement, the overshoot when

returning to the target, and the return time of the system. Simulations with feed-

back control and baseline activation of both agonist and antagonist actuators, but

with impedance kept fixed, isolate the effect of the dual agonist-antagonist control

strategy (Figure 2.6b). Dual control greatly reduces the maximum displacement of

the system and almost entirely eliminates target overshoot, even without increases
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in impedance. Importantly, good performance occurs even at the lowest level of

co-contraction. Finally, when impedance is increased with feedback control (Figure

2.6c), the absence of overshoot remains and there is a small decrease in the maximum

displacement and return time of the system.

Figure 2.6: Simulation results (change in elbow angle following mechanical pertur-
bations) showing the effects of muscle intrinsic impedance and feedback control. (a)
Passive simulations in which impedance increases with co-contraction, but there is
no feedback control. Note that the trajectory of the response at the lowest level of
impedance extends beyond the limits of the axes in order to maintain a constant
scale across the plots. (b) Simulations in which there is feedback control and baseline
activity increases with co-contraction, but impedance remains at the lowest level. (c)
Simulations with both feedback control and increasing impedance with co-contraction.
Line color represents the equivalent muscle activity level used to set baseline activity
and/or impedance. Mean and standard deviation of 20 simulations are shown.

We wanted to verify the benefits of having two muscle groups active for control

as compared to when only one muscle group is active (a single muscle group being

active reflects the limited response of the antagonist during background loading).

In each case, the controller was optimized assuming that both actuators contribute

to the feedback response. Simulations in which only the stretched (Figure 2.7ad)

or shortened (Figure 2.7be) actuator can respond to the perturbation and simula-

tions in which both can respond (Figure 2.7cf) represent the agonist stretch, agonist
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shorten, and co-contraction experimental conditions respectively. In all three cases,

the impedance increases in accordance with the level of baseline actuator activity.

The results of these simulations share many key characteristics with the experimental

results.

Figure 2.7: Change in elbow angle following mechanical perturbations from simula-
tions where (a) only the stretched actuator responds, (b) only the shortened actuator
responds, and (c) both actuators respond. The corresponding actuator activities are
shown in (d-f). Increases in stretched actuator activation are plotted in the positive
direction and increases in shortened actuator activation are plotted in the negative di-
rection. Line color represents the equivalent muscle activity level used to set baseline
activity and impedance. Mean and standard deviation of 20 simulations are shown.

The most important result is that control with both actuators (dual agonist-

antagonist control) almost entirely eliminates the overshoot and oscillations that occur

when only one actuator is active. Further, increasing background activity reduces
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maximum displacement in all conditions, and reduces overshoot when the single active

actuator is stretched.

The patterns of actuator activity in the simulations are qualitatively similar to

the patterns of muscle activity used by the participants. When pre-activated, the

stretched actuator responds with a burst of activity followed by a slower decline.

When the shortened actuator is pre-activated, it responds with an inhibition that

is clipped and is followed by an increase in activity. When both actuators are pre-

activated, their responses follow similar patterns as when individually pre-activated.

While the model captures many features of human motor corrections, it should

be noted that unlike in the experiment, the magnitude of the burst of the stretched

actuator does not increase with baseline activation. Additionally, when only the

shortened actuator responds, overshoot does not increase with baseline activation

and the peak deflection is greater than in the experiment.

2.3.3 Performance improves with co-contraction during a tracking per-

turbation task

We used a tracking perturbation task to test if co-contraction also improves per-

formance during movement. In this task, participants begin each trial by moving

their fingertip to a stationary target (Figure 2.2c). The target begins to move at a

constant speed along a trajectory that requires only elbow flexion or extension. Once

the end of the trajectory is reached, the target reverses direction and follows the same

trajectory back to the starting point. At a random time, when the target is near the

center of the trajectory, a perturbation torque pulse (5 Nm, 50 ms) flexes or extends

the elbow, displacing the fingertip from the target. This creates four perturbation
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conditions: extension movement with flexion perturbation, extension movement with

extension perturbation, flexion movement with extension perturbation, and flexion

movement with flexion perturbation. The task is performed with and without active

antagonistic co-contraction of the muscles spanning the elbow.

We find a clear improvement in the performance of participants when they co-

contract (Figure 2.8). Co-contracting reduces deviation from the desired elbow mo-

tion caused by the perturbation regardless of the movement and perturbation di-

rections and eliminates overshoot at the end of the corrective response. There is a

modest decrease (12%) in the initial (50 ms) post-perturbation elbow motion when

co-contracting. This suggests that in our experimental paradigm intrinsic muscle

properties have slightly more effect on initial limb motion during movement as com-

pared to the postural perturbation task.

Co-contraction, perturbation condition, and their interaction have a significant

effect on the maximum displacement of the fingertip (F(co-contraction) = 287, p =

3.9e-8; F(condition) = 24, p = 8.1e-8; F(co-contraction x condition) = 21, p 2.6e-7).

Return time is only significantly affected by co-contraction (F(co-contraction) = 81,

p = 8.4e-6; F(condition) = 0.53, p = 0.66; F(co-contraction x condition) = 0.17, p =

0.92). Maximum displacement and return time both decrease by between 50% and

57% when co-contracting depending on the perturbation condition (p < 0.001 for all

conditions, paired t-tests).
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Figure 2.8: Elbow angles during repeated out and back tracking movements subject
to mechanical perturbations by an exemplar subject (a) without and (b) with ac-
tive co-contraction. (c) Elbow angle deviation from the target trajectory following
mechanical perturbations without (blue) and with (red) active co-contraction. Per-
turbation onset is at 0 ms (grey box). Group results (mean and standard error) are
shown. (d) Maximum distance from the fingertip to the target and (e) time to return
to the target following mechanical perturbations without (blue) and with (red) active
co-contraction. Group results (mean and standard deviation) are shown.

When performing the task without co-contracting, the perturbation response is

limited almost entirely to the stretched muscle that generates a burst of activity dur-

ing the long latency epoch (Figure 2.9, blue traces). The shortened muscle generates

little to no response. In contrast, when co-contracting the motor response involves

both the shortened and stretched muscles (Figure 2.9, red traces). The stretched
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muscle generates a greater long latency burst than in the no co-contraction condi-

tion and also produces an earlier but smaller burst during the short latency epoch.

In addition, the shortened muscle produces inhibition during the long latency epoch

followed by a burst of activity starting at approximately 100 ms post-perturbation

that lasts between 100 ms and 200 ms. As in the static task, this burst occurs prior

to hand reversal, likely preventing overshoot in the return to the target.

0 100 200 300 400 500 600

0

5

10

B
ic

ep
s 

E
M

G
 [

au
]

Flexion perturbationa

0 100 200 300 400 500 600

0

5

10
Extension perturbationb

0 100 200 300 400 500 600

Time [ms]

0

5

10

Tr
ic

ep
s 

E
M

G
 [

au
]c

0 100 200 300 400 500 600

Time [ms]

0

5

10
No co-contraction
Co-contraction

d

Figure 2.9: Activity of the biceps (top row) and triceps (bottom row) during the target
tracking task with flexion (first column) and extension (second column) perturbations.
Group results (mean and standard error) are shown for trials without (blue) and with
(red) active co-contraction. Perturbation onset is at 0 ms.

2.4 Discussion

We show in the present study that co-contraction of agonist-antagonist muscles

improves the success of corrective responses to physical disturbances. Significant per-

formance improvements were observed in both postural control and tracking tasks.

We systematically controlled the level of co-contraction participants used to complete

the task, rather than allowing them to select the level of co-contraction (Franklin
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et al., 2003; Gribble et al., 2003; Milner, 2002). In doing so, we could isolate mecha-

nisms and patterns of the neuromuscular response used when co-contracting.

The key benefit of co-contraction has been assumed to be increased limb impedance

that generates instantaneous restoring forces to counter perturbations (Loeb et al.,

1999; Brown and Loeb, 2000). However, our results on human performance high-

light that initial limb motion is not substantively impacted by changes in the level

of background muscle activity (see also Crevecoeur and Scott 2014). While changes

in impedance may not impact the immediate response of the limb, impedance does

change the corrective response over a longer period of time. These effects are demon-

strated by the passive behavior of our model. With low impedance, the system takes

longer to recover from the perturbation and the response includes large overshoot

and oscillations. Increasing impedance produces faster responses and greatly reduces

overshoot and oscillations. Thus, impedance does improve the perturbation response,

but its effects are not noticeable until later in the response when neural feedback is

also active.

A limitation of our model is that we do not include short-range muscle stiffness

(Joyce et al., 1969; Morgan, 1977; Rack and Westbury, 1974) and thus, may under-

estimate the effects of mechanical impedance. We chose not to include short-range

stiffness for two reasons. First, the perturbation torque stretches the elbow extensors

and flexors beyond the short-range, so the majority of the response does not have ac-

tive short-range stiffness (Crevecoeur and Scott, 2014). Second, we observe the same

benefits of increasing background muscle activity through co-contraction during the

tracking task when short-range stiffness is not present.
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Of particular note is that rapid corrective responses are generated without over-

shoot even at the lowest level of co-contraction (equivalent to 1 Nm in each muscle

group). In contrast, activating a single muscle group more than double that amount

leads to poorer performance. Thus, it is not the total amount of muscle activity (and

thus change in limb impedance) that is the key factor when co-contracting, but the

fact that both muscle groups are simultaneously pre-activated before the disturbance.

Further, the performance improvements observed at this low level of muscle activity

show that the benefits of co-contraction can be attained with a low metabolic penalty.

The patterns of muscle activity during the corrective response highlight that im-

proved performance from co-contraction is principally due to both stretched and

shortened muscles being actively involved in the response. In contrast, when only

one muscle group is pre-activated prior to the disturbance (the agonist), the partic-

ipation of the antagonist in the correction is minimal. This failure to engage the

antagonist appears to reflect a default pattern of reciprocal excitation-inhibition of

agonist-antagonist muscles. That is, during voluntary motor actions excitation of one

muscle group is combined with inhibition of its antagonist muscle group. A key com-

ponent of this process is likely the Ia inhibitory interneurons in the spinal cord that

are part of the disynaptic reciprocal inhibition pathway (Jankowska, 1992; Baldissera

et al., 2011). When one muscle group is actively recruited during motor actions, these

interneurons also receive descending input and synapse onto and inhibit motoneurons

of the antagonist muscle group (Crone and Nielsen, 1994; Hultborn et al., 1976; Lund-

berg and Voorhoeve, 1962; Tanaka, 1974). In addition, the stretch response of muscle

afferents in the antagonist may also be diminished when it is actively inhibited, due
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to alpha-gamma coactivation (Vallbo, 1974). While the ongoing inhibition of the an-

tagonist appears to be sufficiently strong so that control is limited almost entirely to

the agonist, it is unclear if the effects of Ia inhibitory interneurons and alpha-gamma

co-activation alone are strong enough to cause inhibition of this magnitude. Further

work is required to determine what other physiological mechanisms may contribute

to the ongoing antagonist inhibition. Performance further degrades at lower levels of

agonist pre-activation because muscle activity decreases to zero in the active muscle.

Co-contraction appears to create a fundamental change in spinal circuitry during

motor actions. Earlier work found that reciprocal inhibition was significantly reduced

at low levels of co-contraction, and the amount of reduction did not increase at higher

levels of co-contraction (Nielsen and Kagamihara, 1992). A key finding was that the

reduced reciprocal inhibition could not be explained by the sum of the effects of

activating each muscle individually. It was concluded that during co-contraction the

Ia inhibitory interneurons were functionally uncoupled from the corresponding motor

neurons (Crone and Nielsen, 1994; Nielsen and Kagamihara, 1992). This uncoupling

could be due to reduced descending drive onto Ia inhibitory interneurons, or the

influence of presynaptic inhibition of Ia afferents or Renshaw cell activity onto Ia

inhibitory interneurons (Crone and Nielsen, 1994; Hultborn et al., 1971; Nielsen and

Kagamihara, 1993). An additional finding of this earlier work was that the depression

of reciprocal inhibition occurred when blocking peripheral feedback to the spinal cord

(through induced ischemia) and at the very beginning of dynamic co-contraction

(before sensory feedback from the contracting muscles had reached the spinal cord).

This indicated that the decoupling of the Ia inhibitory interneurons was the result

of a central mechanism specific to co-contraction (Nielsen and Kagamihara, 1992).
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Further, another study showed that corticomotoneuronal cells with no inhibitory

projections onto antagonist motor neurons were more likely to be active during co-

contraction than those with inhibitory projections (Crone and Nielsen, 1994; Fetz and

Cheney, 1987). In combination, these findings indicate that a distinct motor strategy

and state of spinal inhibitory circuitry are used when co-contracting to enable both

agonist-antagonist muscles to participate in feedback responses, and correspondingly,

improve performance. Importantly, the fact that both agonist-antagonist muscles are

used when co-contracting in our tracking task highlights that this is not a simple

strategy invoked only for stationary postural control, but a strategy that can also

improve performance during movement (at least at the slow speed of our tracking

task).

While the hypothesis above focuses on the influence of spinal processes on the

neural basis of control, the extent to which supraspinal processes are actively involved

during these feedback corrections is unclear. Previous work has highlighted that

transcortical feedback pathways are engaged 50-60 ms after a perturbation is applied

and contribute to feedback responses (Matthews, 1991; Scott, 2016). These studies

commonly use step torque loads which necessitate a change in the overall level of

muscle activity to counter the applied load. In contrast, the present study uses a 50

ms transient load. Transient loads initiate the same feedback corrective responses as

step loads, but lead to a substantial cessation of the feedback response 30 ms after the

load is removed (Kurtzer et al., 2010). This suggests a spinal process can abruptly

stop ongoing feedback corrections. Additional work is required to understand the

relative contributions of spinal and supraspinal processes during co-contraction.
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In short, we show that co-contraction improves corrective responses during pos-

tural and tracking tasks. While increasing mechanical impedance does improve the

perturbation response, the primary benefit of co-contraction is the use of both agonist-

antagonist muscles for feedback control. Our results, in combination with previous

work, suggest that this dual agonist-antagonist control strategy is the result of a

distinct state change in the motor system triggered by co-contraction. Importantly,

the benefits of co-contraction are realized at relatively low levels of muscle activity,

yielding performance improvements with a low metabolic penalty.
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Chapter 3

The effects of co-contraction on perturbation

response in the upper and lower limbs

3.1 Introduction

Co-contracting agonist-antagonist muscles is a common strategy when performing

difficult or unstable motor tasks. For example, we co-contract the muscles in our

leg when walking on a slippery surface (Chambers and Cham, 2007) or maintaining

balance on a narrow beam (Llewellyn et al., 1990). Previous work has also shown

that co-contraction increases when performing reaching and postural tasks in novel

or unstable environments (Akazawa et al., 1983; De Serres and Milner, 1991; Franklin

et al., 2003; Hogan, 1984; Milner, 2002). Additionally, we have recently shown that co-

contraction improves performance of upper limb postural control an endpoint tracking

tasks subject to physical perturbations (Chapter 2). The use of co-contraction in these

situations indicates that it is beneficial when dealing with instability and unexpected

disturbances.

Co-contraction is thought to improve stability by directly increasing the intrin-

sic impedance (stiffness and damping) of muscle to generate instantaneous restoring
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forces in response to a perturbation (Loeb et al., 1999). However, our recent work

challenged the importance of these instantaneous forces to the generation of rapid cor-

rective actions (Chapter 2). We showed that increasing intrinsic muscle impedance

did not have an appreciable effect on initial limb motion following a perturbation.

Rather, impedance could only influence limb motion over a longer time period when

neural feedback was also active. Further, the primary benefit of co-contraction was

shown to be the ability of the motor system to use dual control of agonist-antagonist

muscles to correct the perturbation, not increased mechanical impedance of the limb.

Co-contraction is a characteristic of musculoskeletal pathologies such as knee os-

teoarthritis. Patients with knee osteoarthritis co-contract agonist-antagonist muscles

in the leg during gait (Heiden et al., 2009; Hubley-Kozey et al., 2009) which not only

increases the metabolic cost of movement but also increases cartilage contact loads.

This is counterintuitive as excessive or abnormal loading of the knee joint has been

implicated in the pathogenesis of the disease (Andriacchi and Mündermann, 2006;

Felson, 2013; Saxby and Lloyd, 2017). It is possible that co-contraction is being used

to counter instability in the knee joint (Hirokawa et al., 1991) and previous work has

suggested co-contraction is used as a strategy to stabilize osteoarthritic knees (Lewek

et al., 2004, 2005).

Our previous work used an experimental paradigm that constrained the upper limb

by restricting it move only in the horizontal plane and supporting it against gravity

(Chapter 2). This simplified both the control of the arm and the interpretation of

motor behavior. These constraints are not typical of most motor tasks and it is

unclear if our findings translate to improved control during common tasks subject

to instability, such as those involving the use of tools (Rancourt and Hogan, 2001).
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Additionally, the extension of our findings to the lower limb is not obvious, which

questions the applicability of our findings to pathologies such as knee osteoarthritis.

The purpose of the present study is to show that our previous characterization

of the effects of co-contraction on motor function generalizes to a range of motor

tasks. We do this by testing whether co-contraction improves performance of an

upper limb postural perturbation task similar to tool use in which the upper limb is

not constrained, and a lower limb postural perturbation task. We also test whether

dual control of agonist-antagonist muscles is used in these tasks when co-contracting.

These extensions are a critical step forward to further our understanding of the role

of co-contraction in common tasks and in pathology.

3.2 Methods

Two experiments were performed using a KINARM End-Point robot (BKIN Tech-

nologies Inc., Kingston, Ontario, Canada). Participants had no known neurological

or musculoskeletal conditions, no upper limb (Experiment 1) or lower limb (Exper-

iment 2) injuries or surgeries within the last year, and provided written informed

consent. The study was approved by the institutional ethics review board. We were

looking for large effect sizes in task success with co-contraction and chose the number

of participants based on previous experience. Statistical power and effect sizes are

presented in Appendix C.
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3.2.1 Experiment 1: Upper limb postural perturbation

Table 3.1: Experiment 1 subject demographics. Mean (SD).

Sex 6M, 4F

Handedness 8R, 2L

Age [years] 24 (2)

Height [m] 1.76 (0.10)

Weight [kg] 70.6 (9.7)

Ten participants performed the first experiment. Participants sat in a chair and

grasped the robot handle with their dominant hand. The arm was not constrained

(except for the requirement to hold the handle), nor was it supported against gravity.

Direct view of the upper limb was obstructed, and all visual feedback was provided

using the virtual reality display of the robot. Endpoint (handle) kinematics were

recorded by the robot and EMG was recorded for the biceps and triceps using surface

electrodes (Delsys Bagnoli, Delsys Inc., Natick, Massachusetts, USA). EMG record-

ings were mean centered, filtered (2-pass, 6th-order Butterworth, 20-250 Hz), rectified,

and normalized (Pruszynski et al., 2009). The key difference between this task and

our previous postural perturbation task (Chapter 2) is that in this task the arm was

unconstrained and loads were applied at the endpoint (the hand) by the handle rather

than at the elbow joint.

At the beginning of the experiment, baseline EMG trials were performed. Partici-

pants were required to hold the robot handle in a stationary target with their forearm

at 45 degrees to the anterior direction while resisting forces of -17 to 17 N applied
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perpendicular to the forearm by the handle. Muscle activity in the baseline trials was

used to normalize the EMG signals.

During the main experiment, visual feedback of the handle position was provided,

and a 1 cm radius circular target was presented. Participants were positioned so

that their forearm was oriented approximately 45 degrees to the anterior direction

while holding the handle in the target. The instructions for the task were to hold the

handle in the target and return it to the target as quickly and accurately as possible

if displaced.

Trials consisted of three stages (Figure 3.1). In the first stage, the handle was

brought to and held in the target. Visual feedback of the handle position was removed,

requiring the rest of the trial to be performed using proprioception with only the

target shown on the display. During the second stage, participants continued to hold

the handle in the target and after a random time (2-4 s) a perturbation force was

applied perpendicular to the forearm by the handle to flex or extend the elbow. The

perturbation force was a 21 N magnitude, 50 ms pulse with a 10 ms ramp up and

ramp down. This perturbation was selected through pilot testing to produce similar

hand deflections as our previous upper limb postural perturbation task (Chapter 2).

In the third stage, participants returned the handle to the target. If the handle was

returned within 500 ms of perturbation onset and remained in the target for at least

1000 ms, the trial was successful. This was the same success criteria as our previous

upper limb postural perturbation task (Chapter 2). Visual indication of success was

provided after each trial (solid green circle - successful, solid red circle - unsuccessful),

and feedback of the handle position was returned between trials.
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Figure 3.1: (a) Postural perturbation task with a background load that pre-activates
the elbow extensors or flexors. Participants must keep the handle in a stationary
target while resisting the background load. A perturbation force pulse is applied, and
participants must return the handle to the target as quickly as possible. (b) Postural
perturbation task with targeted co-contraction of the elbow flexors and extensors.
Participants must co-contract to a specified level of muscle activity using visual feed-
back while holding the handle in a stationary target. A perturbation force pulse is
applied, and participants must return the handle to the target as quickly as possible.

Three types of trials were performed by the participants. In the first type, a

background load of 3, 10, or 17 N was applied perpendicular to the forearm by

the handle. The background load acted to flex the elbow, pre-activating the elbow

extensors. Participants resisted this background load throughout the trial and the

flexion or extension perturbation force was applied in addition to the background

load. The second type of trial was identical to the first, but the background load

acted to extend the elbow, pre-activating the elbow flexors. In the first and second

type of trial the muscle group pre-activated by the background load was referred

to as the agonist (i.e. the muscle group that resisted the background torque was

called the agonist). The third type of trial was performed without a background

load and with participants co-contracting the muscles of the arm to a target level of

activity. The target levels of muscle activity were those required to resist 3, 10, or
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17 N forces during the baseline trials. Real-time visual feedback of biceps activity,

filtered using an exponential moving average, was provided as a line that moved to the

right as muscle activity increased. The participants had to hold their muscle activity

at the target level, shown as a box spanning ±20% of the target, while keeping the

handle at the target position during the first stage of the trial. EMG feedback was

removed with handle feedback after the first stage. The three trial types resulted in

three experimental loading conditions: (1) agonist stretched by the perturbation, (2)

agonist shortened by the perturbation, and (3) muscles co-contracted.

Participants performed three groups of trials, one for each trial type. Each group

consisted of one practice block of trials to adjust to the task, followed by three ex-

perimental blocks once adjusted. Each block of the background load trial types (type

one and type two) consisted of 30 trials (3 background loads x 2 perturbation direc-

tions x 5 repetitions). Each block of type three trials also consisted of 30 trials (3

co-contraction levels x 2 perturbation directions x 5 repetitions). Within each block,

the magnitude of the background load or level of co-contraction and the direction of

the perturbation were randomized between trials.

We were interested in pairwise comparisons between the co-contraction and ago-

nist stretch conditions and between the co-contraction and agonist shorten conditions.

We performed t-tests for task success rate, maximum deflection from the target, over-

shoot of the target, and return time to the target. Significance values were adjusted

for multiple comparisons using the Bonferroni method. Maximum deflection, over-

shoot, and return time are depicted in Figure 3.2.
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Figure 3.2: Exemplar handle trajectory during the upper limb postural perturbation
task. Maximum deflection is the greatest distance away from the target center that
the handle moves before reversing direction back towards the target. Overshoot is the
greatest distance the handle moves past the target center during its return. Return
time is when the handle first passes back into the target.

3.2.2 Experiment 2: Lower limb postural perturbation

Table 3.2: Experiment 2 subject demographics. Mean (SD).

Sex 8M, 5F

Dominant leg 13R, 0L

Age [years] 24 (3)

Height [m] 1.78 (0.09)

Weight [kg] 74.1 (16.4)

Foot to knee [m] 0.53 (0.03)

Thirteen participants performed the second experiment, and all participants used

their right leg to complete the task. A custom frame resembling a stationary bike with

an attached pendulum was used to interface the robot with the lower limb (Figure

3.3). Participants sat on a bike seat with the rotation axis of the pendulum aligned

with the flexion axis of the knee and the arm of the pendulum aligned with the long
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axis of the shank. The foot was attached to the pendulum using a custom shoe to

couple the movement of the pendulum and shank, and to support the leg against

gravity. The frame was adjusted so that the thigh was parallel to the ground and

the knee was at a 90 degree angle when the shank was vertical. A horizontal rod

connected the arm of the pendulum to the handle of the robot, allowing the robot

to apply forces to the pendulum. A controller was implemented to ensure the robot

handle could only move in line with the connecting rod. Visual feedback was presented

on a monitor in front of the participants. Handle position recorded by the robot was

used to compute knee joint angle, and surface EMG was recorded for 7 leg muscles:

rectus femoris (RF), vastus lateralis (VL), vastus medialis (VM), biceps femoris (BF),

semitendinosus (ST), medial gastrocnemius (MG), and lateral gastrocnemius (LG).
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Figure 3.3: The device used to connect the lower limb to the KINARM End-Point
robot. Participants sit on the bike saddle and a custom shoe is attached to the
pendulum. The device is adjusted so that the thigh is horizontal, the knee is aligned
with the pendulum axis, and the arm of the pendulum is aligned with the shin. A
horizontal rod connects the pendulum to the robot handle and feedback is provided
on a monitor in front of the device.

Participants were presented with a 1.5 cm radius target and feedback of the handle

position. When the handle was in the target, the shank was vertical, and the knee

was at 90 degrees. Trials started with the participant bringing their leg to the target
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posture. After holding in the target, visual feedback of the handle position was

removed, and the rest of the task was performed using proprioception. After a random

time (2-4 s), the robot applied a perturbation force that flexed or extended the knee.

The perturbation force was a 55 N magnitude, 50 ms pulse with a 10 ms ramp up

and ramp down, that generated a 27.5 Nm moment at the knee. This was the largest

transient load that the robot could produce and is equivalent to an ∼5.5 kg load being

applied to the foot. The goal of the task was to remain in the target posture and

return to the target posture as quickly and accurately as possible if displaced. The

task was successful if the target posture was reached within 500 ms of perturbation

onset and then maintained for at least 1000 ms. This was the same success criteria

used in our previous postural tasks and in pilot testing ensured that task success did

not exceed 75%. Visual indication of success was provided after each trial (solid green

circle - successful, solid red circle - unsuccessful), and feedback of the handle position

was returned between trials. Participants performed alternating blocks of trials with

and without active co-contraction of the leg muscles. Each block consisted of 10 trials

(5 with perturbations that flexed the knee and 5 with perturbations that extended

the knee) and participants performed one practice block and four experimental blocks

for each condition. The direction of the perturbation was randomized between trials

within each block. In this experiment, baseline trials were not used to normalize

EMG due to the limited sustained force generation capacity of the robot. Instead,

normalization was performed using the pre-perturbation muscle activity when co-

contracting.
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3.3 Results

3.3.1 Performance improves with co-contraction during an upper limb

postural perturbation task

We find a clear improvement in the performance of the upper limb postural per-

turbation task (Experiment 1) when participants co-contract as compared to when

they counter a flexion or extension background load (Figure 3.4). Task success is

50% at the lowest level of co-contraction and increases to 60% at the highest level,

although this increase is not significant (p = 0.19, paired t-test). In contrast, task

success is below 30% when the agonist is stretched or shortened, even at the highest

level of background agonist activity. All ten participants see improved performance

when co-contracting compared to stretching or shortening the agonist at all levels of

background muscle activity (p < 0.01 for all levels, paired t-tests). Participants com-

plete up to an additional 70% of the total trials successfully, with a median increase

of 40%, when co-contracting.
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Figure 3.4: (a) Task success for the upper limb postural perturbation task across
all subjects for the three experimental loading conditions: agonist stretch (trian-
gle), agonist shorten (square), and co-contraction (circle). (b) Additional trials, as a
percentage of the total trials, completed successfully when co-contracting compared
to when pre-activating only the flexors or extensors. Red dots indicate individual
subjects. Activation level indicates background muscle activity from resisting a back-
ground load or co-contracting.
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The pattern of corrective responses is different when participants co-contract com-

pared to when only the stretched or shortened muscles are pre-activated (Figure 3.5).

Deflection decreases from 7.1 cm and 8.8 cm when stretching and shortening the ago-

nist, to 6.0 cm when co-contracting at the lowest level of background muscle activity

(p < 0.01, paired t-tests). At the moderate level of background activity, deflection

decreases from 6.1 cm and 6.8 cm when stretching and shortening the agonist, to 5.5

cm when co-contracting (p < 0.01, paired t-tests). Finally, at the highest level of

background activity, deflection decreases from 5.6 cm when stretching or shortening

the agonist, to 5.0 cm when co-contracting (p = 0.0014 co-contract vs agonist stretch,

p = 0.015 co-contract vs agonist shorten, paired t-tests).
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Figure 3.5: Handle trajectories during the upper limb postural perturbation task from
all trials of all subjects. Mean trajectories are shown as bold lines and the target is
shown as a black circle. Trajectories are shown for trials with low, moderate, and high
levels of background muscle activity from resisting flexion or extension background
loads or from co-contracting. Trials with flexion perturbations are shown in blue and
extension perturbations are shown in red. Trajectories from left-handed subjects are
flipped to align with the right-handed trajectories.
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Co-contraction reduces the overshoot of the return to the target by between 0.7

cm and 1.7 cm compared to when the agonist is stretched or shortened, depending

on the level of background muscle activity (p < 0.01 for all levels, paired t-tests).

Co-contraction also reduces the return time to the target at all levels of background

activity (p = 0.019 for co-contract vs agonist shorten at low muscle activity, p < 0.01

for all others, paired t-tests). The meaning of the reduction in return time is difficult

to interpret on its own, as the first time the handle returns to the target can be before

or after an overshoot, and trials in which the handle never returned to the target are

ignored. However, in combination with the reduction in deflection and overshoot, the

reduction in return time indicates a faster corrective response when co-contracting.

The patterns of muscle activity during motor corrections are clearly different for

each of the three loading conditions (Figure 3.6). When the agonist is stretched

(Figure 3.6a), there is minimal response from the antagonist, no matter the level of

background agonist activity. The agonist responds with a burst of activity 30 ms

after perturbation onset, during the short latency epoch, that exhibits gain scaling -

the magnitude of the burst scales with background agonist activity (Bedingham and

Tatton, 1984; Pruszynski et al., 2009; Stein et al., 1995). A second and larger burst

occurs 50-60 ms after perturbation onset, during the long latency epoch (Matthews,

1991; Pruszynski and Scott, 2012).
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Figure 3.6: Activity of the triceps lateral head and biceps following mechanical per-
turbations that flex the elbow. (a) Stretched triceps pre-activated by background
load (agonist stretch). (b) Shortened biceps pre-activated by background load (ago-
nist shorten). (c) Muscles co-contracted. Increases in activity of the stretched triceps
are plotted in the positive direction and increases in activity of the shortened biceps
are plotted in the negative direction. Background muscle activity level is indicated
by line color and perturbation onset is at 0 ms (grey box). Group results (mean and
standard error) are shown.

When the agonist is shortened (Figure 3.6b), it is inhibited, and its activity drops

to a minimum at all levels of background activity. This inhibition occurs from 60 to

150 ms post-perturbation. At the highest level of background agonist activity, the

inhibition is followed by a brief increase in activation. Interestingly, the long latency

excitatory response of the stretched antagonist decreases as background agonist ac-

tivity increases, and there is no short latency response from the stretched antagonist

at any level of background agonist activity.

When co-contracting, both the stretched and shortened muscles are engaged in

the motor response (Figure 3.6c). The stretched muscle responds in the same way as

when pre-activated by a background load, but there is now an inhibition following the

long latency burst. At higher levels of co-contraction, the inhibition of the shortened

muscle has a shorter duration than when it is pre-activated by a background load
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and is followed by a sharp increase in activity that peaks 100 ms post-perturbation.

This burst likely acts to reduce overshoot in the corrective response (Hore and Vilis,

1984). Later increases in activity of the shortened muscle, beginning 150 ms post-

perturbation, are evident at all levels of co-contraction.

3.3.2 Performance improves with co-contraction during a lower limb pos-

tural perturbation task

We find a clear improvement in the performance of the lower limb postural pertur-

bation task (Experiment 2) when participants co-contract as compared to when they

do not. Task success of the group increased from 9% to 46% when co-contracting (p

= 2e-5, paired t-test). On an individual basis, one participant had their success rate

decrease from 7.5% when not co-contracting to 5% when co-contracting. The other

twelve participants successfully completed an additional 15% to 62.5% of the total

trials when co-contracting compared to when they did not co-contract.

The corrective response is clearly different when co-contracting (Figure 3.7). The

maximum angular deflection at the knee decreases from 14.5 degrees to 8.2 degrees

(p = 2.9e-7, paired t-test) and the return time decreases from 548 ms to 337 ms

(p = 6.2e-7, paired t-test) when co-contracting. Overshoot of the target posture

occurs for perturbations that extend the knee when not co-contracting and for both

perturbation directions when co-contracting. Another kinematic feature is the small

change in initial post-perturbation motion when co-contracting - there is less than a

10% decrease in knee angle 60 ms after perturbation onset, and the absolute decrease

is less than one degree.
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Figure 3.7: Knee angle with (red) and without (blue) co-contraction during the lower
limb postural perturbation task. Results for trials with perturbations that (a) extend
and (b) flex the knee are shown. Perturbation onset is at 0 ms (grey box). Group
results (mean and standard error) are shown.

The patterns of muscle activity during motor corrections are clearly different when

performing the task with and without co-contraction (Figure 3.8 and Figure 3.9).

When performing the task without co-contraction, there is a burst of activity in the

stretched muscles initiated 70-100 ms post-perturbation that ends 200-300 ms post-

perturbation depending on the muscle. The lateral and medial gastrocnemius also dis-

play a small burst in activity 50 ms post-perturbation when stretched. The shortened

muscles respond with an increase in muscle activity starting 200 ms post-perturbation

that subsides 400-500 ms post-perturbation. When shortened, the lateral and medial

gastrocnemius also display a small burst in activity 95 ms post-perturbation, and the

semitendinosus shows a small inhibition 60 ms post-perturbation.

When co-contracting, the stretched muscles respond with a larger and more rapid

burst of activity initiated 70-80 ms post-perturbation. Following the decline of this

large burst, there is a slow increase in activity from 200 to 500 ms post-perturbation.

Additionally, an earlier, but smaller, burst is evident starting 40-50 ms post-perturbation.

There is an inhibition of the shortened muscles starting 45-55 ms post-perturbation

that lasts for approximately 60 ms. This inhibition is followed by an increase in
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activity that likely acts as a braking mechanism to control the return to the target

posture (Hore and Vilis, 1984).

Figure 3.8: Activity of quadriceps (RF, VM, VL), hamstrings (BF, ST), and gastroc-
nemius (MG, LG) during the lower limb postural perturbation task when perturba-
tions extend the knee. Results are shown for trials with (red) and without (blue)
active co-contraction. Perturbation onset is at 0 ms (grey box). Kinematics plot is
the same as Figure 3.7a. Group data (mean and standard error) are shown.
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Figure 3.9: Activity of quadriceps (RF, VM, VL), hamstrings (BF, ST), and gastroc-
nemius (MG, LG) during the lower limb postural perturbation task when perturba-
tions flex the knee. Results are shown for trials with (red) and without (blue) active
co-contraction. Perturbation onset is at 0 ms (grey box). Kinematics plot is the same
as Figure 3.7b. Group data (mean and standard error) are shown.

3.4 Discussion

In the present study we show that co-contraction of agonist-antagonist muscles

improves the success of upper limb and lower limb postural control tasks subject

to random perturbations. Significant performance improvements were observed in

both tasks, demonstrating that the benefits of co-contraction generalize to a range of

upper limb tasks and extend to the lower limb. As in our previous work (Chapter 2),

co-contraction engaged dual control of agonist-antagonist muscles in the corrective

response to the disturbance.

The experimental paradigm of the upper limb task does not constrain the arm,
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except through the interaction with the robot handle. This reflects the conditions

of tool use and is an important distinction from our previous experiments that con-

strained the arm. Maximum deflection of the handle after a perturbation significantly

decreases when co-contracting which has important implications for real-world tasks,

as the use of a tool can create an unstable coupling with the environment (Rancourt

and Hogan, 2001). The instability can amplify the consequences of deviating from

the desired position or orientation, further increasing the benefits of co-contraction.

We expect that introducing an instability to the environment when performing our

task would result in greater differences in success rate, maximum deflection, return

time, and target overshoot when co-contracting.

Handle trajectories reflect the combined motion of the shoulder, elbow, and wrist

joints. From the posture of the upper limb we know that the perturbations act to

either flex or extend the elbow, but we cannot directly relate handle displacement

to elbow angular displacement. This makes it difficult to comment on the effects of

intrinsic muscle properties at the joint level. Instead we consider the effective endpoint

impedance, which aggregates the effects of muscle impedance at the shoulder, elbow,

and wrist. Increasing impedance through background loading or co-contracting has

almost no effect on the initial post-perturbation movement of the handle. Handle

deflection 60 ms post-perturbation decreased by 1.1 mm (6%) or less at the highest

level of background muscle activity compared to the lowest level. This supports our

previous finding that instantaneous mechanical forces have a negligible effect on initial

motion and that impedance does not influence the response until a later period when

neural feedback is also active.

The patterns of muscle activity during the corrective response highlight that when
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co-contracting both stretched and shortened muscles are actively involved in the re-

sponse, but when only one muscle group is pre-activated prior to the disturbance

(the agonist), there is limited involvement of the antagonist. When the agonist is

stretched by the perturbation, the shortened antagonist is unable to respond with

inhibition because it is already at a minimum level of activity. When the agonist is

shortened, the response of the stretched antagonist is attenuated. This behavior is

consistent with the hypothesis that ongoing reciprocal inhibition via Ia inhibitory in-

terneurons limits the recruitment of the antagonist (Chapter 2). When the agonist is

actively recruited to resist the background load, Ia inhibitory interneurons would also

receive descending input and synapse onto and inhibit the antagonist motor neurons,

attenuating their stretch response (Crone and Nielsen, 1994; Hultborn et al., 1976;

Lundberg and Voorhoeve, 1962; Tanaka, 1974). Additionally, the active inhibition

of the antagonist would likely diminish the stretch response of its muscle afferents

through alpha-gamma co-activation (Vallbo, 1974).

It is interesting that the amount of attenuation of the response of the stretched

antagonist increases with greater background agonist activity. The cause of this be-

havior is unclear. It may be the case that there is less ongoing antagonist inhibition

when the arm is less constrained, but that the inhibition increases with the magni-

tude of the background load. However, previous work found that increasing tonic

agonist contraction did not further inhibit the H-reflex of the antagonist (Nielsen and

Kagamihara, 1992). Perhaps then it is increased inhibition of the muscle afferents

through alpha-gamma co-activation (Vallbo, 1974) that results in increased attenu-

ation of the antagonist stretch response. No matter the mechanism, it is clear that

pre-activating a single muscle group results in a control strategy that preferentially
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engages the agonist muscles.

The use of both stretched and shortened muscles when co-contracting is consistent

with our previous findings, further supporting the hypothesis that a distinct motor

strategy is engaged during co-contraction to enable dual control of agonist-antagonist

muscles. This dual control strategy can generate rapid feedback responses no mat-

ter the perturbation direction. Additionally, greater net responses are generated by

combining the excitation of the stretched muscles and the inhibition of the shortened

muscles. The benefits of this control strategy compared to control with a single mus-

cle group are evident in the success of the postural perturbation task and may explain

why we co-contract in tasks that lend themselves to preferential activation of a single

muscle group (Rancourt and Hogan, 2001), such as when applying downward force to

cut an apple. It would be interesting to examine the effects of co-contracting during

trials with background loads in future experiments.

The results of the lower limb perturbation task show that the benefits of co-

contraction for performance extend beyond the upper limb. Further, many features of

the upper limb perturbation response also occur in the lower limb. Specifically, both

maximum deflection and return time decrease when co-contracting, and increasing

mechanical impedance has a negligible effect on initial post-perturbation motion.

Most importantly, we demonstrate that dual agonist-antagonist control is used when

co-contracting.

Lower limb muscle activity follows the same pattern as upper limb muscles when

co-contracting. Stretched muscles respond with the expected short latency and long

latency bursts of activity, but the bursts occur later in the lower limb than in the

upper limb (Grey et al., 2001; Toft et al., 1989). Similarly, the shortened muscles
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respond with the expected inhibition. When not co-contracting, the magnitude of

the long latency burst of the stretched muscles decreases and they no longer generate

a short latency burst. Further, inhibition cannot occur in the shortened muscles and

is replaced by a small increase in activity later in the response (except for the semi-

tendinosus, which still shows a small inhibition due to slightly elevated background

activity). As a result, the initial corrective response is limited to only the stretched

muscles.

It is interesting to note that while co-contracting reduces maximum deflection and

return time in the lower limb, it does not eliminate overshoot as was observed in our

previous upper limb experiment (Chapter 2). This discrepancy may be explained by

differences in proprioception between the two limbs, as the corrective actions were

performed without visual feedback of the limb or endpoint position. In general, the

hands are more dexterous than the feet and many common tasks require more complex

co-ordination of the upper limb than the lower limb. Additionally, many behaviorally

rich actions can be performed by the hands without visual feedback. Thus, it is

a reasonable assumption that participants can better estimate their hand position

without visual feedback than their lower limb posture. Alternatively, differences in

the dynamics of the tasks such as the greater inertia of the lower limb, differences

in musculotendon unit properties, and the effects of gravity may contribute to this

difference in behavior.

The consistency of the results of the current study with those of our previous

experiments demonstrate the robustness of the effects of co-contraction on motor be-

havior. The primary benefit of co-contraction is the use of dual agonist-antagonist

control to generate more effective corrective responses to perturbations. In contrast,
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when not co-contracting, control is largely limited to a single muscle group and per-

formance is worse. Additionally, we confirm that instantaneous forces generated by

intrinsic muscle impedance have a negligible effect on initial post-perturbation mo-

tion. In demonstrating that these properties of co-contraction generalize to a broader

spectrum of motor behavior, we take a step forward in better understanding the use

of co-contraction in common tasks and in pathology.
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Chapter 4

Optimal feedback control model used to study the

effects of co-contraction

4.1 Introduction

Environmental factors complicate motor control by introducing uncertainty, in-

stability, and disturbances to a task. For example, when walking a dog, we may be

perturbed by an unexpected pull on the leash (Franklin and Wolpert, 2011) and when

using a handheld tool, the application of force can create an unstable mechanical cou-

pling (Rancourt and Hogan, 2001). Co-contraction of agonist-antagonist muscles is

a common strategy when performing difficult or unstable motor tasks. The bene-

fit of co-contraction is thought to be increased mechanical impedance (stiffness and

damping) that generates instantaneous restoring forces to counter the displacement

of a limb or joint (Loeb et al., 1999). However, this explanation ignores contributions

from neural feedback to corrective actions (Crevecoeur and Scott, 2014).

In previous work (Chapter 2), we examined the roles of both mechanical impedance

and neural feedback in the perturbation response of the upper limb. We found that

the effects of mechanical impedance were not noticeable until later in the response
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when neural feedback was also active. We showed that the performance improvements

observed when co-contracting were primarily attributed to neural feedback and not

impedance. When co-contracting, both stretched and shortened muscles were used

to control the limb and counter the perturbation. We demonstrated how the coordi-

nated response of these agonist-antagonist muscles improved control of the limb using

an optimal feedback control model.

Optimal feedback control is a powerful framework for interpreting motor behavior

(Scott, 2002, 2004; Todorov and Jordan, 2002; Todorov, 2004). It uses state estima-

tion to overcome delays in sensory feedback and generate rapid corrective responses to

perturbations. Simulations with optimal feedback controllers have generated physi-

cally consistent behavior during reaching and postural control tasks (Crevecoeur and

Scott, 2014; Liu and Todorov, 2007; Nashed et al., 2012, 2014) and experimental

work has shown that behavior reflecting optimal feedback control occurs not only

during voluntary control but also during the long latency response to a perturbation

(Crevecoeur and Scott, 2013; Pruszynski and Scott, 2012).

The solution to an optimal control problem is a well-defined state feedback control

law only if the system dynamics are linear and the objective function is quadratic.

Thus, studying the motor system within the framework of optimal feedback con-

trol requires a simplified linear representation of musculoskeletal and neuromuscular

dynamics. Despite this limitation, optimal feedback control has provided powerful

insights into motor behavior (Nashed et al., 2012, 2014; Crevecoeur and Scott, 2013).

In this study, we investigate the limitations of optimal feedback control in the

context of modeling co-contraction. First we show that the benefits of the dual

agonist-antagonist control strategy demonstrated by by the optimal feedback control
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model used in our previous work (Chapter 2) are robust to the parameters of the model

through a sensitivity analysis. Second, we provide explanations for shortcomings of

the model and implement simple models of motor behaviors such as gain scaling and

alpha-gamma co-activation to demonstrate that they can be included in the existing

optimal feedback control framework. We also discuss alternative modeling strategies

that may enable more complex representations of the motor system in future work.

4.2 Methods

We modeled the forearm and hand as a rigid segment with a pin joint at one end

and inertia I. The mechanical impedance of muscle was approximated using linear

stiffness (K) and damping (G) elements at the joint. Opposing torque actuators rep-

resented the net action of the elbow flexors (Tflx) and extensors (Text). In simulations,

the actuators could only produce positive torques, reflecting the fact that muscles can

only produce tensile force. The response of the actuators to control input (uflx and

uext) followed first order activation dynamics. A perturbation torque (Tpert) was also

included. Equation 4.1 defines the equation of motion of the model, Equations 4.2

and 4.3 define the first order activation dynamics of the actuators, and Equation 4.4

defines the perturbation torque as a step input.

Iθ̈ = −Kθ −Gθ̇ + Tflx − Text + Tpert (4.1)

Ṫflx =
uflx − Tflx

τ
(4.2)

Ṫext =
uext − Text

τ
(4.3)

Ṫpert = 0 (4.4)
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The model dynamics were discretized using an Euler method and a 10 ms time

step. The discretized dynamics are defined in Equations 4.5 through 4.7. Note the

addition of zero mean Gaussian noise (ξ) to the state transition that affected only

the applied torques.

xt+1 = Axt +But + ξt (4.5)

x =
[
θ θ̇ Tflx Text Tpert

]T
(4.6)

u = [uflx uext]
T (4.7)

To account for feedback delays of h time steps, the discretized system was aug-

mented to include state information from h previous time steps in Equations 4.8

through 4.12.

zt+1 = Āzt + B̄ut + ξ̄t (4.8)

zt = [xt xt−1 · · · xt−h]T (4.9)

Ā =



A 0 0 · · · 0 0

I 0 0 · · · 0 0

0 I 0 · · · 0 0

...
...

...
...

...
...

0 0 0 · · · I 0


(4.10)

B̄ = [B 0 · · · 0]T (4.11)

ξ̄t = [ξt 0 · · · 0]T (4.12)
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Delayed feedback was obtained from the augmented state as described in Equa-

tions 4.13 and 4.14, which simply define the feedback as the most delayed state (xt−h)

plus additive zero mean Gaussian noise (ω).

yt = Hzt + ωt (4.13)

H = [0 · · · 0 I] (4.14)

Linear-Quadratic-Gaussian (LQG) control was used to derive an optimal feedback

controller and optimal state estimator for the model. The controller feedback gains

(L) were linear in the system state and the state estimator (K) was a Kalman filter.

The feedback gains (L) were computed backwards in time:

Lt =
(
R + B̄T

t St+1B̄t

)−1
B̄T
t St+1Āt (4.15)

St = Qt + ĀTt St+1

(
Āt − B̄tLt

)
(4.16)

and the Kalman gains (K) were computed forward in time:

Kt = ĀtΣtH
T
t

(
HtΣtH

T
t + Ωω

)−1
(4.17)

Σt+1 = Ωξ +
(
Āt −KtHt

)
ΣtĀ

T
t (4.18)

where the cost per step (J) was:

Jt = zTt Qtzt + uTt Rtut (4.19)
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Equation 4.20 defines how the control at time t was calculated from the esti-

mated state at time t. Equation 4.21 defines the update step for the estimated state,

including the addition of zero mean Gaussian noise (η).

ut = −Ltẑt (4.20)

ẑt+1 = Āẑt + B̄ut +Kt (yt −Hẑt) + ηt (4.21)

The stages of each simulation step are as follows:

1. Calculate the current estimated state.

2. Calculate the control from the current estimated state.

3. Advance the state to the next time step.

In simulations, the system was initialized to a state of x0 = [0 0 0 0 0]T and a

perturbation was applied by setting Tpert to 5 Nm for 5 time steps. Pre-activation of

muscles (through co-contraction or background loading) was simulated by increasing

the stiffness and damping of the joint and by increasing the baseline activation of

the pre-activated actuator(s). Increasing baseline activation was implemented by

allowing the pre-activated actuator to generate negative torques with magnitude up

to the level of pre-activation. A single actuator was pre-activated in the background

loading case and both actuators were pre-activated in the co-contraction case. In

the background loading case, the actuator that was not pre-activated was shut off

by setting its control input to zero, reflecting the limited response of the unloaded

muscle group (Chapter 2).

The system inertia was estimated as I = 0.11 kg m2 based on average human
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anthropometry and the robot linkage inertia (Crevecoeur and Scott, 2014; Winter,

2004). The time constant of the actuator dynamics was τ = 66 ms (Brown et al.,

1999; Crevecoeur and Scott, 2014). Stiffness and damping were derived from the force-

length and force-velocity relationships of muscle (Brown et al., 1999; Scott et al., 1996)

using properties of the elbow flexors and extensors taken from literature (Crevecoeur

and Scott, 2014) and assuming an inelastic tendon (see Appendix D for details of

the derivation). The stiffness and damping values used for different levels of mus-

cle activity are presented in Table 4.1 and are consistent with those used previously

(Crevecoeur and Scott, 2014). Feedback was delayed by 5 time steps (h = 5), so that

the controller would respond to the perturbation with a latency of 50 ms correspond-

ing to long latency sensorimotor delays (Crevecoeur and Scott, 2014; Scott, 2012;

Nashed et al., 2012). The variance of the Gaussian noise parameters (ξ = 1e − 2;

ω, η = 1e− 6) were standard values chosen to generate variability in the simulations

that was in general agreement with experimental results (Nashed et al., 2012). The

Gaussian noise was additive and was not signal dependent - the variance did not scale

with the magnitude of the control signal.

Table 4.1: Stiffness and damping constants used in simulation.

Activity Level Stiffness (K) Damping (G)

Nm equivalent Nm/rad Nms/rad

1 0.72 0.13

3 1.93 0.31

5 3.15 0.48
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The cost minimized by the LQG controller is given in Equation 4.22. The cost

prioritized minimizing position errors and the weighting parameters were adjusted to

achieve return times of ∼500 ms (w1 = 0.01, w2 = 1e− 5, r = 1e− 4).

J =
N∑
t=0

w1θ
2
t + w2θ̇

2
t + rtu

2
flxt

+ rtu
2
extt (4.22)

4.3 Results and Discussion

4.3.1 Sensitivity of model behavior to physical parameters

A critical finding of our previous work (Chapter 2) was that co-contraction im-

proved the response to a perturbation during upper limb postural control by engaging

both the stretched and shortened muscles in the motor response. In contrast, when

pre-activating a single muscle group with a background load, only the pre-activated

group was engaged in the motor response. The key kinematic difference when co-

contracting was the elimination of overshoot and oscillations in the response of the

limb. This behavioral difference was confirmed by our model. In this study we assess

the robustness of this behavior in our model by performing a sensitivity analysis.

We consider the effects of changing the magnitude of the perturbation by perform-

ing simulations with torque pulses ranging from 2.5 Nm to 10 Nm. All simulations use

stiffness and damping coefficients computed for the 3 Nm load equivalent (Methods).

Increasing the perturbation magnitude increases the maximum deflection whether

one or both actuators are pre-activated (Figure 4.1a-c). When a single actuator is

pre-activated, increasing the magnitude of the perturbation also increases overshoot

(Figure 4.1ab), whereas, when both actuators are preactivated, the overshoot is nearly

eliminated at all perturbation magnitudes (Figure 4.1c).
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a b c

d e f

Figure 4.1: Model response to perturbations of different magnitudes. Change in elbow
angle (top row) and actuator activation (bottom row) during simulations when only
one actuator is pre-activated and stretched (left), or shortened (middle) by the per-
turbation, and when both actuators are pre-activated (right). Increases in activation
of the stretched actuator are plotted in the positive direction and increases in acti-
vation of the shortened actuator are plotted in the negative direction. Perturbation
onset is at 0 ms. Mean and standard deviation of 20 simulations are shown.

We use a factorial analysis to assess the effects of changing the system inertia (I),

stiffness (K), and damping (G) (Figures 4.3 and 4.4). We consider inertia (0.055,

0.11, and 0.165 kg m2) that spans ±50% of the estimated inertia of the forearm and

robot linkage and use stiffness (0, 1.18, 2.36, 3.54, and 4.74 Nm/rad) and damping

(0, 0.18, 0.36, 0.54, and 0.72 Nms/rad) coefficients up to +50% of the coefficients

computed for the highest level of muscle activity. All three parameters are varied

independently, resulting in 75 parameter combinations.
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Figure 4.2: Colormap indicating stiffness and damping parameters in the factorial
analysis simulations. The red component increases with stiffness (K) and the blue
component increases with damping (G).
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a

b

c

Figure 4.3: Change in elbow angle during simulations when only one actuator is
pre-activated and stretched (left), or shortened (middle) by the perturbation, and
when both actuators are pre-activated (right). Traces for each of the 25 stiffness
and damping coefficient combinations at each of the inertia values in the factorial
analysis are shown in (a-c). (a) I = 0.055 kg m2. (b) I = 0.11 kg m2. (c) I = 0.165
kg m2. Line color indicates stiffness and damping coefficients as described in Figure
4.2. Perturbation onset is at 0 ms. Mean results of 20 simulations are shown without
standard deviation for clarity.
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a

b

c

Figure 4.4: Actuator activation during simulations when only one actuator is pre-
activated and stretched (left), or shortened (middle) by the perturbation, and when
both actuators are pre-activated (right). Traces for each of the 25 stiffness and damp-
ing coefficient combinations at each of the inertia values in the factorial analysis are
shown in (a-c). (a) I = 0.055 kg m2. (b) I = 0.11 kg m2. (c) I = 0.165 kg m2.
Increases in activation of the stretched actuator are plotted in the positive direction
and increases in activation of the shortened actuator are plotted in the negative di-
rection. Line color indicates stiffness and damping coefficients as described in Figure
4.2. Perturbation onset is at 0 ms. Mean results of 20 simulations are shown without
standard deviation for clarity.
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Maximum deflection and overshoot decrease as inertia increases in all three sim-

ulation conditions (Figure 4.3). High damping with low stiffness (blue lines) reduces

overshoot when a single actuator is pre-activated and stretched and can completely

eliminate overshoot when a single actuator is pre-activated and shortened. In con-

trast, high stiffness with low impedance (red lines) increases overshoot in both cases.

The fastest responses occur when both stiffness and impedance are high (pink lines)

and the slowest responses occur when both are low (dark lines). The patterns of the

actuator responses are the same for all parameter combinations; however the bursts

of activity in the stretched actuator decrease as stiffness and damping increase (Fig-

ure 4.4). The critical result of these simulations is that when both actuators are

pre-activated there is little to no overshoot, no matter the parameter combination

(Figure 4.3 right column). This demonstrates that the benefits of having both actu-

ators pre-activated and engaged in the corrective response are robust to the physical

parameters of our model.

4.3.2 Reduced actuator activity at higher baseline levels

In our previous work (Chapter 2), we noted a key difference between the behavior

of the model and the experimental results when co-contracting, related to the mag-

nitude of the stretch response of the muscles/actuators. In the experimental data,

increasing the level of co-contraction increased the magnitude of the burst of activity

in the stretched muscles. In contrast, increasing the level of co-contraction decreased

the magnitude of the burst in the simulations. Here we provide a more detailed ex-

planation for this discrepancy, and later show how including a simple model of gain

scaling changes the behavior of the simulations.
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Figure 4.5: (a) Change in elbow angle and (b) actuator activation following a sim-
ulated mechanical perturbation with both actuators pre-activated. Increases in ac-
tivation of the stretched actuator are plotted in the positive direction and increases
in activation of the shortened actuator are plotted in the negative direction. Line
color represents the equivalent background load level used to set baseline activity and
impedance at the different levels of co-contraction. Perturbation onset is at 0 ms.
Mean and standard deviation of 20 simulations are shown. (c) Magnitude of feedback
gains applied to the elbow angle (circle), angular velocity (square), and perturbation
torque (triangle) at each level of co-contraction.

The perturbation response shows that the magnitude of the excitation of the

stretched actuator decreases at higher levels of co-contraction (Figure 4.5b). The

explanation for this is twofold. First, at higher levels of co-contraction the mechan-

ical stiffness and damping increase. The controller takes advantage of the increased

mechanical impedance and reduces the feedback gains to decrease the magnitude of

the control signals (Figure 4.5c). Second, the increased impedance generates greater

mechanical restoring torques, decreasing the passive deflection of the system when

perturbed. Thus, there are smaller angular position and velocity errors, further re-

ducing the magnitude of the corrective control signals.
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4.3.3 Model of inhibited afferent feedback and ongoing motor neuron

inhibition

In our earlier work (Chapter 2), we presented possible physiological mechanisms

for the lack of response in the unloaded muscles. These included inhibition of afferent

feedback from alpha gamma co-activation as well as ongoing inhibition of alpha motor

neurons of the unloaded muscles. We did not include these mechanisms in our model,

instead we simply shut off the unloaded actuator to match the experimental behavior.

Here we perform simulations with simplified implementations of these mechanisms.

We simulate the effects of afferent feedback inhibition by scaling down the position,

velocity, and perturbation torque feedback provided to the unloaded actuator, in

proportion with the baseline activity level of the pre-activated actuator (Figure 4.6).

In all simulations, the kinematics and the response of the pre-activated actuator

are similar to when the unloaded actuator is simply shut off (Chapter 2, Figure

2.7). When the stretched actuator is pre-activated, there is a small excitation of the

unloaded and shortened actuator that is in response to the burst of activity in the

stretched actuator (Figure 4.6b).

When the shortened actuator is pre-activated, there is an excitation of the un-

loaded and stretched actuator in response to the perturbation (Figure 4.6d). The

largest burst occurs at the lowest level of pre-activation and the magnitude of the

burst decreases to nearly zero at the highest level of pre-activation. This behavior is

consistent with our experimental results for a less constrained upper limb postural per-

turbation task (Chapter 3), where the response of the unloaded and stretched muscles

decreased as the background load on the shortened muscles increased. Additionally,

there was a decrease in maximum deflection at the lowest level of pre-activation.
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Figure 4.6: Background loading simulations with inhibited feedback given to the
unloaded actuator. (a) Change in elbow angle and (b) actuator activation follow-
ing mechanical perturbations that stretched the pre-activated actuator. (c) Change
in elbow angle and (d) actuator activation following mechanical perturbations that
shortened the pre-activated actuator. Increases in activation of the stretched actua-
tor are plotted in the positive direction and increases in activation of the shortened
actuator are plotted in the negative direction. Line color represents the background
load level used to set baseline activity and impedance. Perturbation onset is at 0 ms.
Mean and standard deviation of 20 simulations are shown.

We simulate ongoing inhibition of alpha motor neurons by only applying the ac-

tivation of the unloaded actuator above a threshold value. This threshold value is

proportional to the baseline activity level of the pre-activated actuator (Figure 4.7). In

all simulations, the kinematics of the response and the response of the pre-activated

actuator are similar to when the unloaded actuator is simply shut off (Chapter 2,

Figure 2.7). When the stretched actuator is pre-activated, the shortened actuator re-

mains off throughout the simulation as it is already at a minimum level of activity and

cannot decrease further (Figure 4.7b). When the shortened actuator is pre-activated,

the stretched actuator responds with a burst of activity to counter the perturbation.

This burst is largest at the lowest level of pre-activation and decreases as the level

of pre-activation increases (Figure 4.7d). Maximum deflection also decreases at the

lowest level of pre-activation.
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Figure 4.7: Background loading simulations with ongoing inhibition of the unloaded
actuator. (a) Change in elbow angle and (b) actuator activation following mechanical
perturbations that stretch the pre-activated actuator. (c) Change in elbow angle
and (d) actuator activation following mechanical perturbations that shorten the pre-
activated actuator. Increases in activation of the stretched actuator are plotted in the
positive direction and increases in activation of the shortened actuator are plotted in
the negative direction. Line color represents the background load level used to set
baseline activity and impedance. Perturbation onset is at 0 ms. Mean and standard
deviation of 20 simulations are shown.

4.3.4 Model of gain scaling

As previously noted, one of the shortcomings of our model is the decrease in

the magnitude of the burst of activity in the stretched actuator at higher levels of

pre-activation that is opposite to the behavior observed experimentally. Here, we

attempt to better capture this behavior within our model. First, we use the feedback

gains computed for the model with the lowest stiffness and damping coefficients for

the simulations at all levels of co-contraction. This ensures that the feedback gains

do not decrease at higher activation levels. Second, we include a model of the short

latency spinal stretch reflex in the dynamics of our model. The state transition matrix

is modified to include feedback gains acting on the position, velocity, and perturbation

torque of the 20 ms delayed state that add to the activation of the stretched actuator
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(this delay corresponds to the short latency spinal stretch reflex). The gains are

proportional to the activation level of the actuator.

Figure 4.8: Co-contraction simulations with short latency gain scaling in the model
dynamics. (a) Change in elbow angle and (b) actuator activation following a mechan-
ical perturbation. Increases in activation of the stretched actuator are plotted in the
positive direction and increases in activation of the shortened actuator are plotted
in the negative direction. Line color represents the equivalent background load level
used to set baseline activity and impedance for the different levels of co-contraction.
Perturbation onset is at 0 ms. Mean and standard deviation of 20 simulations are
shown.

Applying these modifications to the model results in a small decrease in the max-

imum deflection at higher baseline activations compared to simulations without gain

scaling (Figure 4.8a vs Figure 4.5a). Additionally, at the highest baseline activa-

tion there is an overshoot of the target when gain scaling is included. There are

also differences in the response of the stretched actuator (Figure 4.8b). We were

unable to replicate the scaling of the stretch response at higher activity levels, but

we did limit its decrease. Also, there is a short latency response from 20 to 60 ms

post-perturbation that does not exist when there is no spinal stretch reflex included

in the model. The magnitude of this short latency response increases with baseline
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activation level.

4.4 Conclusions

The purpose of this work was to investigate the behavior of the optimal feedback

control model we have previously used to study the effects of co-contraction and

background loading on the perturbation response of the upper limb. The key finding

of our previous work was that co-contraction improved the corrective response by

enabling both the stretched and shortened muscles to contribute to control. We

verified the benefits of this dual agonist-antagonist control strategy using our model.

In the present work we demonstrate the robustness of our model by showing that

over a range of limb inertial properties and joint stiffness and damping parameters,

as well as for a range of perturbation magnitudes, the dual agonist-antagonist control

strategy eliminates or reduces overshoot in the corrective response.

In this investigation we add features to our model and simulations that aim to

capture aspects of motor behavior not reflected in our original model. Spinal gain

scaling is included in the model dynamics and generates excitation of the stretched

actuator at short latency that scales with baseline actuator activity. However, the

scaling of the actuator response disappears once feedback is available to the controller.

The controller compensates for and cancels out the stretch reflex, likely to eliminate

unstable behavior from reflex action based on a delayed state. Previous experimental

work has also indicated that gain scaling decreases over time, beginning in the long

latency response (Pruszynski et al., 2009).

Other mechanisms we added to our model were inhibition of afferent feedback and
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ongoing inhibition of the unloaded actuator. These mechanisms are simple approxi-

mations of the effects of alpha-gamma co-activation and ongoing alpha motor neuron

inhibition. We included these mechanisms as a validation that our earlier approach

of shutting off the unloaded actuator when simulating background loading did not

affect the conclusions drawn from the model. We also wanted to demonstrate that

more complex physiological behavior can be simplified and included in an optimal

feedback control model. That said, these mechanisms and our addition of the spinal

stretch reflex are not rigorous models of the physiology they represent.

It should be noted that although we simulated possible mechanisms, without

further experimental data, it remains unclear what causes the reduced response of

the unloaded muscles observed in our previous experiments (Chapters 2 and 3). This

behavior appears contradictory to evidence that continuous state feedback is used

during the long latency response to generate coordinated motor actions (Crevecoeur

and Kurtzer, 2018), because such a strategy should engage both muscle groups in the

motor response. Previous work has shown that spinal processes can abruptly stop

ongoing feedback corrections (Kurtzer et al., 2010) and perhaps it is the interaction

of spinal and supraspinal processes that leads to the reduced response. Further work

is required to identify the physiological mechanisms resulting in this behavior.

As previously mentioned, the greatest limitation of LQG control is the require-

ment of linear system dynamics. This results in simplification of neuromuscular and

musculoskeletal dynamics. Previous work has extended the framework to include sig-

nal dependent noise and to capture some non-linear properties through iterative lin-

earization (Crevecoeur et al., 2011; Li and Todorov, 2007; Todorov, 2005). However,

including more sophisticated physiological mechanisms and behavior in the model
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not only adds increased non-linear complexity, it can also introduce discontinuities

through model and control constraints. For example, the positivity constraint on ac-

tuator activity creates discontinuous activation dynamics. As the model complexity

required to better understand motor behavior increases, it is likely that LQG control

will have to be replaced with alternative frameworks. Possible replacements include

the unscented Kalman filter for state estimation (Julier and Uhlmann, 1997) and us-

ing reinforcement learning techniques to develop controllers for complex non-linear

systems (Lillicrap et al., 2015; Schulman et al., 2017).

Despite the limitations of current methodology, optimal feedback control is a

powerful tool for interpreting motor behavior and simplified models can be used to

understand and demonstrate fundamental aspects of motor control, including those

pertaining to co-contraction.
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Chapter 5

Discussion

5.1 Summary

Human beings complete an array of skilled motor tasks with high success and

relative ease. Consider a common task such as using a pen and paper to write your

name. The motor system coordinates multiple degrees of freedom using a redundant

set of actuators to precisely control the position and orientation of the pen. The

interaction force between pen and paper is also controlled to apply enough pressure to

transfer the ink without tearing the page. While general control presents a significant

challenge to the motor system, tasks are often further complicated by uncertainty and

instability. For example, when cutting a piece of fruit a small error can cause a slip

of the knife blade off of the apex and when walking a dog we may be perturbed by

a sudden and unexpected pull of the leash. How does the motor system successfully

and reliably complete such challenging tasks?

Co-contraction of agonist-antagonist muscles is a common strategy when per-

forming difficult or unstable motor tasks. It is thought that the primary benefit of
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co-contraction is to directly increase the mechanical impedance (stiffness and damp-

ing) of muscle to generate greater instantaneous restoring forces when a limb or

joint is perturbed (Loeb et al., 1999). However, this explanation ignores the role

of neural feedback, particularly short latency spinal responses (∼20 ms) and long la-

tency responses that engage a transcortical pathway (∼50 ms) (Pruszynski and Scott,

2012; Crevecoeur and Scott, 2014; Matthews, 1991). A better understanding of how

co-contraction affects corrective responses will improve understanding of its use in

motor tasks and its role in pathologies such as knee osteoarthritis. In this work, I

have characterized the effects of co-contraction on mechanical and neural components

of the response to a physical perturbation.

Physical perturbations are often used to characterize corrective behavior, includ-

ing short and long latency feedback responses (Pruszynski et al., 2009; Kurtzer et al.,

2008). In Chapter 2, I performed a set of upper limb postural perturbation experi-

ments in which the level of muscle activity was systematically controlled. The muscles

stretched and shortened by the perturbation were pre-activated independently or to-

gether, enabling a comparison of the effects of mechanical impedance and neural

feedback. I showed that the primary benefit of co-contraction was the ability to

engage both the stretched and shortened muscles in the corrective response. This

indicated that co-contraction engaged a unique motor program that used rapid feed-

back corrections to improve performance. I also demonstrated the use of this dual

agonist-antagonist control strategy in an upper limb target tracking task.

The application of force with a handheld tool can create an unstable mechanical
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coupling with the environment (Rancourt and Hogan, 2001). In Chapter 3, I per-

formed a set of upper limb postural perturbation experiments that reflected condi-

tions of tool use. Once again, the level of muscle activity was systematically controlled

and I confirmed the presence and benefits of dual agonist-antagonist control when co-

contracting. These results showed that the effects of co-contraction generalized to a

range of upper limb tasks.

Co-contraction of leg muscles is observed in patients with knee osteoarthritis dur-

ing gait (Hubley-Kozey et al., 2009; Heiden et al., 2009). This use of co-contraction

is counterintuitive because it increases joint loading, possibly accelerating cartilage

wear. It is possible that co-contraction is used to compensate for instability in the

knee joint (Hirokawa et al., 1991; Lewek et al., 2005). In Chapter 3, I performed

a postural perturbation experiment in the lower limb. I showed that co-contraction

again engaged dual agonist-antagonist control and improved task performance. This

showed that the effects and benefits of co-contraction extended to the lower limb and

could provide insight into the role of co-contraction in knee osteoarthritis. This under-

standing could lead to new interventions that maintain the benefits of co-contraction

while alleviating knee joint loads.

The effects of mechanical impedance and neural feedback when co-contracting

were also studied using an optimal feedback control model. In Chapter 2, I used the

model to demonstrate the benefits of dual agonist-antagonist control and in Chapter

4, I investigated the robustness of the model as well as its limitations with regard to

capturing behavioral features of co-contraction.
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5.2 Impedance and Neural Feedback

Antagonistic co-contraction was first proposed as a means to directly modulate

mechanical impedance by Hogan (1984). The author considered the case of holding

the forearm and hand in an upright position, while the upper arm was horizontal

and rested on a stable support. Through a computational model, he demonstrated

that antagonistic co-contraction could be used to increase joint stiffness and improve

stability. Experimental results confirmed that co-contraction increased as the desta-

bilizing effects of gravity were increased by holding a weight in the hand. Thus, it

was proposed that antagonistic co-contraction was used to increase joint stiffness and

offset gravitational destabilization. However, the author did not rule out other ex-

planations for co-contraction such as rapid reciprocal activation of agonist-antagonist

muscles.

Since its initial proposition, impedance control has evolved to describe a more

sophisticated modulation of impedance. Experimental work demonstrated the reg-

ulation of impedance in multi-joint limbs (Hogan, 1985) and more recently demon-

strated optimal impedance control (Franklin et al., 2004; Burdet et al., 2001; Franklin

et al., 2007) - suggesting that the central nervous system optimizes the magnitude,

shape, and orientation of endpoint impedance to achieve stability while minimizing

metabolic cost.

If the benefit of co-contraction is to increase mechanical impedance by elevating

muscle activity, then increasing muscle activity through other means should provide

the same benefit. In Chapter 2, muscle activity of either the elbow flexors or extensors

was increased independently through background loading and activity was increased

in both muscle groups together through co-contraction. Impedance control theory
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would predict both cases to produce similar results when the pre-activated muscles

were stretched by a perturbation. However, co-contracting produced a markedly

different response than background loading. A modest increase in muscle activity

through co-contraction improved performance beyond what was achieved by over

doubling the amount of activity in a single muscle group with a background load.

Clearly, mechanical impedance alone does capture the effects of co-contraction. In-

deed the improved performance when co-contracting was the result of both flexors

and extensors being pre-activated and engaged in the corrective response.

How can the body of work supporting impedance control be reconciled with the

present evidence that the primary benefit of co-contraction is from neural feedback

responses? Conventional measurements of impedance consider the response to a per-

turbation over a window that includes short and long latency responses (Burdet et al.,

2000; Gomi and Osu, 1998; Krutky et al., 2013; Mussa-Ivaldi et al., 1985; Perreault

et al., 2001; Tsuji et al., 1995). Thus, the effects of neural feedback have been incor-

rectly characterized as mechanical impedance. That is not to say that the effects of

impedance are not significant. Indeed, the model in Chapter 2 showed that increasing

impedance was beneficial to the perturbation response, but the greatest improvements

were realized when feedback control was included.

Neural feedback also played a role when selectively pre-activating either the ex-

tensors or flexors. When the pre-activated muscles were stretched, they responded

with a burst of activity to counter the perturbation. The size of the burst scaled with

the level of pre-activation. Similarly, when the pre-activated muscles were shortened,

they responded with inhibition. At low levels of pre-activation performance was poor

because muscle activity quickly decreased to zero and was unable to further contribute
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to the response.

An interesting finding was that when pre-activating a single muscle group with a

background load, the motor response was largely limited to the pre-activated mus-

cles. When the unloaded muscles were shortened, their activity was already at zero

and could not decrease further, and when they were stretched, their response was

significantly attenuated. Similarly, when neither muscle group was pre-activated, the

response was largely limited to the stretched muscles because the shortened muscles

were unable to decrease their activity.

When co-contracting, both the stretched and shortened muscles responded to the

perturbation. It is worth noting that this strategy reflects the rapid reciprocal activa-

tion that was mentioned by Hogan (1984). Pre-activating both muscle groups enabled

the shortened muscles to decrease their activity and eliminated the attenuation of the

response of the stretched muscles. As discussed in Chapter 2, the ability to engage

both stretched and shortened muscles appears to reflect a distinct motor strategy and

state of spinal inhibitory circuitry that are used when co-contracting.

5.3 Conclusions

The objective of this work was to understand why co-contraction is used when

faced with instability and uncertainty. The results show that co-contraction is ben-

eficial in these cases because it primes both the musculoskeletal and neuromuscular

systems to be in a highly reactionary state. Not only does passive resistance to dis-

turbances increase through mechanical impedance, but rapid corrective responses can

also be elicited from all muscles, no matter the direction of the disturbance. The ben-

efits of this reactionary state were demonstrated in both the upper and lower limbs



5.4. FUTURE WORK 113

and confirmed by an optimal feedback control model.

5.4 Future Work

The evidence presented in this thesis highlights the benefits of co-contraction to

mitigating physical perturbations and demonstrates how co-contraction can improve

tasks subject to instability and unexpected or unpredictable disturbances. The impor-

tance of neural feedback to generating rapid corrective responses when co-contracting

was also highlighted. Future work should aim to extend these findings to a range of

tasks and behaviors in which co-contraction is used or may be beneficial.

The experiments in Chapters 2 and 3 were performed in a mechanically stable

environment. Instability could elevate the consequences of a physical perturbation,

and increase the benefits of co-contraction to task performance. Experiments in which

the environment or the task itself are unstable could be used to test this hypothesis.

Demonstrating the benefits of co-contraction when faced with instability would have

direct applications to real world tasks that are often unstable.

Our analysis was largely limited to the effects of co-contraction in a single joint,

whereas many real world tasks require the coordination of multiple joints. It would

be interesting to see if the dual agonist-antagonist control strategy used when co-

contracting adapts to, or possibly exploits, intersegmental dynamics in these tasks.

With the level of muscle activity systematically controlled, the response to distur-

bances that perturb single joints could be compared to a disturbance that perturbs

multiple joints. This would show whether the corrective response when co-contracting

is coordinated across joints to achieve the task goal, or if it simply adds the effects of

the responses to the individual joint perturbations. While previous work has indicated
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that long latency responses are task modulated (Kurtzer et al., 2009; Krutky et al.,

2010), the roles of spinal and supraspinal processes during co-contraction are unclear.

Thus, it is not obvious that the response when co-contracting is also coordinated

across joints.

Much of this work focused on the benefits of co-contraction to task performance.

However, there are several trade offs that must be taken into account when co-

contracting. The most obvious example is metabolic cost. In longer duration tasks,

co-contraction will accelerate fatigue, which may lead to decreases in task perfor-

mance. Co-contraction also reduces the speed at which a task can be performed

and some tasks may be less susceptible to the effects of perturbations, making co-

contraction less useful. A caveat to the metabolic cost argument is that attempting

and failing a task multiple times may be more costly than successfully completing the

task in a single attempt when co-contracting. Future experiments could shed light on

what task parameters are conducive to co-contraction and what alternative strategies

are used when co-contraction is not feasible or not beneficial.

The lower limb postural perturbation task in Chapter 3 was performed with the

leg unloaded. It would be worthwhile to perform a similar perturbation task with the

leg positioned and loaded to mimic real world conditions. This would help to extend

the applicability of the current findings to activities such as gait.

One of the motivations for studying the effects of co-contraction was to better

understand its use by patients with knee osteoarthritis. A logical extension of this

work is to perform a similar set of lower limb perturbation experiments in a population

with knee osteoarthritis. The controlled nature of the task presents the possibility

of performing the experiment in a biplanar video radiography system. This would
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provide unique insight into the behavior and function of osteoarthritic joints, which

could lead to new interventions in the treatment of the disease.

The previous examples focus on furthering the understanding and characterization

of behavior when co-contracting. It is also important to understand the physiological

mechanisms through which co-contraction is able to engage dual agonist-antagonist

control. While I theorized about possible mechanisms based on previous work in the

literature (Chapter 2), no new experimental evidence was collected in support of this

hypothesis. Future work should attempt to isolate the possible spinal and supraspinal

processes that enable this strategy in human motor behavior.

A final area for future work is the development and application of new computa-

tional techniques to model motor behavior. Recent advances in the field of machine

learning have led to the successful application of neural networks in a variety of fields,

including deep reinforcement learning (DRL) (Mnih et al., 2015). In DRL, a neural

network is implemented as a state feedback controller and trained to complete a task

by receiving quantitative feedback of its performance. The training algorithm uses

this feedback to iteratively update the controller and improve task performance. This

approach has been used to control complex systems in silica, including humanoids

and other bipedal and quadrupedal avatars (Lillicrap et al., 2015; Schulman et al.,

2017). The most impressive aspect of DRL is the ability to control highly non-linear

systems that include contact and interaction with the environment and other avatars.

While still in a relatively early stage of development, DRL appears to be a promising

computational tool for modeling motor behavior that can overcome the limitations of

current frameworks.
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Appendix A

Optimal control from the calculus of variations

This appendix contains a derivation of the conditions of optimality for optimal

control using the calculus of variations.

Given a dynamic system:

ẋ = f(x(t), u(t), t) (A.1)

where x is the state vector, u is the vector of control inputs, and t is the independent

time variable. Find the control policy u∗ and corresponding state x∗ that minimize

the cost functional:

J = φ(x, t)|tf +

∫ tf

t0

L(x, u, t)dt (A.2)

subject to the following constraints:

x(t0) = x0 (A.3)

ψ(x, t)|tf = 0 (A.4)

g(x, u, t) ≤ 0 (A.5)
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This definition describes an optimal control problem with a given initial condition

(x0), a free endpoint subject to an algebraic equality constraint (ψ), and control and

state trajectories subject to algebraic inequality constraints (g). The cost functional

includes an endpoint cost term (φ) and a trajectory cost term (L).

Augment the cost functional to include the constraints using Lagrange multipliers:

J̃ = (φ+ νTψ)
∣∣
tf

+

∫ tf

t0

[
L+ λT (f − ẋ) + µTg

]
dt (A.6)

where λ are adjoint (co-state) variables and µ and ν are Lagrange multipliers on the

path and endpoint constraints. Define an auxiliary function (Φ) and use the Legendre

transformation to define the Hamiltonian:

Φ(x, t, ν) = φ(x, t) + νTψ(x, t) (A.7)

H(x, u, λ, µ, t) = L+ λTf + µTg (A.8)

and allow the augmented cost functional to be written:

J̃ = Φ|tf +

∫ tf

t0

[
H − λT ẋ

]
dt (A.9)

The first variation of J̃ is found by assuming independent variations δu(), δx(),
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δλ(), δµ(), δν, and δtf :

δJ̃ =

(
∂Φ

∂x

)
δx

∣∣∣∣
tf

+

(
∂Φ

∂t

)
δt

∣∣∣∣
tf

+

(
∂Φ

∂ν

)
δν

∣∣∣∣
tf

+ (H − λT ẋ)δt
∣∣
tf

+

∫ tf

t0

[(
∂H

∂x

)
δx+

(
∂H

∂u

)
δu+

(
∂H

∂λ

)
δλ+

(
∂H

∂µ

)
δµ− λT δẋ− ẋT δλ

]
dt

(A.10)

The first three terms account for differential changes in the final state, final time, and

the Lagrange multipliers on the endpoint constraint, on the endpoint cost term (Φ).

The fourth term takes into account differential changes in the terminal time on the

integral term (H − λT ẋ). Finally the last term accounts for differential changes in

state, control, adjoint variables, Langrange multipliers on the path constraint, and

the time derivative of state, on the integral cost term.

Integrate the λT δẋdt term by parts:

∫
λT δẋdt = λT δx−

∫
δxλ̇Tdt (A.11)

and substitute the result into δJ̃ :

δJ̃ =

(
∂Φ

∂x
− λT

)
δx

∣∣∣∣
tf

+

(
∂Φ

∂t
+H − λT ẋ

)
δt

∣∣∣∣
tf

+

(
∂Φ

∂ν

)
δν

∣∣∣∣
tf

+

∫ tf

t0

[(
∂H

∂x
+ λ̇T

)
δx+

(
∂H

∂u

)
δu+

(
∂H

∂λ
− ẋT

)
δλ+

(
∂H

∂µ

)
δµ

]
dt

(A.12)

An extremum of J̃ is achieved when δJ̃ = 0 for all independent variations δu(),

δx(), δλ(), δµ(), δν, and δtf . Therefore, all terms multiplying these variations in δJ̃

must be zero. The resulting equations are known as the Euler-Lagrange equations.
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State equation:
∂H

∂λ
− ẋT = 0 =⇒ ẋ =

∂H

∂λ

= f(x, u, t)

(A.13)

Final state constraint:

(
∂Φ

∂ν

)∣∣∣∣
tf

= 0 =⇒ ψ(x, t)|tf = 0 (A.14)

Path constraint:

∂H

∂µ
= 0 =⇒ g(x, u, t) = 0 (A.15)

Note that as this is an inequality constraint in the problem definition, the constraint

is only active on some subarcs of the trajectory. When it is inactive, the constraint

is removed from the optimization and g ≡ 0.

Adjoint (co-state) equation:

∂H

∂x
+ λ̇T = 0 =⇒ λ̇ =

∂H

∂x
(A.16)

Stationarity condition (control equation):

∂H

∂u
= 0 (A.17)

Transversality condition 1:

(
∂Φ

∂x
− λT

)∣∣∣∣
tf

= 0 =⇒ λ(tf ) =

(
∂Φ

∂x

)∣∣∣∣
tf

=

(
∂φ

∂x
+ νT

∂ψ

∂x

)∣∣∣∣
tf

(A.18)
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Transversality condition 2:

(
∂Φ

∂t
+H − λT ẋ

)∣∣∣∣
tf

= 0 =⇒
(
dΦ

dt
+H

)∣∣∣∣
tf

= 0 (A.19)

using the identity: dΦ
dt

= ∂Φ
∂t

+ ∂Φ
∂x
ẋ, and transversality condition 1: λ(tf ) =

(
∂Φ
∂x

)∣∣
tf

.

The Euler-Lagrange equations are necessary for a minimum and sufficient for a

stationary point. The Pontryagin maximum principle states that the optimal control

policy u∗ and state x∗ must satisfy the Euler-Lagrange equations while optimizing

the augmented Hamiltonian:

u∗ = arg min
u∈U

H (A.20)

where U is the set of all possible controls. Satisfying both the Euler-Lagrange equa-

tions and the Pontryagin maximum principle are necessary and sufficient conditions

for an optimal control policy.
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Appendix B

Optimal control from the principle of optimality

This appendix contains a derivation of optimal control based on the Principle of

Optimality:

An optimal policy has the property that whatever the initial state and

initial decisions are, the remaining decisions must constitute an optimal

policy with regard to the state resulting from the first decisions.

(Bellman, 1954)

An alternative phrasing of the principle is that the optimal trajectory on the

interval [t0, tf ] is also optimal on all subintervals of the form [t, tf ] with t ≥ t0, provided

that the initial condition at t comes from following the optimal trajectory from t0.

The following considers the dynamic system and problem formulation outlined in

Appendix A, but omits the inequality constraint on the state and control trajectories,

has an unknown initial state, and fixes the end time tf .

The cost functional on the interval [t, tf ] is:

J(x, t) = φ(x, t)|tf +

∫ tf

t

L(x, u, t)dτ (B.1)
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The optimal value of J(x, t) is the “cost-to-go”:

J∗(x, t) = min
u∈U

(
φ(x, t)|tf +

∫ tf

t

L(x, u, τ)dτ

)
(B.2)

Split the interval [t, tf ] into the subintervals [t, t + dt] and [t + ∆t, tf ] and apply the

principle of optimality:

J∗(x, t) = min
u∈U

(∫ t+∆t

t

L(x, u, τ)dτ + J∗(x+ ∆x, t+ ∆t)

)
(B.3)

Use a Taylor series to expand around (x, t):

J∗(x, t) = min
u∈U

(
L(x, u, t)∆t+ J∗(x, t) +

∂J∗

∂x
∆x+

∂J∗

∂t
∆t

)
(B.4)

Since J∗ and by extension ∂J∗

∂t
do not explicitly depend on u, rearrange to yield:

− ∂J∗

∂t
∆t = min

u∈U

(
L(x, u, t)∆t+

∂J∗

∂x
∆x

)
(B.5)

Divide by ∆t:

− ∂J∗

∂t
= min

u∈U

(
L(x, u, t) +

∂J∗

∂x

∆x

∆t

)
(B.6)

Take the limit as ∆t→ 0, noting that ∆x = x(t+ ∆t)− x(t) and dx
dt

= f(x, u, t):

− ∂J∗

∂t
= min

u∈U

(
L(x, u, t) +

∂J∗

∂x
f(x, u, t)

)
(B.7)

The definition of the Hamiltonian:

H(x, u, λ, t) = L+ λTf(x, u, t) (B.8)
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implies that:

λT =
∂J∗

∂x
(on the optimal trajectory), H ≡ −∂J

∗

∂t
(B.9)

The Hamilton-Jacobi-Bellman (HJB) Equation is:

− ∂J∗

∂t
= H∗

(
x,
∂J∗

∂x
, t

)
(B.10)

where:

H∗
(
x,
∂J∗

∂x
, t

)
= min

u∈U
H

(
x, u,

∂J∗

∂x
, t

)
(B.11)

The HJB equation is a necessary and sufficient condition for optimality and is solved

backwards in time using the terminal boundary condition:

J∗(xf , tf ) = φ(xf , tf ) (B.12)

on the surface ψ(x, t) = 0.



140

Appendix C

Power and effect size for success rate comparisons

Table C.1: Statistical power and effect size (Cohen’s d) for success rate comparisons
between co-contraction and agonist stretch conditions at the three muscle activity lev-
els during the postural perturbation task in the KINARM Exoskeleton robot (Chapter
2 Experiment 1).

Activation level pwr dz
1 Nm 0.855 0.958
3 Nm 0.995 1.45
5 Nm 0.969 1.22

Table C.2: Statistical power and effect size (Cohen’s d) for success rate comparisons
between co-contraction and agonist shorten conditions at the three muscle activ-
ity levels during the postural perturbation task in the KINARM Exoskeleton robot
(Chapter 2 Experiment 1).

Activation level pwr dz
1 Nm 0.989 1.35
3 Nm 0.986 1.32
5 Nm 0.985 1.32
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Table C.3: Statistical power and effect size (Cohen’s d) for success rate comparisons
between co-contraction and agonist stretch conditions at the three muscle activity lev-
els during the postural perturbation task in the KINARM End-Point robot (Chapter
3 Experiment 1).

Activation level pwr dz
low 1.00 2.21
moderate 0.997 1.68
high 1.00 2.55

Table C.4: Statistical power and effect size (Cohen’s d) for success rate comparisons
between co-contraction and agonist shorten conditions at the three muscle activity
levels during the postural perturbation task in the KINARM End-Point robot (Chap-
ter 3 Experiment 1).

Activation level pwr dz
low 1.00 1.92
moderate 0.991 1.55
high 1.00 2.13

Table C.5: Statistical power and effect size (Cohen’s d) for success rate compar-
isons between co-contraction and no co-contraction conditions during the lower limb
postural perturbation task (Chapter 3 Experiment 2).

pwr dz
1.00 1.91



142

Appendix D

Method to calculate model stiffness and viscosity

The estimates of intrinsic joint stiffness (K) and viscosity (G) used in the model

(Chapters 2 and 4) are based on the force-length and force-velocity relationships of

muscle (Brown et al., 1999). Normalized muscle tension (F ) is a function of the

normalized activation (a), length (L), and velocity (V ). The muscle torque is given

by:

T = d× S × F (a, L, V ) (D.1)

where S is a constant proportional to muscle physiological cross-sectional area used

to convert normalized tension to total muscle force and d is the moment arm of the

muscle. The intrinsic stiffness and viscosity are approximated as the derivative of

torque with respect to joint angle and velocity respectively.

K =

[
∂T

∂L

] [
∂L

∂θ

]
, G =

[
∂T

∂V

] [
∂V

∂θ̇

]
(D.2)

The derivatives were taken about the operating point p0 = [a0, L0, V0] where a0

was the activation required to produce a 1, 3, or 5 Nm static torque, L0 = 0.95



143

was the steepest point on the force-length curve within the operating range, and

V0 = 0.4 corresponded to the experimental angular velocity during stretch. Joint

friction independent from muscle dynamics was included by adding 0.05 Nms/rad to

the viscosity (Crevecoeur and Scott, 2014). Other numerical values used in Equation

D.2 were taken from literature (Brown et al., 1999; Crevecoeur and Scott, 2014).
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Appendix E

Additional figures from the KINARM Exoskeleton

postural perturbation task

This appendix contains additional figures showing EMG results from Experiment

1 in Chapter 2 that demonstrate the use of dual agonist-antagonist control when

co-contracting.
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Figure E.1: Activity of the triceps lateral head and biceps following mechanical per-
turbations that flex the elbow. (a) Stretched triceps pre-activated by background load.
(b) Shortened biceps pre-activated by background load. (c) Muscles co-contracted.
Increases in activity of the stretched triceps are plotted in the positive direction and
increases in activity of the shortened biceps are plotted in the negative direction.
Background muscle activity level is indicated by line color and perturbation onset is
at 0 ms. Group results (mean and standard error) are shown.
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Figure E.2: Activity of the triceps lateral head and biceps following mechanical
perturbations that extend the elbow. (a) Stretched biceps pre-activated by back-
ground load. (b) Shortened triceps pre-activated by background load. (c) Muscles
co-contracted. Increases in activity of the stretched biceps are plotted in the positive
direction and increases in activity of the shortened triceps are plotted in the negative
direction. Background muscle activity level is indicated by line color and perturba-
tion onset is at 0 ms. Group results (mean and standard error) are shown. Note that
while the stretched biceps does not display distinct short and long latency bursts,
its response is still attenuated when unloaded (b) but not when co-contracting (c),
demonstrating dual agonist-antagonist control.
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Figure E.3: Activity of the triceps long head and brachioradialis following mechanical
perturbations that flex the elbow. (a) Stretched triceps pre-activated by background
load. (b) Shortened brachioradialis pre-activated by background load. (c) Muscles
co-contracted. Increases in activity of the stretched triceps are plotted in the positive
direction and increases in activity of the shortened brachioradialis are plotted in the
negative direction. Background muscle activity level is indicated by line color and
perturbation onset is at 0 ms. Group results (mean and standard error) are shown.
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Figure E.4: Activity of the triceps long head and brachioradialis following mechanical
perturbations that extend the elbow. (a) Stretched brachioradialis pre-activated by
background load. (b) Shortened triceps pre-activated by background load. (c) Mus-
cles co-contracted. Increases in activity of the stretched brachioradialis are plotted
in the positive direction and increases in activity of the shortened triceps are plotted
in the negative direction. Background muscle activity level is indicated by line color
and perturbation onset is at 0 ms. Group results (mean and standard error) are
shown. Note that while the attenuation of the stretched brachioradialis is not com-
pletely eliminated when co-contracting (c), it is still more involved in the response
than when only the triceps is pre-activated (b), supporting dual agonist-antagonist
control.
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Appendix F

Additional figures from the KINARM End-Point

postural perturbation task

This appendix contains additional figures showing EMG results from Experiment

1 in Chapter 3 that demonstrate the use of dual agonist-antagonist control when

co-contracting.
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Figure F.1: Activity of the triceps lateral head and biceps following mechanical per-
turbations that flex the elbow. (a) Stretched triceps pre-activated by background load.
(b) Shortened biceps pre-activated by background load. (c) Muscles co-contracted.
Increases in activity of the stretched triceps are plotted in the positive direction and
increases in activity of the shortened biceps are plotted in the negative direction.
Background muscle activity level is indicated by line color and perturbation onset is
at 0 ms (grey box). Group results (mean and standard error) are shown.
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Figure F.2: Activity of the triceps lateral head and biceps following mechanical pertur-
bations that extend the elbow. (a) Stretched biceps pre-activated by background load.
(b) Shortened triceps pre-activated by background load. (c) Muscles co-contracted.
Increases in activity of the stretched biceps are plotted in the positive direction and
increases in activity of the shortened triceps are plotted in the negative direction.
Background muscle activity level is indicated by line color and perturbation onset is
at 0 ms (grey box). Group results (mean and standard error) are shown. It is un-
clear why the shortened triceps responds with a burst of activity when the biceps is
pre-activated (a); however, it still demonstrates dual agonist-antagonist control when
co-contracting (c). Note that the biceps exhibits a stretch response at the lowest
level of triceps pre-activation (b), but it is eliminated at higher background loads,
demonstrating ongoing inhibition when loading the triceps.
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Figure F.3: Activity of the triceps long head and biceps following mechanical pertur-
bations that flex the elbow. (a) Stretched triceps pre-activated by background load.
(b) Shortened biceps pre-activated by background load. (c) Muscles co-contracted.
Increases in activity of the stretched triceps are plotted in the positive direction and
increases in activity of the shortened biceps are plotted in the negative direction.
Background muscle activity level is indicated by line color and perturbation onset is
at 0 ms (grey box). Group results (mean and standard error) are shown.
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Figure F.4: Activity of the triceps long head and biceps following mechanical per-
turbations that extended the elbow. (a) Stretched biceps pre-activated by back-
ground load. (b) Shortened triceps pre-activated by background load. (c) Muscles
co-contracted. Increases in activity of the stretched biceps are plotted in the pos-
itive direction and increases in activity of the shortened triceps are plotted in the
negative direction. Background muscle activity level is indicated by line color and
perturbation onset is at 0 ms (grey box). Group results (mean and standard error)
are shown. There is limited response from the shortened triceps when co-contracting
(c), likely due to its low level of pre-activation. Note that the biceps exhibits a stretch
response at the lowest level of triceps pre-activation (b), but it is eliminated at higher
background loads, demonstrating ongoing inhibition when loading the triceps.



154

Appendix G

Additional model sensitivity analysis

The variance of the motor noise included in the optimal control model (1e-2) was

selected to generate simulations with variability in general agreement with exper-

imental results. Increasing or decreasing the variance of the noise by an order of

magnitude does not change the overall behavior of the model - overshoot is greatly

reduced or almost entirely eliminated when both actuators are pre-activated and re-

spond to the perturbation (Figure G.1). All simulations use stiffness and damping

coefficients computed for the 3 Nm load equivalent (Chapter 4 Methods).
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Figure G.1: Change in elbow angle (top row) and actuator activation (bottom row)
during simulations when only one actuator is pre-activated and stretched (left), or
shortened (middle) by the perturbation, and when both actuators are pre-activated
(right). Increases in activation of the stretched actuator are plotted in the positive
direction and increases in activation of the shortened actuator are plotted in the
negative direction. Perturbation onset is at 0 ms. Mean and standard deviation of
20 simulations are shown.

The first order activation dynamics of the optimal control model used a time

constant of τ = 66 ms. Simulations with time constants ranging from 15 ms to 75 ms

show that no matter the time constant, overshoot is greatly reduced or almost entirely

eliminated when both actuators are pre-activated and respond to the perturbation

(Figure G.2). All simulations use stiffness and damping coefficients computed for the

3 Nm load equivalent (Chapter 4 Methods).
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Figure G.2: Change in elbow angle (top row) and actuator activation (bottom row)
during simulations when only one actuator is pre-activated and stretched (left), or
shortened (middle) by the perturbation, and when both actuators are pre-activated
(right). The time constant of activation dynamics increases from blue (15 ms) to red
(75 ms). Increases in activation of the stretched actuator are plotted in the positive
direction and increases in activation of the shortened actuator are plotted in the
negative direction. Perturbation onset is at 0 ms. Mean results of 20 simulations are
shown.



157

Appendix H

Ethics Approval

Ethics approval from the Queen’s University Health Sciences Research Ethics

Board for the study using the KINARM Exoskeleton robot (Chapter 2) and the

study using the KINARM Endpoint robot (Chapter 3) are included in the following

pages.
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