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Abstract

Motor behavior involves creating and executing appropriate action plans based on goals and relevant

information. This information characterizes the state of environment, the task and the state of

actions performed. The perceptual system gathers this information from different sources: touch,

vision, audition, scent and taste. Despite the richness of environment and the sophistication of our

sensory system, it is not possible to extract a complete and accurate representation of the required

states for motor behavior because of noise and ambiguity. Consequently, people effectively have

“limited information” and therefore may not be certain about the outcomes of specific actions. For

motor behavior to be robust to uncertainty, the brain needs to represent both relevant states and their

uncertainties, and it needs to build compensation for uncertainty into its motor strategy. Generating

motor behavior requires the brain to convert goals and information into action sequences, and the

flexibility of human motor behavior suggests that brain implements a complex control model. The

primary goal of this work is to improve the characterization of this control model by studying

motor compensation for uncertainty and determining the neural mechanisms underlying information

processing and the control model.

Part of this thesis focuses on studying human compensation strategies in natural tasks like grasp-

ing. We experimentally tested the hypothesis that people compensate for object position uncertainty

by adopting strategies that minimize the impact of uncertainty in grasp success. As we hypothe-

sized, we found that people compensate for object position uncertainty by approaching the object

along the direction of maximal position uncertainty. Additionally, we modeled the grasping task

within the optimal control framework and found that human strategies share many characteristics

with optimal strategies for grasping objects with position uncertainty.
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We are also interested to understand how the brain encodes and processes information relevant to

movements. To accomplish this, we studied the spatial and temporal interactions of cortical regions

underlying continuous and sequential movements using magnetoencephalography (MEG). Particu-

larly, we took data from a previous study, in which subjects continuously copied a pentagon shape

for 45 s using an XY joystick. Using Box-Jenkins time series analysis techniques, we found that

neural interactions and variability of movement direction are integrated in a feedforward-feedback

scheme. MEG sensors related to feedforward scheme were distributed around the left motor cor-

tex and the cerebellum, whereas sensors related to feedback scheme had a strong focus around the

parietal and the temporal cortices.
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3.1 Graphical illustration of grasp analysis with directional position uncertainty. The

critical aspect of grasping an object with position uncertainty is the control of the

contact surfaces of the index finger and thumb (rectangular patches). These sur-

faces must be moved along paths that will make appropriate contact with the object

at any of its possible locations (gray transparent cylinders). Appropriate contact

involves the concept of force-closure (see materials and methods). Upper inset:

Force-closure grasping representation. Assume that a reach trajectory results in

two contact points of the index finger (A) and the thumb (B) on the surface of the

cylinder ci.This trajectory produces force-closure grasping because the line segment

(AB) is located between the two friction cones defined by the contact points A and

B. Based on the Coulomb’s law, two contact points produce force-closure when the

component of the contact forces at these points in the direction of the surface nor-

mals (u⊥) exceeds the coefficient of friction µ times the tangential components. The

friction cones are determined by the vector µu⊥. −u⊥ and µu⊥. +u⊥, where (.) cor-

responds to subscript th and f for the thumb and the index finger, respectively. Note

that u refers to the surface tangents. Lower inset: Graphical representation of the

fingers’ contact surface approach for grasping a cylindrical object with directional

position uncertainty. The thumb and the index finger contact surfaces are displayed

as line segments with local position r and normals u. For visualization reasons, we

present only the characteristics of the index finger, whereas the characteristics of

the thumb is similar to the index finger, but with the subscript th. The gray circles

describe the possible cylinder locations based on the object’s position distribution,

which is illustrated as ellipse with center x and major and minor axes Vm and V⊥m,

respectively. Given a possible cylinder location ci, the reach trajectory will produce

force-closure if the line segment defined by contact points of the thumb and the in-

dex finger surface on the cylinder surface, is between the two friction cones at the

two contact points. Note that (w, d) corresponds to the local contact coordinates of

the index finger (with subscript f) and thumb (with subscript th) (see materials and

methods section). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
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3.2 Effects of approach direction in the probability of producing force-closure for ideal

(dashed lines) and noisy (solid lines) approaches for 0◦ (gray) and 45◦ (black) co-

variance orientations. Noisy approaches were generated by adding noise to both ap-

proach direction (variance = 4.5 deg.2) and fingers orientation (variance = 2.5 deg.2).
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Chapter 1

Introduction

1.1 Acting in dynamic environments

We coordinate our bodies with the external environment in robust and highly adaptive ways to solve

complex problems everyday. While driving we follow traffic lines, maintain a safe distance from

the car in front of us, avoid potential obstacles, accelerate to pass other cars, decelerate to exit

highways, signal to change traffic lines and obey the traffic laws. In sports games, like basketball,

skilled players are able to dribble without watching the ball, while also localizing the positions

of other players and looking for opportunities to score. In tennis, professional players are able to

estimate the height and the trajectory of a ball traveling at speeds around 100 mph. These impressive

capabilities suggest that people are quite adept at extracting information from the environment,

allowing them to adapt their behavior in real-time and to rapidly learn to perform new tasks based

on previous knowledge and current information.

If we were able to track a series of N shots in a tennis game, we would notice that none of

them are exactly the same, due to the variability of the characteristics of ball trajectories (i.e., speed,

height, spin) [131]. However, skilled players use motor skills developed through experience and

make motor decisions based on the current ball trajectory [159]. Given that no two consecutive

shots are the same, tennis players cannot perform the same movement that they executed earlier.

Instead, they must use previous knowledge and current information to make a decision about how
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to hit the ball. To accomplish this, the sensory system should actively seek information to estimate

the ball trajectory. However, despite the sophistication of our sensory system, it is not possible to

extract complete and accurate information from the environment because of noise and ambiguity.

Additionally, in tasks like sports game and driving, people have limited time to collect informa-

tion. Consequently, they effectively have “limited information” and hence may not be certain about

the outcomes of their actions. To deal with limited information, the sensorimotor system should

incorporate uncertainty into motor decisions to improve task performance.

1.2 Optimal control framework for modeling human behavior in com-

plex visuomotor tasks

How people plan, execute and correct actions in stochastic and dynamic environments has been ex-

tensively studied over the last 50 years within the optimal control framework [44,45,142]. Optimal

control theory was developed in 1950’s by the Russian mathematician Lev Semenovich Pontryagin

(Pontryagin’s minimum principle) and the American mathematician Richard Bellman and his col-

leagues (Hamilton-Jacobi-Bellman equation, HJB). The Pontryagin’s minimum principle, which is

consider a necessary condition for the solution of an optimal control problem, is used to find the

best actions for taking a system from one state to another, subject to constraints of the states and the

actions [40]. On the other hand, the solution of HJB equation, which is consider the sufficient con-

dition for the solution of an optimal control problem, provides the optimal cost-to-go for a system

in a current state with a given cost function [125, 142].

The ultimate goal of the optimal control theory is to identify policies for selecting a sequence

of actions that best achieve cumulative reward in an uncertain and partially observed environment.

In an optimal control model, an agent (e.g., a human or robot) interacts with its environment by

gathering information and performing actions. These actions change the state of the world in some

manner. Additionally, the agent receives a reward after performing an action in a given state. Let’s

consider the complex task of navigating a helicopter to a target location, while avoiding obstacles

in a dynamic and partially observed environment, Fig. 1.1. If the pilot flies the helicopter too fast,
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the chance of colliding with an obstacle is high. On the other hand, if he flies the helicopter too

slowly, he may never reach the target location. Therefore, the optimal policy should maximize the

chances of completing the mission and provide robustness against failure. Action goals are modeled

using a reward function g(x, α, x′, θ) that quantifies the expected reward when state x′ is reached

after taking an action α at state x. The actions available to the agent are the set of legal moves

(e.g., turn left, turn right, up, down). Actions stochastically affect the intrinsic world dynamics

though a transition function T = Pr(x′, θ′|x, θ, α), which defines the conditional probability of

going to state x′ by taking action α at state x. The helicopter is equipped with sensors (e.g., camera,

IMU) to collect information from the environment. However, this information is delayed in time

and corrupted by noise. Noisy and ambiguous observations are model by O = Pr(o|x′, θ′, α).

This conditional probability defines the probability of making an observation o when states x′ and

θ′ are reached after performing an action α. Because the environment is partially observed and

uncertain, the pilot does not know the exact state of the environment. Therefore, the pilot must

maintain a probability distribution on state x and θ - known as belief state - given the observations

at hand. For example, after an observation o, the belief bt = Pr(x, θ|{o1, o2,×, on}) at a time t is

updated using Bayes’s rule, using the previous beliefs, the transition function and the observations.

Based on the updated beliefs, the ultimate goal of the pilot is to learn a policy π that maximizes

the cumulative discount reward for all belief states. The policy π is a function that encodes what

(possibly stochastic) action to take in each belief state (i.e., π(b) = α) and the optimal policy can

be computed using the Bellman optimality equation Eq. (1.1).

V ∗
x (b) = arg max

α

∑

x′
Pr(x′|x, b, a)

(
g

(
x, α, x′

)
+ γV ∗

x (b′α)
)

(1.1)

where b is the current belief state in θ and b′ is the predicted belief state that is expected to occur

from receiving future observations while following the optimal policy. The optimal policy can be

written in information state formulation - in essence the observation to belief mapping and belief

to action mapping are nested to form one observation to action mapping. This form of policy can

be written as feedforward-feedback control scheme, where feedforward generates future beliefs and
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feedback incorporates new observations into action selection.

The solution to many optimal control problems cannot be found analytically. Over the years,

many techniques, such as dynamic programming, reinforcement learning, partially-observable Markov

decision process (POMDP), Bayesian decision theory and stochastic optimal feedback control have

been proposed to solve optimal control problems.

Figure 1.1: Illustration of the visuomotor task of learning to navigate a helicopter through obstacles
in an uncertain and partially observed environment. This flight simulator was developed by Prof. B.
Mettler at the University of Minnesota, to study human pilot control behavior in goal-directed flight
tasks.

Optimal feedback control theory has been successfully applied to model a wide range of vi-

suomotor tasks, such as reaching movements, [34, 50, 152], throwing balls to targets [51], grasping

objects [63] and snowboarding/surfing [72] (for review see [49]). It consists mainly of two parts:

a) an optimal estimator that predicts the current state using the available information from different

sources, previous actions and knowledge about the system/sensory-motor delays/noise and others;

b) an optimal controller that produces the actions that optimize some performance criteria given the

current estimate of the state [48]. Let’s consider again the helicopter navigation task. To find the

best policy, the optimal control system requires an estimate of the belief state. Since the sensory
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information from the environment is delayed in time and corrupted by noise, the optimal control

system uses an internal model (i.e., estimator) to predict the next state. This prediction is integrated

with the incoming sensory information to update the belief state. The best actions (i.e., motor com-

mands) are then determined based on a control policy, which indicates what the controller should

do given a certain goal and state estimate [51, 74, 132]. The architecture of the optimal feedback

control framework for navigating a helicopter is presented in Fig. 1.2.

Control policy

Forward modelSensory integra!on

Helicopter

+

Environment

Motor commands

State 

es!mate

Sensory 

informa!on

Predicted sensory 

feedback

Figure 1.2: Architecture of the optimal feedback control framework for navigating a helicopter.

1.3 Feedforward and feedback motor control processes

People show a remarkable ability to perform on-line error corrections. To accomplish this, the brain

may use sensory feedback (e.g., visual, proprioceptive) to modulate ongoing motor commands to

compensate for deviations from the goal. The main argument against this theory is that brain is

not able to process information quickly enough to make use of the sensory feedback information

in real-time [107]. This hypothesis is supported also by behavioral studies, which showed that

the minimum time delay needed for visual or proprioceptive sensory information to influence an

ongoing movement is 80-100 ms [89, 107, 166]. Therefore, the processing of sensory information
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is slower than hand motion in fast reaching movements and as a results the hand position will have

changed by the time the sensory feedback is ready to influence it [89, 166].

According to these studies, sensory feedback information cannot be used to control hand tra-

jectories. However, there is evidence to suggest that the brain uses internal models - known as

feedforward (forward) models - to predict the consequences of ongoing actions. Particularly, for-

ward models generate predictions of the next state based on the current state and ongoing actions.

The main drawback of these models is that the predictions can be inaccurate due to lack of feedback.

Therefore, a better solution is for a forward model to use a copy of motor commands to estimate the

changes on the state that is expected to occur. The feedback information comes from the sensory

system and provides a measure of these changes. Then, the prediction from the forward model is

integrated with the sensory information from the feedback model to update our estimate about the

next state. Therefore, our belief about the influence of actions on the state is a combination of what

we “predict” and what we “observe” [97,133]. The sensorimotor system uses the updated prediction

to compensate for potential deviations from the goal by modulating the motor commands.

There is a great deal of evidence that sensorimotor system implements this feedforward-feedback

control scheme in a variety of visuomotor tasks, such as reaching and pointing to single targets

[31, 43, 85, 107, 111, 112]. However, there are some movements that are so fast that there is no time

for the sensory information to influence the ongoing actions [133]. A prominent example is the

saccade eye movements - rapid intermittent eye movements - in which the eyes shift fixation from

one point to another within 50-80 ms [90]. Due to the small time window, the visual feedback can-

not influence the trajectory of the eye movement. In fact, this explains the “saccadic suppression”

phenomenon [90], in which the visual system essentially shuts down for the duration of the saccade

movement. Hence, the brain must guide the saccade movements in the absence of visual feedback.

To accomplish this, a plausible explanation is that brain uses forward models to predict the next

state of the eyes based on the current state and the ongoing current actions [38].
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1.4 Feedforward-feedback control scheme and the brain

Another important role of the feedforward-feedback control is that it provides a computational

framework for interpreting the functional role of different brain regions, Fig. 1.3. Particularly,

studies in motor control suggest that the cerebellum is involved in predicting sensory outcomes of

actions and correcting actions through internal feedback. The parietal cortex is associated with state

estimation, in which the predicted sensory outcomes are integrated with the actual sensory informa-

tion to update the belief on how ongoing actions affect the state of the body and the environment.

The basal ganglia are associated with the expected reward of the predicted sensory states and the

expected action costs. Finally, the primary and the premotor cortices are related to the implementa-

tion of the optimal plan by transforming the sensory predictions of the states into motor commands

(for review see [133]).

Motor commands

Predicted sensory 

feedback

Basal ganglia

Dopamine 

pathways

Sensory feedback

information 

Forward modelSensory  Integration

State

Estimate

Figure 1.3: Schematic illustration of a simplified feedforward-feedback control scheme in the brain
for planning, executing and correcting goal-directed movements.
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1.4.1 Cerebellum

The cerebellum has an important role in regulating movements by building internal models to pre-

dict the consequences of ongoing actions. It is not easy to perform accurate predictions about the

next state, because particular actions can affect the state differently. For instance, our limbs move

differently when we hold objects of different weights. Therefore, the brain needs to adapt the inter-

nal models based on the sensory feedback information to maintain the accuracy of the predictions.

The cerebellum appears to have an significant role of this process [133].

This hypothesis is supported by studies in patients with cerebellar damage, who encounter sig-

nificant difficulties in learning new tools and adapting their behavior to unpredictable changes [133].

For instance, patients with cerebellar damage may not be able to adapt goal-directed arm move-

ments to unknown external force fields [113], to compensate for novel visual feedback through a

mirror [91] or to adapt to a laterally displacing prism [93, 116].

1.4.2 Parietal cortex

The role of the parietal cortex appears to be to integrate the predicted proprioceptive and visual

outcomes with sensory information from different modalities to update the predictions about the

consequences of motor commands to the state (for review see [29]). Studies in patients with damage

in parietal cortex support the hypothesis that the parietal cortex is involved in estimating the state

of the system (e.g., hand or limb position) and the environment. Grea and his colleagues studied

the role of posterior parietal cortex (PPC) in on-line movement control [67]. They conducted an

experiment, in which a patient with bilateral PPC lesion was instructed to reach and grasp a cylinder,

which quickly and unexpectedly jumped to different locations on certain trials. They found that the

patient did not have any problem reaching and grasping the stationary cylinder, and exhibited the

same kinematics with the healthy subjects. However, when she experienced unpredictable changes

in cylinder position, she continued to reach toward the original position of the cylinder. Therefore,

the researchers concluded that patients with PPC damage are able to plan movements accurately,

predicting the position of the target (forward model). However, the feedback sensory information

(i.e., cylinder moving to a new location) is not integrated with the prior estimation of the cylinder

8



position to update the belief of the subject about the new state of the limb and the environment.

Another study explored the role of PPC in visually directed reaching tasks using transcranial

magnetic stimulator (TMS) [106]. Similar to the previous task, healthy subjects reached toward a

target that jumped unpredictably to new positions. A single pulse of TMS was applied over the PPC

just after the hand movement onset. The results showed that most of the subjects failed to correct

their plan movements in response to the new target location. However, the disruption of the PPC

did not affect the accuracy of movements for a stationary target position.

1.4.3 Basal ganglia

The basal ganglia consist of the striatum - divided by a white matter tract (named “internal capsule”)

into two sectors named the “caudate” and “putamen” - the internal (medial) and external (lateral)

segments of the globus pallidues, the subthalamus, the ventral tegmental area (VTA) and the sub-

stantia nigra pars compacta (SNc) and pars reticulata (SNr) [103]. They have an important role in

optimal control, because they are involved in forming the expected rewards of the predicted sensory

states and the expected costs of the motor commands [133].

Dopamine neurons in VTA and SNc have long been associated with rewarding behavior. They

are activated by positive rewards such as food and liquid and by conditioned stimuli predicting

such rewards [158, 171]. Additionally, drugs such as cocaine and amphetamine exert their plea-

surable sensations by prolonging the effects of dopamine on target neurons, and dopamine neurons

are among the best targets for electrical self-stimulation [136, 172]. Moreover, neurophysiological

studies have found that direct stimulation of midbrain dopaminergic areas or injection of dopamine

agonists into the neostriatum can produce responses similar to those established by natural rewards

such as food and liquid [135]. On the other hand, the rewarding effects of food and liquid can be

blocked or attenuated by dopamine antagonists [137,138]. Considering these findings, the dopamine

neurons in VTA and SNc are plausible “candidates” for encoding expected reward in goal-directed

movements.

Moreover, the basal ganglia may be involved in forming the expected costs of motor commands

in goal-directed movements. A recent study with Parkinson’s disease (PD) patients suggest that
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bradykinesia (slowness of movements), which is one of the symptoms of PD, may be related to an

abnormally high cost attributed to motor commands [124]. That is, PD patients may be reluctant to

move quickly because of a shift in the cost/benefit ratio of the energy expenditure needed to move

at normal speed. In addition to PD patients, most patients with degenerative diseases or damage

to the basal ganglia have shaky, slow and tiny handwriting (micrographia), which may indicate

abnormal high costs associated with the motor commands related to handwriting [133]. Although

these findings support the hypothesis that the basal ganglia are involved in estimating the expected

motor command costs, there is still an ongoing debate about the extent of their involvement (for

review see [133]).

1.4.4 Primary and premotor cortex

The primary motor cortex - known also as the M1 area - is located in the posterior portion of the

frontal lobe. It works in association with the premotor cortex to implement the optimal control

policy by transforming beliefs about state of the body and the environment into motor commands

based on the task goal.

1.5 Neural mechanisms underlying motor control

To gain a better understanding of the neural mechanisms underlying planning and control of move-

ments, we need to understand the functional properties of the areas of interest, their connectivity

and the spatial and temporal patterns of activity among them. Functional neuroimaging techniques,

such as functional Magnetic Resonance Imaging (fMRI), Position Emission Tomography (PET),

electroencephalography (EEG) and magnetoencephalography (MEG), provide the technology to

study the spatial and temporal characteristics of the dynamic functional networks established in the

brain, while subjects perform a variety of motor and cognitive tasks (for review see [160]). Among

these techniques EEG and MEG are considered the most appropriate for studying neural mecha-

nisms underlying voluntary movements, mainly because of their high temporal resolution. EEG

and MEG are able to follow changes in neural synaptic activity on a millisecond time scale. In con-

trast, PET and fMRI are limited in temporal resolution to time scale on the order of a few seconds,
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because they measure brain activity indirectly; fMRI measures variations in the Blood Oxygenation

Level Dependent (BOLD) signal over time and PET measures flow of blood to different areas of the

brain.

EEG and MEG recordings of brain activity in voluntary and self-paced movement tasks reveal

a complex spatiotemporal pattern of activity across distinct cortical regions [33]. For instance, slow

magnetic fields, which are observed about 1 s prior to voluntary movements, are typically widely

distributed over the scalp, even for isolated movements of individual digits; it is thought that they

arise from bilateral regions of the sensorimotor cortex [32]. Other EEG and MEG studies have ex-

plored the spatial and temporal cortical interactions associated with more complex voluntary tasks,

such as reaching targets [18], sequences of bimanual movements [58] and copying geometrical fig-

ures continuously and without visual feedback [10].

Despite the significant knowledge that we have acquired from these studies about the spatiotem-

poral interactions of brain regions in motor control tasks, little is known about how these interactions

are associated with the behavioral parameters of these tasks. We studied the spatial and temporal

interactions of distinct brain regions underlying continuous and sequential movements and the as-

sociation of them with movement parameters. We used data from a previous experiment, in which

subjects copied a pentagon shape continuously for ∼ 45 s using an XY joystick, while neuromag-

netic fluxes were recorded from them using a whole-head MEG device [10]. We found that neural

interactions and the variability of movement direction are integrated in a feedforward-feedback con-

trol scheme. That is, we identified MEG sensors interactions around the motor cortex area and the

cerebellum that precede (forward) changes in movement direction. Additionally, we found MEG

sensors interactions in the parietal cortex area that follow (feedback) changes in movement direc-

tion.

1.6 Uncertainty compensation strategies

These findings suggest that motor behavior involves the cooperation and interaction of distinct brain

regions. However, for motor behavior to be robust to uncertainty, the brain needs to represent not
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only the state and the consequences of actions, but also their uncertainties, and to build compen-

sation for this uncertainty into its motor strategy. To correctly manage uncertainty, the perceptual-

motor control system should either actively seek sensory information to minimize the uncertainty

or compensate for uncertainty when further reduction is not possible, instead of passively gather

information from the environment. Generally, there are three distinct strategies to act in uncertain

and dynamic environments: 1) perform actions robust to uncertainty, 2) delay actions and gather

more information and 3) incorporate knowledge of the uncertainty when further reduction is not

possible.

1.6.1 Robust uncertainty compensation

Some strategies provide more robustness against uncertainty than others. For instance, if we are

uncertain about the position of an object that we want to grasp, we simply open our hand wider [55]

and move more slowly (speed/accuracy trade-off) [128] to assure that our fingers will not collide

with or miss the object . Let’s consider a scenario, in which we attempt to grasp a glass of water,

surrounded by other obstacles, in the center of a dining table with poor illumination. Because of

these conditions, the sensory information about the glass position is poor. To avoid experiencing

social disaster by splashing water over our guests, we have to adopt movement strategies that provide

robustness against failure by compensating for the consequences of uncertainty through increased

caution; taking safer paths [129], reducing speed [104], opening the fingers wider [13, 55, 102].

1.6.2 Collect more information before making a decision

People may delay their decision until more information can be gathered. Let’s consider the task,

in which a basketball player is trying either to score or pass the ball, while avoiding his opponents.

To accomplish this task, the player may wait longer to make a decision in order to collect more

information about the position of his teammates and opponents. However, the longer he waits to

make a decision, the lower his chance of scoring becomes. A recent study addressed the question

of how brain trade-offs between waiting for gathering more information and making a decision in

a time-limited reaching task [130]. The results showed that people are able to predict the rate of
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information and optimally balance the trade-off between spending time to gather information to

reduce uncertainty and leaving enough time to perform the task.

Additionally, people can actively seek for perceptual information to reduce uncertainty. For

instance, consider the scenario that you are gambling in a casino playing one-armed bandit. You

have the option to select one of the several N one-armed bandit machines that are available at the

casino. Each slot machine provides a reward drawn from a specific distribution associated with the

specific slot machine. Your ultimate goal is to maximize the total reward earned through a sequence

of games. Initially, you do not have any information about the expected reward associated with each

slot machine. For that reason, at each trial you are faced with the exploration-exploitation dilemma.

That is, at each trial you will be able to “exploit” the slot machine that you expect to have the highest

payoff or “explore” other slot machines to gather more information about their expected reward [5].

Note that this idea might be instantiated into the control of eye movements, which are considered

an important process of the brain to actively gather information from the environment related to

tasks [30, 62].

1.6.3 Incorporate knowledge of uncertainty

Usually people have limited time to collect information before making a decision. For instance, a

tennis player has a brief window in time to decide how to hit the ball. Waiting for a long time before

making a decision can reduce the uncertainty about the ball position, but it increases the likelihood

of missing the ball. Therefore, the tennis player should act based on the current information and the

statistics of the ball position uncertainty to increase the chance of hitting the ball.

Previous studies have shown that people maintain and update estimates about uncertainty and

use this information to improve task performance and economic gain [11,70,77,81,97,149]. In the

majority of these studies, tasks are carefully designed so that there is always a single well-defined

goal and a best action strategy. However, these tasks do not explain many of the characteristics

of natural everyday tasks. Today, little is known about how people compensate for uncertainty in

natural tasks, mainly because it is hard to make normative predictions. Part of this thesis focuses on

studying aspects of human compensation strategies in natural tasks, using grasping as a paradigm.
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We found that people take into account the statistics of the environment and compensate for object

position uncertainty by aligning the approach direction of their hand with the direction of maximal

position uncertainty [168].

1.7 Thesis organization

The thesis is organized as follows:

Chapter 2 introduces a novel metric to evaluate grasp plans, in terms of the probability that a

trajectory will result in object-finger contact that permit forces capable of stably lifting the objects

(termed force-closure) [167]. We show how to incorporate shape and contact location uncertainty

into grasp stability analysis and how to use this grasp metric to optimize contact locations in the face

of shape uncertainty. We extend this metric to evaluate grasp plans for another type of uncertainty

(position uncertainty) in chapter 3.

Chapter 3 presents a study of human compensation strategies for grasping objects with posi-

tion uncertainty. We experimentally test the hypothesis that people compensate for object position

uncertainty by adopting strategies that increase the chance of producing force-closure grasping at

first contact without requiring post-contact adjustments. In accord with the hypothesis, we found

that people compensate for object position uncertainty by opening their fingers wider and approach-

ing the object along the direction of maximal position uncertainty. The novelty of this study is

the normative evaluation of human grasping performance based on the probability of achieving

force-closure grasping at first contact. We found that compensation strategies result in higher prob-

ability of achieving force-closure grasping without requiring post-contact adjustments than non-

compensation strategies.

Chapter 4 extends the optimal feedback control theory to model the grasping task. We model the

human hand as a 2D, 1-link planar device and build a mix of task-dependent performance criteria

that combine accuracy and energetic efficiency. We ran a series of simulations and found that many

characteristics of human behavior in grasping objects with position uncertainty can be interpreted

within the optimal feedback control framework. That is, the optimal controller compensates for

object position uncertainty by opening the gripper wider and aligning the approach direction of the
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gripper with the direction of maximal position uncertainty, as long as the cost of compensation is

not too expensive.

To understand how the brain encodes information relevant to control, Chapter 5 examines the

spatiotemporal neural interactions underlying the continuous and sequential movements used to

copy geometrical shapes. Subjects were trained to continuously copy a pentagonal shape using an

XY device, while neuromagnetic fluxes were recorded using a whole-head MEG device. Copying

a pentagon requires a sequence of movements to reproduce the edges (straight movements) and the

corners (curved movements) of the object in a proper spatial relationship. We test the hypothesis

that cortical interactions are associated with changes in movement direction. In accord with the

hypothesis we found significant coupling between neural interactions and variability of movement

direction. Particularly, neural interactions and variability in movement direction are integrated in a

feedforward-feedback control scheme.

Finally, Chapter 6 summarizes the main findings of the thesis and discusses broader impact of

the results.
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Chapter 2

Grasping objects with shape and contact

location uncertainty

2.1 Overview

This chapter addresses the problem of selecting contact locations for grasping objects in the pres-

ence of shape and contact location uncertainty. Focusing on two-dimensional planar objects and

two finger grasps for simplicity, we present a principled approach for selecting contact points by

analyzing the risk of force-closure failure. The key contribution of this paper is the development

of a method that incorporates shape uncertainty into grasp stability analysis. We propose a grasp

quality metric that can be used to identify stable contact regions in the face of shape and contact

location uncertainty. The proposed method successfully distinguishes grasps that are equivalent

without uncertainty, and we illustrate the properties of this technique with simulation experiments

in two classes of objects.

2.2 Introduction

One of the most important problems in grasping and manipulation is the selection of contact points

to grasp an object. Grasping involves fixturing the object relative to a gripper, and forms a neces-

sary condition for object manipulation without changing object or finger contacts. Grasp planning
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requires a method of evaluating the potential quality of contact points for fixturing the object. Solu-

tions to this problem involve specifying an appropriate grasp quality measure and an algorithm that

optimizes this measure to formulate a reaching plan. A successful reaching plan directs the fingers

to contact points on the object that are both high quality and achievable by the particular robotic

gripper.

Consider the challenge posed by the following scenario: An agent (human or a robotic system)

equipped with a hand/robotic gripper and a vision system operates in dynamic environments with the

goal of grasping visually sensed but otherwise unknown objects. To select stable contacts, the agent

must have access to the 3-dimensional geometry of the object. However, objects for which many

surface locations are visually foreshortened or occluded in the image produce significant errors in

3-dimensional reconstruction. How to perform grasp analysis under these conditions is an open

question. Since grasp quality will depend on errors in 3-dimensional reconstruction, the effects of

shape uncertainty on grasp stability should be included in identifying stable contact locations. The

main contribution of this paper is to show how to incorporate shape uncertainty into grasp stability

analysis, and to provide a novel grasp quality metric that can be used to optimize contact selection

in the face of shape uncertainty.

Studies on grasp measures have led to a variety of theoretical proposals that revolve around

notions of force or form closure. These measures take as input a model of object contours (2-

dimensional) or object surface (3-dimensional), the number and the type of contacts (point/soft,

with/without friction), and return a quality score for each set of possible contacts [2].

In this type of analysis, grasp contact with an object of known geometry is modeled as N point

(or line) contacts, which are one of several types: frictionless, frictional, or soft point. The wrenches

that end-effectors can exert at these contacts vary with type. For example, frictionless permits

only forces along the direction of the normal vector, while frictional also permits forces along the

direction of the tangential vector [2].

Force (form) closure occurs when the sum of the set of wrenches (vectors containing forces

and moments) at frictional (frictionless) contact points can equilibrate an external wrench. A set of

contact locations are considered viable for force-closure if any external wrench can be canceled by
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a suitable scaling of the contact wrenches, and the number of contacts required for viability under

various conditions to achieve force (form) closure are known [165].

One of the simplest kinds of grasp quality score is a force (form) closure score, a binary number

that indicates whether a grasp at a set of contacts is viable [1]. With perfect sensing and positioning,

this measure does not distinguish between viable points - in the extreme, all contact locations may

be viable for force-closure (e.g. a sphere). Grasp quality metrics suffer from ambiguities of this

kind, requiring planning algorithms to use other aspects of the grasp to select contact points (like

reach path or wrench magnitude) from the viable set.

However, force-closure ambiguity is largely eliminated by contact perturbations introduced by

shape and contact location uncertainty. If we do not incorporate uncertainty in grasp plans, we may

generate grasp failures for plans that appear viable. This study proposes an approach for evaluating

grasp quality in the presence of uncertainty. In particular, we show how to compute the probability

of force-closure grasp, quantifying shape uncertainty using statistical shape analysis and introducing

approach coordinates to handle variability in finger positioning and contact location.

2.3 Grasp selection as a constraint optimization problem

In previous studies one of the principle ideas is to treat grasp selection as a constraint optimization

problem [155]. Based on this approach, a number of objective functions are used for maximizing

a grasp quality measure subject to various constraints, including: aspects of grasp task (e.g., ex-

erted forces), object geometry (e.g., shape, dimension) and/or hand (gripper) characteristics (e.g.,

degrees of freedom). Grasp quality approaches include force (form) closure [165], resistance to

slipping [92, 105], the number of degrees of freedom in object-hand linkage [121] (the number of

independent parameters that are needed to specify the position and the orientation of the grasped

object with respect to the hand), and grasp isotropy. All of these measures depend on the type of

contacts and object geometry, and hence will be affected by changes in either contact or geometry. In

addition, none of these measures are designed to handle uncertainty - they assume that the grasping

environment is deterministic. Although it is widely appreciated that uncertainty adversely affects

grasping, previous work involving grasp planning with different kinds of uncertainty is limited.
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A Bayesian approach for grasping an object with orientation uncertainty is presented in [99].

Assuming no information about initial object orientation, the goal of this approach is to move an

object to a desired final state by a sequence of actions that minimizes expected cost, where cost is

measured in terms of the type and number of required actions. Another approach for grasping an

object with orientation uncertainty is presented in [139]. This method is based on estimating the

space of grasping motions (i.e., squeeze-grasp, offset-grasp and push-grasp), that guarantee stable

grasp of two dimensional planar objects with unknown pose using a parallel-jaw gripper. However,

neither of these studies considers shape and contact location uncertainty, and both use frictionless

point contacts (form-closure) constraints.

Several authors have looked at finger uncertainty in grasping. In [177], the finger uncertainty

is analyzed using perturbation of object-finger locations with friction uncertainty. A new metric

for measuring the sensitivity of grasp to contact uncertainty is presented in [65]. Approximating

shape of a 2-dimensional planar object with a polygon, the goal of this study is to determine the

maximum torque magnitude that the equilibrium grasp can resist. Based on this measure, the effect

of positional error on the static equilibrium of the grasp could be determined.

Methods to make grasp plans robust to unknown object identity and friction errors introduced

by visual sensing are presented in [3, 6, 83]. However, these methods do not model uncertainty nor

do they consider its impact on grasp quality. We are aware of no previous work on the effects of

shape uncertainty on grasp quality.

2.4 Shape uncertainty due to visual sensing

Shape uncertainty occurs whenever object geometry is known imprecisely due to imperfect sensing,

such as object self-occlusion - we see only the front halves of objects - and perspective projection.

We illustrate the origin of shape uncertainty due to perspective projection using an example from

computer vision. Particularly, consider estimating the shape of the cellular phone in Fig. 2.1, using

a model-based object segmentation algorithm and a pin-hole camera. The projected shape of the

phone is geometrically distorted away from the model shape due to a different acquisition viewpoint

[26]. However, there is an affine transformation that (approximately) relates the two shapes [150]
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(described below). The problem is that errors in the match between object and template can be

absorbed into the affine transformation that encodes object pose.

For systems that use flexible templates [4], shape and pose are jointly estimated so that errors in

both matching and pose generates uncertainty about the shape of the phone [60]. For this case, the

position of the camera with respect to the phone creates uncertainty about its geometric character-

istics. The right panel of Fig. 2.1 shows a set of possible phone shapes, which have been generated

by taking images under different viewpoints and applying affine transformation. Clearly, following

the aforementioned procedure, it is not possible to know which of the estimated shapes correspond

to the actual shape of the phone. Hence, we need to maintain the uncertainty about the estimated

shape of the objects during grasp planning.
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Figure 2.1: Illustration of the origins of shape uncertainty. Template matching used to recognize
and localize a target object in a scene, in this case a phone. Left: Target object is specified and
segmentation is used to create a contour template. Center: Recognition and template transformation
are determined using SIFT keypoints-a set of reliable feature points determined on the target object
and found in the scene image. An affine transformation is estimated (poorly) between the feature
point locations on the target object and their locations in the scene. This transformation forms a
simple (paraperspective) model [94] of the image deformation under perspective projection. The
affine transformation can be inverted to view the detected object from the front. However, the
transformation has errors in it that creates uncertainty in the understanding of the detected shape.
Right: The error in shape understanding of the cellular phone can be visualized by propagating
Monte Carlo samples of the feature point matching error to the affine transformation estimates,
generating a set of affine transformation samples. The affine matrices can be inverted and applied
to the segmented object boundary in the scene, approximately inverting the perspective distortion.
The result of this procedure is a set of possible object shapes. Given this sensing method it is not
possible to know which of these samples represents the actual shape.
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2.5 Methods

In this section we provide the necessary background both on the statistical modeling of the shape

and on necessary conditions for force-closure grasp. This theory will be used to develop a method

for computing the quality of grasp plans.

2.5.1 Data preprocessing and object recognition

Assume that we have a set of two-dimensional planar objects resulting from image segmentation

(e.g. bottles or keys) that belong to the same class but exhibit shape variation (or uncertainty),

Fig. 2.2. Initially, we blur segmented images using binomial filters to remove small details and to

smooth the outlines of the objects [140].

Bottle Database Key Database

Figure 2.2: Databases of 20 bottles (left) and 20 keys (right) with shape variation used in this study
to evaluate the proposed quality metric of grasping

To extract curves from segmented images, we extract a chain of points on the objects boundary

and construct an arc-length parameter from the cumulative distance between points. Finally, the N

points are interpolated using smoothing natural cubic splines (illustrated in Fig. 2.3) which can be

converted to B-spline form via a linear transformation.
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Blurred image
Bottle outline

Natural cubic 

spline Interpolation

Figure 2.3: Left: Blurred image using binomial filter. Right: Extracted boundary of a typical sam-
ple from the bottle database using model-based object segmentation technique (blue discontinuous
line) and natural cubic spline interpolation (red continuous line).

2.5.2 Shape description using splines

We restrict our attention to spline curve and surface representation due to their simplicity and the

ease of specifying shape uncertainty in spline models. We assume that any differences between the

actual object surface and the spline representation do not significantly affect the results of contact

analysis. This is a reasonable assumption for soft-finger contacts with the object. For planar objects,

a closed simply connected shape can be represented as a linear combination of B-splines defined on

an arc-length parameter, Eq. (2.1)

[x(s)y(s)] =
n∑

i=0

Bi(s)




αx
i

αy
i


 =




~B(s)T ~0(s)T

~0(s)T ~B(s)T


 ~α = B(s)~α (2.1)

where Bi(s) are periodic cubic B-spline functions defined on a knot sequence on the arc-length

parameter s, [x(s)y(s)] are the Cartesian coordinates of the curve and ~α =
[
~αT

x ~αT
y

]T is a 2n × 1

vector of coefficients that uniquely specify the shape given the knot sequence. It is straightforward to

induce a probability distribution on shapes, P (~α). In general, this one will be a density conditioned
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on the current image information.

The major advantage of using a basis function representation for shape is its low dimensional

shape-space representations, which are linear in transformation parameters. In addition, basis func-

tions provide simple ways of computing important curve properties like tangents and normals. In

particular, the unnormalized tangent at each point s′ is linear in the shape parameters and is given

by Eq. (2.2).

[tx(s), ty(s)] = D(s′)~α (2.2)

where D(s) = dB(s)
ds . Given a counterclockwise parametrization of the curve, the unnormalized

normal at each point s′ is given by Eq. (2.3)

[nx(s), ny(s)] =




0 −1

1 0


D(s′)~α = N(s′)~α (2.3)

As explained previously, a common source of shape uncertainty is the distortion due to camera

calibration and/or image matching errors. These errors produce affine distortions of the object

contours [4]. For example, the projected shape of a 3-dimensional planar curve can be represented

in shape-space through Eq. (2.4).

~α = W~q =




1 0 ~αx
0 0 0 ~αy

0 ~αz
0 0

0 1 0 ~αy
0 ~αx

0 0 0 ~αz
0


 ~q (2.4)

where ~αx
0 , ~αy

0, ~α
z
0 are the 3-dimensional coordinates of the base shape of the curve. In this

representation, the components of ~q represent translation, scaling and rotation of the base curve in

3-dimensional space, and W maps the effect of these changes on the projected contour. Note that

a probability distribution on the reduced space ~q, P (~q), induces distributions on the curve, P (~α)
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tangents and normals through linear operators. We will take advantage of this in our formulation of

the optimal grasping problem given shape uncertainty.

2.5.3 Finding grasp equilibrium

It is known that the force-closure grasp is a necessary condition for equilibrium [165]. Assume that

we have two contact points A and B on the outline of a cylindrical object (left panel of Fig 2.4).

These contact points permit force-closure grasp, since the segment AB is located inside the two

fiction cones defined by the contact points A and B. Using Coulomb’s law, force-closure occurs

when the component of the contact forces at the points A and B in the direction of the surface

normal (n) exceeds the coefficient of fiction (µ) times the tangential component (t). Geometrically,

this relation produces friction cones, whose boundaries are determined by the vectors n− µt+ and

n− µt−, where t+ = t and t− = −t.
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Figure 2.4: Left: The contact points A and B produce a planar force-closure grasp, because the
segment AB is between the two friction cones defined at the contact points. Right: In contrary, the
contact points B and C do not produce force-closure grasp, because the segment BC is outside of
both friction cones defined at the contact points B and C.

Thus, testing for force-closure is equivalent to testing whether the segment AB is between the

two friction cones. To illustrate, if the segment is out of one or both friction cones (e.g., right panel

24



of Fig 2.4), the two contact points do not construct a planar force-closure and the object cannot be

grasped from these two points. In other words, if we define DAB as the vector from contact point A

to B, these two points permit force-closure grasp, if the inequalities in Eq. (2.5) hold.

(µnA + tA) DAB ≤ 0

(µnA − tA) DAB ≤ 0

− (µnB + tB) DAB ≤ 0

− (µnB − tB) DAB ≤ 0 (2.5)

2.6 Determining feasible locations in planar objects

Assume that a planar object can be represented by N contact points following the procedure that we

have described in section 2.5.2. The ultimate goal is to find a feasible set of contact locations to

provide an input to reach planning using the inequalities of Eq. (2.5). However, object coordinates

(even landmarks) are not stable from the hand’s point-of-view in the presence of shape uncertainty

and cannot be used directly for planning.

2.6.1 Approach space

To handle this problem, we obtain the feasibility of grasp plan, by computing the probability that the

grasp plan will result in contact locations that form force-closure grasp of the object. To make this

solution practical, we focus on the reaching movement near the object’s boundary (the approach),

where we assume finger trajectories can be approximated by line segments. Hence for two-finger

planar grasps, the approach space requires 3 parameters per finger to specify the origins and direc-

tions of the line segments, Eq. (2.6).

~li(λ) = ~x0,i + λ [cos (θi) sin (θi)] = ~x0,i + λ~u (θi) (2.6)
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where θi ε [0, 2π] is the direction of the finger i when grasping the object, ~x0,i corresponds

to the origin of the finger i and λ is the scale variable of the line segment. In this case, grasp

plans with equivalent approaches are presented as points ~g = {~x0,1, ~x0,2, θ1, θ2} in an approach

space
(<4, S2

)
. For every approach under consideration, we need to compute the probability of

successful force-closure grasp. To simplify our analysis, we focus on grasp plans in which the

fingers’ directions intersect somewhere inside the boundary of the object ~x0, which is called the

“approach center”. Given an approach, we can compute the possible contact locations of an object

with shape uncertainty without using world coordinates. In this way, the choice of approach can be

made without exact determination of the contact location on the actual object.

Fig. 2.5 depicts an example of three objects that belong to the uncertainty set. Based on the

approach, we can compute the contact locations (red dots) for any value of the uncertain shape

parameters ~q. Although the analysis is more complicated for extended fingers and non-linear paths,

approach analysis can be performed in these cases as well.

Approach 

  Center

Finger 1

direction

Finger 2

direction

Contact points

Figure 2.5: Computing contact locations in the approach space. Assuming that the direction of
the fingers are intersected in the center of approach, the contacts (red dots) depend on the fingers’
angular position and not on the shape’s coordinates.

26



2.6.2 Feasibility analysis of planar objects with shape uncertainty

We decompose the problem of computing the probability of force-closure grasp into two parts. One

part is to compute the probability across contact locations given a set of approach coordinates. The

probability across contact points incorporates both shape uncertainty and noisy execution of the

reach. The second part focuses on computing the probability that a grasp will result in force-closure

for each set of contact locations.

For any pair of contact points {~xc1, ~xc2} = {B (s∗1) W~q, B (s∗2) W~q} obtained by following an

approach ~ge, we define a feasibility indicator function f = I (~q, ~xc1, ~xc2), where ~q = [q1, q2, . . . , qm]

describes the parameters of the object outline. The indicator function returns 1 if the inequalities

in Eq. (2.5) hold and 0 otherwise. Using this indicator function, the probability that an executed

approach is feasible is given by Eq. (2.7).

P (f = 1|~ge) =
∫

q1

∫

q2

. . .

∫

qm

I (~q, ~xc1, ~xc2) P (~q) d~q (2.7)

For any particular shape, we can find the contact points of the executed approach ~ge by comput-

ing the intersection of the finger’s line segment paths with the boundary of the object. The computa-

tion of the first intersection with the control polygon of the shape’s spline curve is simple. We refine

this intersection to lie on the spline curve numerically (for 4th order or less B-spline curves, we can

find the contact points by solving the intersection of a line segment and a polynomial) resulting in

locations on the curve (s∗1 (~ge, ~q) , s∗2 (~ge, ~q)). The force-closure conditions are then straightforward

to write explicitly in terms of the shape parameters. For instance, using Eqs. (2.2), (2.3), (2.4), we

can rewrite the first inequality of Eq. (2.5) as follows:

γ1 = (µN (s∗1) ~α−D (s∗1) ~α)T (B (s∗2) ~α−B (s∗1) ~α) < 0 ⇒

= ((µN (s∗1)−D (s∗1))W~q)T (B (s∗2)−B (s∗1))W~q < 0 (2.8)

In the same way, γ2, γ3 and γ4 can be obtained from the rest of the inequalities of Eq. (2.5), using
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the terms of the shape parameters. If these inequalities hold, the executed approach ~ge produces

force-closure grasp. Overall, an indicator function that returns 1 when all four inequalities hold can

be similarly computed for every (~ge, ~q) pair. The pseudo-code of the procedure for detecting contact

locations that produce force-closure grasp is presented in Fig. 2.6.

For j = 1 to M sample approaches
For i = 1 to N sample shapes
sample shape:
P(~a) → ~aij

intersect object:
s∗1 ← intersect (~x0,1, θ1, ~aij)
s∗2 ← intersect (~x0,2, θ2, ~aij)
compute force-closure condition
γij

k (s∗1, s
∗
2) < 0, k = 1, · · · , 4

end sample shape
compute quality metric

Qj =
Nsamples∑

i=1

H(γij
1 )H(γij

2 )H(γij
3 )H(γij

4 )P (~aij)

end approach

Figure 2.6: Pseudo-code of the procedure for identifying stable contact locations under shape un-
certainty. The superscripts and subscripts i, j help convey that the stability measure and shape
parameters vary within both loops. H(·) corresponds to the Heaviside step function

.

Finally, we also interested in including the effects of noisy execution of an approach by defin-

ing a conditional distribution of the executed approach ~ge, given the desirable approach ~gplan,

P (~ge|~gplan). These effects should be taken into account in order to reduce the probability of grasp

failure by reducing the feasibility of approaches that are sensitive to perturbations. The effect of

noisy execution on the feasibility ~gplan is given by Eq. (2.9).

P (f = 1|~gplan) =
∫

~ge

P (f = 1|~ge)P (~ge|~gplan)d~ge (2.9)

For low levels of noise, the effects of noisy execution, P (~ge|~gplan), can be approximated by a

Gaussian distribution.
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2.6.3 Computing probability of grasp stability via sampling

Contact locations can be selected by optimizing the grasp stability given by Eq. (2.9). However,

straightforward optimization of the grasp stability measure is difficult due to integrals in Eqs. (2.7)

and (2.9). For this reason, we have used Monte Carlo integration. Sampling shapes from P (~q)

and plans from P (~ge|~gplan), we compute the feasibility of each sample pair and average. In this

study, we focus on two special cases of approaching an object. First, the object is approached having

both directions of the fingers intersect at a common point ~x0 (i.e., approach center), inside the object

boundary. We assume that the fingers are moved by actuators with independent noise. The desirable

approach ~gplan is described by the {φ∗α, φ∗δ , ~x0}, where φ∗α and φ∗δ denote the desirable movement

direction of the first and second finger, respectively. Let φα and φδ describe the actual finger’s

movement directions near the object boundary, then for each approach center, ~x0, the probability

distribution for any grasp plan is given by Eq. (2.10).

P (~ge|~gplan) = P (φα|φ∗α, ~x0) P (φδ|φ∗δ , ~x0) (2.10)

A second important case is when the two fingers motions are constrained, as in a two finger

parallel gripper where the fingers always move parallel to each other in opposite directions driven

by a single actuator. In this case the probability distribution of grasp plans has the form described

in Eq. (2.11)

P (~ge|~gplan) = δ(φδ − (φα + π))P (φα|φ∗α, ~x0) (2.11)

where δ(.) is the dirac delta function that enforces the constraint that the approach directions of

the two fingers oppose each other.
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2.7 Simulation results

In this section, we present and discuss the properties of grasp stability under uncertainty using two

different object datasets from the Brown vision laboratory [101]. Each dataset contains 20 two-

dimensional planar objects that belong to the same class but exhibit significant shape variation. The

shape variation in this case is similar to the shape variation of objects due to visual sensing discussed

in section 2.4. To model noise in approach execution, we use a zero mean Gaussian distribution for

Eq. (2.10) with variance 0.05 rad, and assume that the friction coefficient is 1 (for simplicity reasons

and it is in the range of typical values of soft finger contact).

2.7.1 Determine feasible locations in the bottle database

Two different ways for approaching a typical sample from the bottle database is shown in Fig. 2.7

left. Although a standard force-closure analysis does not distinguish them, case I is more desirable

than case II in the presence of shape and contact location uncertainty, because there are more ways

to generate feasible contact points. Thus, the probability measure is analogous to a motion pertur-

bation analysis [177], since plans with the highest probability of feasibility are those that survive

perturbations in finger locations. Note that the strong point of the proposed method is that it handles

not only perturbations in finger locations but also shape perturbations.

The results of estimating Eq. (2.9) by sampling both approach directions and boundaries of

bottles are shown in Fig. 2.9. To help visualize the results, the center of approach is fixed at several

locations, chosen along the axis of the second moment of the boundary points (see Fig. 2.8), centered

around the center of mass of the bottle dataset. The probability of a feasible grasp is displayed as

a function of the first and second finger approach directions. The intersection of a set of finger

directions with a typical sample of a bottle boundary is displayed next to the probability maps,

sampled at 0.3 rad (i.e., 2π/0.3 ' 21 contact points).

In Fig. 2.9 the red areas correspond to pairs of finger directions with high probability of pro-

ducing force-closure grasp. In contrary, blue areas correspond to unreliable regions for grasping

the bottles, since the probability to obtain force-closure grasp is very low. Hence, the probability to

achieve a stable grasp is higher grasping the bottle around its “body” (red islands) than grasping it
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Figure 2.7: Two different ways for reaching a typical sample from the bottle (left) and the key
(right) database. Selecting the “square” point as a location for the first finger, “triangle” points
correspond to the candidate locations for the second finger, to construct force-closure grasp. The
number of pairs of contact points that permit force-closure grasp is larger in case I than case II and
thus the first case is considered more reliable (i.e., more stable) than the second one. The green
points correspond to the possible contacts based on the approach.

from up to down (blue regions). Note that almost all regions would permit force-closure grasp in

an analysis ignoring shape and contact location uncertainty. However, the proposed quality metric

of grasping shows that some regions are more reliable for grasping the bottles than others. The

symmetry in the probability is due to the presumption of exchangeability of finger 1 and 2.

The effect of varying the approach center is show in Fig. 2.9. Notice that the approach center

has very little impact on feasibility, since the feasible regions for grasping the bottles are almost the

same for the three cases. In other words, there are many points that are equally good for grasping

elongated objects like the bottles.

2.7.2 Determine feasible locations in the key database

In addition to the bottle dataset, we compute the probability distribution of feasible regions for a

database of keys, Fig. 2.2 right panel. We selected the keys because under increasing blur they

converge to shapes similar to bottles. Furthermore, Fig. 2.7 shows that the good and bad approach

directions for the keys should be similar to the bottles, once the objects main axes are matched.

Nevertheless, we show that these two classes of objects have different stability properties under

uncertainty.
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Figure 2.8: Center of approach parameterized by the second moment of the object mass distribution.
The second moment is represented by the ellipse, whereas the two dashed lines correspond to the
major and minor axis of the ellipse. The center of mass (green dot) is the origin of the ellipse and
we compute two points (star and triangle) that lie on the major axis ±√λ1/2 from the center of
mass, where λ1 is the principal eigenvalue. The left and the right panels of the figure illustrate the
second moment of the mass distribution of a typical sample from the bottle and the key database,
respectively.

Performing an analysis identical to the bottle case, the probability distribution of the feasible

regions for different approach centers are shown in Fig. 2.10. Note that the most “reliable” grasping

regions are around the “head” of the key. Furthermore, moving the approach center from the “head”

to the “teeth” part of the key, the probability to achieve force-closure grasp decreases. Thus, in

contrast to the bottle case, the planned approach center matters for the case of key.

2.7.3 Effects of approach center and finger coupling on stability

The simulation results show that the approach center of grasping an object may significantly affect

the probability distribution of the feasible regions. To quantify this effect, we integrate the proba-

bility maps across finger approach directions for 11 different approach centers (±0.2 of the leading

eigenvalue) along the object main axis (principal eigenvector), for both bottles and keys. This pro-

vides a simple measure of the number of approaches that permit force-closure grasp for a given

approach center. The results are shown in Fig. 2.11. While the curve is essentially flat for the bot-

tle database, approaching the key around its “head” significantly improves the chance of achieving

force-closure grasp.

Finally, we investigate the effect of finger coupling that results from a parallel two jaws gripper.
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Figure 2.9: Probability distribution of the feasible regions for three different approach centers (see
left panel Fig. 2.8). Notice that the pattern of feasible regions is almost independent from the
approach center.

In this case, the angular positions of the two fingers are dependent and their directions are opposite.

The probability distribution of the feasible regions is shown for both bottle and key database in

Fig. 2.12.

The intersection of a set of finger directions with a typical sample of the object boundary is

displayed next to the probability distribution maps, sampled at 0.2856 rad (i.e., about 22 contact

points). Similar to the previous results, the probability to achieve force-closure grasp is high when

the contacts are around the “body” of the bottle, whereas it goes to zero grasping the bottle from

up to down. Note that for the key database, there is not any grasp plan that gives force-closure

with probability 1. Finally, the advantage of grasping keys at the “head” emerges with the parallel

gripper as well, which we believe accords well with intuition and practice for human grasping of

individual keys.
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Figure 2.10: Probability distribution of the feasible regions for three different approach centers (see
right panel Fig. 2.8). In contrast to the case of bottle, the approach center affects the distribution of
feasible regions for the key case.

2.8 Conclusion

In this study, we presented a new approach to identify stable regions for grasping objects in the

presence of shape and finger contacts uncertainty. We have focused in 2-dimensional planar objects

approximating their shapes with B-spline functions. Modeling the contacts as frictional points, our

goal is to compute the probability that a two-fingered grasp plan will result in a force-closure grasp

of the object. The main contribution of this work is the development of a method that incorporates

uncertainty into grasp stability analysis. We propose a novel quality metric that can be used to

identifying stable contact regions taking into account both the objects shape and the finger place-

ment uncertainty. This measure distinguishes the contact stability of points that are equivalent in a

standard analysis without resorting to rolling contact or motion perturbations.

One of the advantages of this metric is that it can be applied in different kinds of uncertainty.
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Approach Center

Figure 2.11: Integration of the probability maps across finger approach directions for 11 different
approach centers along the main axis of the objects.
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Figure 2.12: Probability distribution of the feasible regions using parallel two jaws gripper. Note
only the pairs of contact locations (i, i), with i = 1 · · · , 11 (green points) can be grasped by the
parallel two jaw gripper.
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Particularly, on the next chapter we present a study in which the proposed method is used to evaluate

human performance in grasping objects with directional position uncertainty.
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Chapter 3

Effects of position uncertainty in

grasping movements

3.1 Overview

Due to noisy motor commands and imprecise and ambiguous sensory information, there is often

substantial uncertainty about the relative location between our body and objects in the environment.

Little is known about how well people manage and compensate for this uncertainty in purposive

movement tasks like grasping. Grasping objects requires reach trajectories to generate object-fingers

contacts that permit stable lifting. For objects with position uncertainty, some trajectories are more

efficient than others in terms of the probability of producing stable grasps (i.e., force-closure grasp-

ing). We hypothesize that people attempt to generate efficient grasp trajectories that produce stable

grasps at first contact without requiring post-contact adjustments. We tested this hypothesis by

comparing human uncertainty compensation in grasping objects against optimal predictions. Par-

ticipants grasped and lifted a cylindrical object with position uncertainty, introduced by moving the

cylinder with a robotic arm over a sequence of 5 positions sampled from a strongly oriented 2D

Gaussian distribution. Preceding each reach, vision of the object was removed for the remainder of

the trial and the cylinder was moved one additional time. In accord with optimal predictions, we

found that people compensate by aligning the approach direction with covariance angle to maintain
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grasp efficiency. This compensation results in higher probability to achieve stable grasps at first

contact than non-compensation strategies in grasping objects with directional position uncertainty,

and the results provide the first demonstration that humans compensate for uncertainty in a complex

purposive task.

3.2 Introduction

Optimal sensorimotor control models actions as decisions that maximize the desirableness of out-

comes, where the desirableness is captured by an expected cost or utility to each action sequence.

These models provide explanations for many aspects of our ability to compensate for uncertainty

[79,98,127]. In particular, humans are near optimal at integrating sensory information with internal

models of motor actions to produce estimates of world states and action consequences [42, 43, 85,

112]. Moreover, people maintain and update estimates of their uncertainty, and use this informa-

tion to improve task performance and economic gain [11, 70, 77, 81, 97, 149]. The vast majority of

research on optimal visuomotor control involves point-to-point movements. However, these studies

have neglected normal purposive movements involving the application of forces to objects in our en-

vironment, with the intent of changing either the object’s motion, as in grasping, or our own motion,

as in walking. Planning for such movements requires anticipating the effects of object-body con-

tact on subsequent dynamics. Due to the complexity of anticipating the effects of applied forces to

object motion, it is significantly more challenging to adapt the optimal sensorimotor control frame-

work to problems like grasp planning, and it is much less clear that the visuomotor system will have

models complex enough to allow for optimal control strategies.

In grasp planning, fingers must be targeted toward points on the object’s surface that will allow

the application of forces sufficient for lifting and dexterously manipulating the object. In particular,

the finger-object contacts should permit forces that are capable of stably lifting the objects and

counterbalance external forces and torques exerted on the object (force-closure grasping) [165,177].

Once people place their fingers on contact points supporting force-closure, they can begin to

lift the object. Hence, the duration of a grasping task depends on the time to produce force-closure

grasping, and this time is minimized by movement trajectories that produce force-closure at first
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contact. Failure to satisfy force-closure conditions at first contact requires subsequent adjustments

to rearrange the contact points - a process that requires extra time and effort. Little is known about

how people recognize contact points supporting force-closure or how this process is affected by

uncertainty.

The purpose of this work is to study uncertainty compensation in grasping and compare human

performance against normative predictions. An illustration of precision grasping objects with posi-

tion uncertainty is presented in Fig. 3.1. If the position of the cylinder is precisely known, all the

movement trajectories will produce force-closure grasping at first contact. However, if the cylinder

position is distributed along a strongly oriented 2D Gaussian distribution, some of the movement

trajectories are more efficient in terms of force-closure grasping than others. The probability of

achieving force-closure grasping at first contact as a function of index finger/thumb approach is

presented in Fig. 3.2. (see appendix A and Results section for more details). The grasp trajectory

that produces force-closure grasping irrespective of the cylinder position involves index finger and

thumb approaching the distribution center in opposite directions along the axis of maximal uncer-

tainty. This predicts that people should reorient the approach direction of their hand to grasp the

cylinder along the direction of maximal uncertainty.

We test what, if any, changes in grasping strategy occur as compensations for object location

uncertainty. Using a robotic arm to generate oriented distributions of cylindrical object locations,

we investigate whether people adopt grasping strategies that minimize the impact of uncertainty on

grasp success in terms of force-closure grasping at first contact.

3.3 Results

A schematic representation of the apparatus is shown in Fig. 3.3 Participants were instructed to reach

rapidly with the right hand to precision grasp and lift a cylindrical object mounted on a robotic arm,

in 3 conditions that varied in the amount of position uncertainty. In one condition the cylinder was

stationary throughout the reach (no motion condition). In the other two, the object visibly moved

through a series of randomly drawn positions. After the object was occluded, it either moved to a

new random location (random-end location condition) or to a fixed location (fixed-end location
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Figure 3.1: Graphical illustration of grasp analysis with directional position uncertainty. The critical
aspect of grasping an object with position uncertainty is the control of the contact surfaces of the
index finger and thumb (rectangular patches). These surfaces must be moved along paths that will
make appropriate contact with the object at any of its possible locations (gray transparent cylinders).
Appropriate contact involves the concept of force-closure (see materials and methods). Upper inset:
Force-closure grasping representation. Assume that a reach trajectory results in two contact points
of the index finger (A) and the thumb (B) on the surface of the cylinder ci.This trajectory produces
force-closure grasping because the line segment (AB) is located between the two friction cones
defined by the contact points A and B. Based on the Coulomb’s law, two contact points produce
force-closure when the component of the contact forces at these points in the direction of the sur-
face normals (u⊥) exceeds the coefficient of friction µ times the tangential components. The friction
cones are determined by the vector µu⊥. − u⊥ and µu⊥. + u⊥, where (.) corresponds to subscript
th and f for the thumb and the index finger, respectively. Note that u refers to the surface tangents.
Lower inset: Graphical representation of the fingers’ contact surface approach for grasping a cylin-
drical object with directional position uncertainty. The thumb and the index finger contact surfaces
are displayed as line segments with local position r and normals u. For visualization reasons, we
present only the characteristics of the index finger, whereas the characteristics of the thumb is sim-
ilar to the index finger, but with the subscript th. The gray circles describe the possible cylinder
locations based on the object’s position distribution, which is illustrated as ellipse with center x and
major and minor axes Vm and V⊥m, respectively. Given a possible cylinder location ci, the reach
trajectory will produce force-closure if the line segment defined by contact points of the thumb and
the index finger surface on the cylinder surface, is between the two friction cones at the two con-
tact points. Note that (w, d) corresponds to the local contact coordinates of the index finger (with
subscript f) and thumb (with subscript th) (see materials and methods section).
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Figure 3.2: Effects of approach direction in the probability of producing force-closure for ideal
(dashed lines) and noisy (solid lines) approaches for 0◦ (gray) and 45◦ (black) covariance orien-
tations. Noisy approaches were generated by adding noise to both approach direction (variance
= 4.5 deg.2) and fingers orientation (variance = 2.5 deg.2).

condition). The chance that the reach trajectory will end with the fingers making object contact at

points permitting force-closure depends on the path the index finger and thumb take to the object.

The critical part of the trajectory occurs near the end of the movement, when the fingers approach

possible object locations.

Trajectory characteristics are illustrated for a single participant on the no-motion (left), fixed-

end location (middle) and random-end location (right) conditions in Fig. 3.4, which shows statistics

on the set of trajectories in each condition. The three panels display the frequency that trajectories

passed through each spatial location as a color map, where blue indicates probabilities near zero

and red indicates high probability regions. The position distribution of the cylinder is illustrated

by the white ellipse. In addition, we computed the average velocity and orientation of the contact

surfaces of both index finger and thumb at each spatial location. The results illustrate the highly

stereotyped trajectories in this experiment, with an initial forward transport phase that brings the

index finger and thumb near the object, followed by an approach period in which both digits move
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Figure 3.3: The experimental apparatus used in this study.

more slowly and mainly in a direction perpendicular to the contact surface of the fingers. Note

that this perpendicular approach is a critical component for producing force-closure grasping at

first contact and that it is much more prominent in the random-end location condition. In addition,

there are significant differences on the grip aperture profile across the 3 conditions. While grip

aperture remained narrow for most of the reach trajectory in the no-motion condition, it widened

near the beginning of the trajectory in the random-end location and fixed-end location conditions.

Interestingly, grip aperture is larger in the fixed-end location condition than the no-motion condition,

suggesting that object motion induces uncertainty even for an object felt to be in exactly the same

position on every trial.

We investigated whether participants modified their index finger/thumb approach direction with

the orientation of the object position distribution. We predicted a change in approach direction from

an analysis of the conditions for force-closure at first contact. Force-closure occurs when the fingers

make contact on the object at locations that permit the application of forces in the direction of both

the surface normals and surface tangents that can potentially cage the object. A necessary condition

for force-closure is that the required tangential forces are less than the forces applied to the surface

42



No - motion Fixed-end location

          20 deg

Random-end location

            20 deg    

0

0.02

0.04

0.06

0.08

0.1

0.12

0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

 

−50

0

50

100

150

200

250
 

100 50 0 −50 −100 (mm)

 

−50

0

50

100

150

200

250

 

100 50 0 −50 −100 (mm)

 

−50

0

50

100

150

200

250

 

(mm)100 50 0 −50 −100

Figure 3.4: Examples of trajectory characteristics for the three conditions, left: no motion, middle:
fixed-end location and right: random-end location. The reach strategy in each condition is revealed
by an analysis of the average orientation (black line segments) and velocity (arrows) of the finger’s
and thumb’s contact surfaces at each location along the trajectories. A superimposed density map
shows the probability of a trajectory passing through each spatial location, where blue and red
indicate zero and high probability, respectively.

normals, scaled by the coefficient of friction. Geometrically, this relation produces friction cones at

the contact points of the thumb and the index finger with cylinder, whose boundaries are determined

by the surface tangent and normal vectors of both fingers (Fig. 3.1 upper inset). In the presence

of object location uncertainty, approach direction affects the ability to achieve force-closure, as

illustrated in Fig. 3.1. Particularly, Fig. 3.1 shows a graphical representation of the trajectory of

the index finger and thumb contact surfaces (rectangular patches) to an array of possible object

locations, displayed as transparent cylinders. The relevant geometry for computing force-closure

for a possible cylinder location is presented in the lower inset. The center of the distribution of

cylinder locations is shown as x, the principal axis of uncertainty as vm and the thumb and index

finger contact surfaces are shown as line segments, with local position r and direction u. For each

possible cylinder location ci force-closure is only possible if the cylinder surface is in the approach

path for both digits (wf is less than the finger surface width) and the angle between the index finger

and thumb is sufficiently large.
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On the basis of this analysis, the choice of a grasp strategy can be turned into a statistical

decision problem, where the objective is to select an approach that maximizes the probability of

force-closure at first contact (see Materials and Methods section). The analysis shows that the opti-

mal approach direction is aligned with the major axis of the covariance of cylinder locations. For a

given trajectory, we can compute the probability of force-closure by determining the proportion of

sample cylinder locations that satisfy the force-closure conditions. Fig. 3.2 shows the theoretical im-

pact of varying approach direction on the probability of force-closure for ideal approaches (dashed

lines) and noisy approaches (solid lines) generated with random perturbations added to both the

approach direction (variance = 4.5 deg2) and the finger surface orientations (variance = 2.5 deg2).

The results are shown for two orientations of object location uncertainty, 0◦ (gray) and 45◦ (black).

The principal effect of additional variability is to narrow the range of approaches that produce high

force-closure probabilities.

3.3.1 Approach direction compensation

If participants exhibit the predicted compensation, we should observe approach direction vary to

align with the axis of maximal uncertainty. We estimated the planned approach direction for each

participant and condition by computing the covariance of sensor positions across trajectories, il-

lustrated in Fig. 3.5A. The direction of approach was extracted from the principle axis of the co-

variance spatial distribution of finger locations across the set of trajectories gathered over the ten

time steps closest to the average first contact (see Materials and Methods section). To insure the

covariance estimates were based on compatible trajectory points, we restricted the analysis to a

cluster of trajectories with similar temporal characteristics, comprising about 80% of the trajecto-

ries in an experimental condition. This measure captures how trajectories are spatially constrained

near contact, with the main axis providing a measure of the direction of the constraint, and the ratio

between major and minor axes of the covariance provides a measure of the importance of the con-

straint. The major/minor axis ratio, averaged across participants for each covariance angle is plotted

in Fig. 3.5B, shows that the approach direction of the index finger is significantly more constrained
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than the thumb. Constraint differences in the index finger and thumb may be explained by differ-

ences in the timing of first contact - the index finger typically contacted before the thumb. Once

contact is made, there are additional forces on the hand affecting the trajectories and additional

information about the object’s location that may influence the subsequent trajectory path. In fact,

we found that trajectories in the thumb frequently exhibited direction changes after first contact by

the index finger. These changes may arise because the index finger is longer and has a degree of

freedom more than the thumb, making adjustments to the location and orientation easier.

Because the data suggest that locus of control is the index finger, we focused our analysis of

approach direction on the index finger, shown in Fig. 3.5C. In the random-end location condition,

where the final object location varied unpredictably, approach direction is significantly related to

the object uncertainty direction (R − square > 0.8038, F[0.05;1,3] > 12.2905 and p < 0.0393),

and scales almost linearly for all participants. However, all participants’ slopes were less than

predicted by ideal compensation (shown by the black discontinuous line). In contrast, for the fixed-

end location condition, where the final position was fixed across trials, the approach direction was

near constant (Fig. 3.5D).

3.3.2 Does compensation increase the probability of force-closure grasping?

To quantify how much the change in approach direction observed in the random-end location condi-

tion affected grasp efficiency, we computed the probability of force-closure for each participant and

covariance angle. We estimated the force-closure probability for each trajectory by determining the

proportion of sampled object locations that would satisfy the force-closure conditions at first con-

tact, and averaged across trajectories (see Materials and Methods section). An ideal grasp strategy

with no approach noise has a probability of one. To illustrate the computation, two different trajec-

tories of a single participant with high and low probability of force-closure are shown in Figs. 3.6A

and 3.6B, respectively. Sample cylinder locations are shown in gray, red describes the actual cylin-

der position, and the approach of the index finger and thumb contact surfaces are illustrated by a

time series of line segments. In Fig. 3.6A the index finger makes contact with a sample cylinder lo-

cation (black), which given the approach of the thumb, satisfies the criteria for force-closure. In fact,
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Figure 3.5: (A): Diagram illustrating the approach direction computation and definition of the co-
variance angle. The gray solid circle represents the cylinder location, the red line represents the
average trajectory, and ellipse represents the covariation of the spatial distribution of finger loca-
tions across trajectories for the last 10 time steps preceding contact. S1 and S2 correspond to the
minor and major axes of the trajectory covariance ellipse, and approach angle θ is the angle between
S2 and the x-axis (dotted line). (B) Average ratio S2/S1 across participants for each covariance an-
gle of the major and minor axes of the trajectory covariance for the thumb (blue line) and the index
finger (red line), with standard errors shown in gray. (C) Approach direction for each covariance
angle and participant in the random-end location condition. Error bars are ±1 standard error. The
black discontinuous line shows ideal compensation. All participants less than fully compensate
with slopes (0.26, 0.4, 0.58, 0.65, 0.67) uniformly less than the ideal of 1. (D) Same as C for the
fixed-end location condition.
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this trajectory will produce force-closure for almost all the cylinder locations generated from this

distribution (0◦ orientation). In contrast, the trajectory in Fig. 3.6B fails to produce force-closure

for the location shown in black, and for most of the other sample locations.

The probability of force-closure provides a measure of the benefits of modifying approach di-

rection with uncertainty. Fig. 3.6C shows the results (averaged across covariance angles) from the

random-end location condition. To provide a baseline measure of performance, we compared these

results to a simulated non-compensation strategy, in which we compute the probability of force-

closure for each covariance angle using the trajectories from the no-motion condition (see Materi-

als and Methods section). The difference between these probabilities is a measure of the benefits

achieved by approach compensation.

We can also gain insight into the benefits of compensation by focusing on the set of trajecto-

ries with low performance. We identified the set of trajectories that produced force-closure for less

than 20% of sample locations (values between 20% and 50% produced similar results). Because

these trajectories will require post-contact adjustments in fingers positions before lift occurs for the

majority of cases, we call this measure the proportion of inefficient trajectories. The results from

this analysis were compared with the results from the hypothetical scenario, in which people do not

compensate (simulated non-compensation strategy) across all covariance angles. Note that partic-

ipants showed large differences in this measure but similar trends. To make these trends easier to

visualize, we subtracted the mean across covariance angles of this measure from each participant’s

data. The results are shown in Fig. 3.6D. On average there were fewer inefficient trajectories in

the random-end condition than the simulated non-compensation strategy. The dashed and the solid

lines summarize the regression results across participants for both the simulated non-compensation

strategy and the random-end location condition. In accord with expectations, a non-compensation

strategy produces inefficiency curves that significantly vary as a function of covariance angle (R-

square = 0.9309, Slope = −0.0022, F[0.05;1,3] = 40.4193, p = 0.0079). In contrast, the inefficiency

curves in the random-end location condition show that by modifying approach direction, partici-

pants were able to maintain a low inefficiency rate for all covariance angles (R-square = 0.0015,

Slope = 3.4900e − 005, F[0.05;1,3] = 0.0044, p = 0.9513). Moreover, a test of the two regression
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Figure 3.6: (A) Illustration of the analysis for computing force-closure for a given reach trajectory.
Gray circles represent possible cylinder locations sampled from a covariance matrix with major axis
along the dotted line, and the red circle shows the actual cylinder location. Index finger and thumb
contact surface locations are illustrated by a time series of line segments. The black circle shows
index finger contact with a sampled cylinder location. Once the index finger contacts a possible
location, the thumb is extrapolated to assess whether the trajectory would satisfy the conditions
for force-closure. This reach trajectory produces force-closure grasping. (B) Illustration of a tra-
jectory with force-closure failure for most of the sample locations. (C) Probability of producing
force-closure is shown for each participant adjacent to a simulated non-compensation strategy. (D)
Relative proportion of inefficient trajectories trajectories that produce force-closure for less than
20% of sample location. Square and triangle points represent estimates of the proportion of inef-
ficient trajectories vs. covariance angle for each participant (each color corresponds to a particular
participant same as Figs. 3.5C and 3.5D). Note that ±1 standard errors of these estimates are so
small that are not visible as error bars on the figure. Dashed and solid lines show the regression
results across participants
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results showed that these trends are different (ANCOVA, F[0.05;1,6] = 11.95, p = 0.0135).

3.3.3 Effects of position uncertainty on grip aperture profile

We also tested whether people modify their grip aperture profile as a function of condition and co-

variance orientation, by computing the mean value of the maximum grip aperture (MGA) across

trials and regressed the results against covariance angles. For all conditions, we found no signifi-

cant variation of MGA magnitude or time with covariance angle. However, there were significant

differences across conditions for all participants (one-way ANOVA, F[0.05;1,598] > 106.4595 and p

< 0.001) excluding Participant 5, shown in, Fig. 3.7.
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Figure 3.7: MGA averaged across trajectories and covariance angle for each condition and partici-
pants

Interestingly, almost all participants increased their gripwidth on the “fixed-end location” con-

dition in response to the observed object motion, despite the fact that the final object position is both

visible and always the same.
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3.4 Discussion

We have adopted principles from Statistical Decision Theory [36] to account for human behavior in

a purposive movement task: grasping objects with position uncertainty. Previous studies have ap-

plied Statistical Decision Theory to model reach behavior, providing evidence that the sensorimotor

system’s computation can be modeled as Bayes optimal, incorporating proprioceptive and environ-

mental information to minimize the effect of uncertainty on task performance [70, 78–81, 97]. To

simplify modeling and the assessment of optimality, these studies have focused on artificial envi-

ronments and simple tasks involving point-to-point reaching movements. It is quite challenging

to extend the optimality approach to the study of purposive movements. The goals and the con-

sequences of such movements are determined by the application of forces and the effects of noise

and uncertainty, but movement plans need to be expressed in terms of limb motions. Previous stud-

ies involving purposive movement tasks have provided evidence that people modulate their grasp-

ing strategies when they can predict changes in objects’ intrinsic characteristics, such as center of

mass [71, 75, 76, 120], surface shape [123], texture [146] and weight [147]. Particularly, the senso-

rimotor system uses information acquired from previous manipulations of the same object to select

digit contact points and the forces required for object manipulation. However none of these studies

provide models that can explain the anticipatory motor behavior that participants adopted in grasp-

ing. One of the novelties of the current work is that we used normative predictions to evaluate the

benefits of uncertainty compensation, based on the hypothesis that participants attempt to minimize

overall the grasp time and use this idea to construct a natural cost function on grasp approach based

on the concept of force-closure grasping at first contact. We showed how the approach phase of a

reach trajectory determines the time efficiency with which an object can be grasped and lifted, and

generated testable predictions: participants should modify approach to allow grasp closure along the

direction of maximal uncertainty and increase peak gripwidth (see appendix A). We observed both

kinds of compensation strategies across conditions; a gripwidth change without approach modifica-

tion in the fixed-end location condition, but both gripwidth and approach changes in the random-end

location condition. Previous studies have also observed gripwidth compensation for uncertainty. In

particular, MGA increases without visual information [13], and people modify their MGA with the
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amount of visual uncertainty about object position [55,102]. However, MGA did not scale with the

orientation of the cylinder position distribution.

Note that modifying the approach direction requires extra energy to rotate the hand, which

means that the advantages of compensation in terms of efficiency must outweigh these costs. Non-

compensation strategies increase the chance of not producing force-closure at first contact, which

must be corrected by time-consuming and metabolically costly finger repositioning after contact.

Finger repositioning occurs in a sensory feedback loop that takes time. Contact locations and forces

must be sensed and appropriate adjustments computed and executed, with a minimum time lag

around 200 ms [71]. Grasping is also frequently time critical - an object can potentially move

during a reach, or the initial contact by one finger can impart an impulse which will move the object

if not quickly counteracted by the opposing finger. In addition, in many tasks if force-closure is

not met at first contact, there may not be a second chance for grasping the objects. Hence, good

initial contacts minimize natural costs associated with time and energy expended during corrective

movements and reduce the chance of negative results.

The probability of achieving force-closure grasping is not the only criterion used to plan grasp-

ing movements, and our results showed that participants did not fully optimize this measure. Grasp

planning may attempt to optimize other cost criteria in addition to force-closure grasping at first con-

tact. Possible biomechanical cost functions, such as energy expenditure [145], joint mobility [88],

muscle tension changes [109], mean torque changes [176], mean square rate of change of accelera-

tion [156], and peak work [87] create competing criteria and constraints that must be simultaneously

satisfied (see also [80]). Hence, perfect compensation may have been difficult to achieve for some

covariance angles and the additional energy required may not be worth the small gain in grasping

performance [133]. Especially, participants may sacrifice perfect compensation to increase comfort

of their grasp [144]. Another possibility is that trajectories are selected to minimize the uncertainty

in hand and finger positions [31]. Because participants grasped the object while it was out of view,

this kind of uncertainty may have been non-negligible. However, in Fig. 3.2, we showed that simu-

lated errors in hand and finger position actually narrow the ranges of approaches that produce high

force-closure probabilities, and reduce the probability of producing force-closure grasping.
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It is important to note that our analysis of optimal grasping behavior with position uncertainty

will not hold in all contexts. In the optimal analysis we permitted differences between the thumb

and index finger contact times. This is appropriate for our experiment because the cylindrical object

was held in a cradle. In general, time differences will not affect sufficiently heavy objects. For ob-

jects light enough to be toppled by contacting with one of the fingers, there will be an advantage to

contacting the object with both fingers simultaneously. For this class of objects, there is a trade-off

between minimizing the chance of knocking over the object and maximizing the chance of contact-

ing the object. For instance, catching a frisbee by opening the fingers wider increases the chance to

contact the object, but decreases the chance to catch it by contacting with both fingers simultane-

ously. We can extend the current analysis using similar Statistical Decision Theory principles and

adding a new cost to penalize non-simultaneous contact of both fingers with the object.

An interesting question is what cues drive the compensation strategies we observed. Like

previous studies, that showed integration of visual and proprioceptive information in motor tasks

[153, 162, 163], participants may use visual and/or haptic feedback from the finger-cylinder con-

tact to compensate for the position uncertainty of the object. Comparing fixed-end location and

random-end location conditions suggests that the haptic error participants experienced in the latter

condition is critical for compensating approach direction. Although participants observed the distri-

bution of object position in both fixed-end location and random-end location conditions, only when

they felt the location variability did they modify their approach direction. Nevertheless, the visual

movement is not without effect. Particularly, we found gripwidth varies between the fixed-end lo-

cation and random-end location conditions for most of the participants (excluding Participant 5).

The results suggest that the sensorimotor system cannot ignore the cylinder motion even when it is

uninformative. However, we found that participants did not adjust the approach direction with the

covariance angle on the fixed-end location condition, but rather had a preferred approach direction

of about 70◦ for all covariance angles.

We also examined whether there was evidence of learning by dividing trajectories into “early”

and “late” groups and compared their characteristics. We did not find any significant differences in

trajectory characteristics between the two groups, for any attempted split. The absence of significant
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learning effects is likely due to trajectory variability and the number of trials (100). However, it may

also indicate that uncertainty compensation strategies are relatively constant.

In conclusion, the results show that people plan for the effects of uncertainty in selecting object

contacts in purposive movement tasks.

3.5 Materials and Methods

3.5.1 Participants

Five right-handed (25-30 years old, 4 men and 1 woman) participants with normal or corrected-to-

normal vision participated in the study for monetary compensation. The appropriate institutional

review board approved the study protocol and informed consent was obtained based on the Decla-

ration of Helsinki.

3.5.2 Apparatus

Participants were instructed to reach rapidly with and then use a precision grasp to lift a cylindrical

object (2.2 cm diameter and 11.5 cm height) held in a cradle on a platform mounted on a robotic

arm that precisely moved the object (< 1 mm error), Fig.3.3. Trajectory data were recorded by

placing three infrared sensors on hard foam blocks attached to the fingernails of both index finger

and thumb, which were tracked via an Optotrak 3020 with sampling rate 100 Hz. Reaches began

with index finger and thumb placed on a reference block located 52 cm away from the average

position of the cylinder and 1 cm above the platform plane. For convenience, we transformed

all data to a coordinate frame in which the x-dimension corresponds to a straight line connecting

the midpoint of the finger starting location to the midpoint of the average of the cylinder contact

locations. The y-dimension is formed from the cross-product of the x-dimension and the cylinder’s

main axis. Finally, the z-dimension is perpendicular to x and y-dimension. Head-stabilized (via

chinrest) participants viewed the cylinder at a distance of 52 cm through liquid crystal glasses which

were used to occlude the object during reach time. Ear plugs and closed ear headphones were used

to eliminate auditory cues to the motion of the object while it was out of view. A trip switch
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guaranteed the object was lifted at least 5 mm.

3.5.3 Experimental paradigm

Participants selected a comfortable reference position by placing both fingers along the top edges

of the reference block at the beginning of the experiment. At the start of each trial, participants

viewed the cylinder for a period of time that depended on condition, and then vision was removed

by shutting down the crystal liquid glasses. Thereafter, they were cued to rapidly reach, precision

grasp and lift the object within 1200 ms while it was out of view. The trial was considered successful

if the participant lifted the cylinder to trigger the switch within the timeout, however, none of the

participants failed to grasp the cylinder within 1200 ms. The fingers had to be returned within 3 mm

of their starting positions before the next trial was begun.

Participants were familiarized with the task by running a number of training trials on the non-

motion condition. Once they were ready and felt comfortable with grasping the cylinder, the real

trials began. On the no-motion condition the cylinder was stationary and the view time was 1 sec

before glasses occluded the vision of the object. In the fixed-end location condition, the robotic arm

moved the cylinder over a sequence of 5 random positions (1 sec each) sampled from a strongly

oriented 2D Gaussian distribution. The cylinder was returned to the based (initial) position and

the view was occluded after 1 sec. Thereafter, participants reached and grasped the cylinder, while

it was out of view. Note that participants were told that the cylinder always returned to the base

position. In the random-end location condition, the cylinder moved over a sequence of 5 positions

(1 sec each) randomly generated by a strongly oriented 2D Gaussian distribution. Thereafter, the

view of the object was occluded and the object moved to a new random position selected from the

same Gaussian distribution. Finally, participants reached and grasped the cylinder, while it was out

of view. In this condition, participants were told that the cylinder moved to a new position from

within the same distribution of the 5 visible positions. For both fixed-end location and random-

end location conditions, we used an 80◦ range of distribution orientations (−20◦, 0◦, 20◦, 40◦, 60◦),

designed to fit within, but strongly challenge participants’ natural biomechanical reaching posture.

The standard deviations of the major and minor axes of the covariance were 12 mm and 0.25 mm,
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respectively. Note that the covariance angle was defined with respect to the x-dimension of the

coordinate frame. Trials from each covariance angle were blocked, and 100 trials of reaching,

grasping and lifting the cylindrical object were performed for each block.

3.5.4 Spatial trajectory data

Kernel density estimation was used to analyze the spatial distribution, velocities and orientations

of the thumb and index finger trajectories as illustrated Fig. 3.4. We computed the frequency that

reach trajectories passed through a grid of spatial locations (1 mm × 1 mm) in the 2D space (ig-

noring z-axis). We produced a density estimate from the frequency data using a Gaussian Kernel

with standard deviation of 5.5 mm. The colors of the density map describe the probability density

values with red corresponding to high and blue corresponding to low density regions. Smoothed

estimates of the average velocity (arrows) and orientation (line segments) at each spatial location

were also computed, because the number of measurements varied across cells. For each cell, veloc-

ity and orientation estimates were generated by performing a weighted average of these values from

trajectories across neighboring cells, using a Gaussian filter with standard deviation of 3.5 mm as a

weighting function.

3.5.5 Trajectory analysis

We computed approach direction for the average trajectory for each participant on the two conditions

(fixed and random-end location). Because averages are strongly affected by outliers, we excluded

trajectories that had substantially different temporal characteristics. Note that trajectory data were

spatially variable, but timing was consistent for trajectories with similar velocity profile. From the

histogram of the time of maximal x-velocities, we selected the trajectories that fell within 80% the

histogram mean (i.e., 10 %-90% percentiles of the distribution) and averaged them. From the av-

erage trajectory, we computed the approach direction of the main axis of the ellipse that describes

the spatial variation of the fingers centroids, Fig. 3.5A. The approach direction was computed as

the direction of the principal axis of the covariance ellipse that describes the spatial variation of the

sensor centroids across both trajectories and time points from the contact time through the preceding
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100 ms (10 time steps). This 100 ms time period was selected because it corresponds to the average

duration for closing the fingers (kinematically identified as the period in which the x-velocity is near

zero and the y-velocity indicates the fingers are moving toward each other). Bootstrap resampling

was used to estimate the mean and the standard error of the approach direction for each participant

and covariance orientation. The mean and the standard error of the approach direction were com-

puted from 100 bootstrap resamples. Because contact times were difficult to automatically detect

from kinematic data, all candidate contact times were cross-checked both by visual inspection and

by verifying that the index finger x- and y-velocity were near-zero and the distance of the finger to

the cylinder was consistent with contact.

In addition, we measured MGA, because it serves as a measure of position uncertainty [13]

and changes with viewing eccentricity [55, 102] and without vision [13]. In particular, fingers are

opened wider for grasping objects without precise information about their position, most likely to

avoid finger-object collision or missing the objects. On each block of the experiment, we computed

the average MGA by measuring the maximum distance between the centroid of sensors on the index

finger and the thumb for every trajectory and averaging these values across the 100 trajectories. Note

that this distance is 4.5 cm larger than between the contact surfaces of the index finger and thumb,

due to the widths of the fingers and the 1 cm thick foam blocks the sensors were mounted on.

3.5.6 Calibration of finger contact surfaces

To evaluate object-finger contact, we computed an estimate of the index finger and thumb contact

surfaces relative to the sensor locations via a calibration procedure. The index finger and thumb were

placed in grooves on a calibration block and the sensor locations were recorded. The orientation and

position of the calibration block were also recorded by placing sensors in known locations on the

calibration block. The groove angle, length and depth were precisely known due to the geometry

of the block and the block required precision grip contacts similar to those made on the cylindrical

object. We converted this information to approximate the index finger and thumb contact surfaces

and computed a homogeneous transformation that converted between sensor and finger coordinates.

In particular, finger coordinates had an origin at the center of the estimated region of potential
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contact, and had directions aligned so that one axis (the surface normal) was perpendicular to the

calibration block surface (and hence index finger and thumb normals were parallel but opposite in

direction), one axis pointed in the direction of the groove (along the length of the index finger and

thumb), and the other axis roughly corresponded to finger width. Once projected into the x-y plane

the surface approximation became a line segment that has a 1-2 mm error from the actual index

finger/thumb contact surface.

3.5.7 Evaluation of human strategies for grasping objects with directional position

uncertainty

According to an optimal statistical modeling approach, the goal is to select a visuomotor grasping

strategy that chooses a desired movement trajectory by optimizing the expected gain. The gain

function takes into account the costs and benefits of possible outcomes of the movement [80]. Al-

though there are multiple factors that affect grasping as described in the discussion, we focus on

the gain provided by achieving force-closure at first contact. We use “optimal strategy” to refer to

a grasping strategy that maximizes the probability of satisfying force-closure without post-contact

adjustments. Selecting the optimal strategy can be described as an optimization problem as follows,

where uppercase refers to random variables and lower case to instances.

The optimal movement policy s̄∗ maximizes Eq. (3.1)

s̄∗ = arg max
s̄

{
G(s̄) =

∫

s

∫

c
R(c, s)P (c)p(s|s̄)dsdc

}
(3.1)

where S is a random variable denoting an executed movement strategy, S̄ are reach plans, C

represents cylinder locations, P (c) is the distribution of cylinder locations, R(c, s) is an indicator

function for the event of successful cylinder contact satisfying force-closure conditions given that

the actual movement trajectory is s. The conditional distribution p(s|s̄) is the probability of per-

forming the actual movement trajectory s given that the planned movement trajectory is s̄. Finally,
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G(s) corresponds to the probability that force-closure conditions are satisfied following the move-

ment trajectory s. In the appendix A, we show how to solve Eq. (3.1) to find the optimal strategy.

To keep the analysis tractable, we made the following simplifications. Due to the shapes of

both cylinder and fingers, and the post-contact lift direction of the cylinder, we can safely neglect

the spatial dimension along the cylinder’s z-axis and focus on the perpendicular plane. Within the

plane, the contact surfaces of the index finger and thumb can be approximated as line segments (see

lower inset of Fig. 3.1). The index finger’s contact surface is parameterized by the line segment’s

midpoint rf , directions uf parallel and u⊥f to the surface, and a half-width ε. The thumb’s contact

surface is parameterized similarly, but with subscripts th. With this representation, a reach plan

is a desired trajectory S(t) = {rf , rth, uf , uth}, where time dependence is suppressed inside the

brackets to make the notation less complex.

Possible locations for the cylinder (with radius ρ) centroid is modeled as a random vector ci

sampled from a 2D Gaussian density P (c). To simplify the conditions for contact, we project the

samples ci into a frame of reference defined by the index finger’s (or thumb’s) contact surface, form-

ing contact coordinates. Contact coordinates are simply the position of points in the environment

with respect to the index finger and thumb surfaces. Let Uf =
[
uf u⊥f

]
, then the contact coordinates

for the cylinder with respect to the index finger are given by Eq. (3.2).




wf

df


 = UT

f (ci − ri) (3.2)

Contact coordinates for cylinder with respect to the thumb are similarly defined. The analysis

of optimal grasping is presented in lower inset of Fig. 3.1.

The force-closure indicator function R(C, S), is based on the following necessary conditions

for object-finger contacts to be in force-closure:

1. The index finger and thumb are touching the cylinder on the appropriate sides: df = ρ and

dth = ρ.

2. The contact point is within the width of the index finger or thumb: |wf | ≤ ε, |wth| ≤ ε
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3. Nguyen [165] showed that a necessary condition for force-closure requires the index finger

and thumb contacts to be at surface locations that are within each other’s friction cones and

include the center of mass (see upper inset of Fig. 3.1). For a coefficient of static friction µ

and given A = c+ρu⊥th and B = c+ρu⊥f are the contact points of the thumb and index finger

respectively, the necessary conditions for force-closure are:

γ1 =
(
µu⊥th + uth

)T
DAB ≤ 0 (3.3)

γ2 =
(
µu⊥th − uth

)T
DAB ≤ 0 (3.4)

γ3 = −
(
µu⊥f + uf

)T
DAB ≤ 0 (3.5)

γ4 = −
(
µu⊥f − uf

)T
DAB ≤ 0 (3.6)

where DAB = ρ
(

u⊥f − u⊥th
)

Due to the cylinder geometry, the 4 conditions above are equivalent to the simplified condition,

Eq. (3.7) that the angle between the surface normals is greater than 90◦, for a coefficient of friction

µ = 1 (reasonable for skin-plastic contact):

(
u⊥th

)T
u⊥f ≤ 0 (3.7)

Hence, the indicator function F = R(C,S) is given by Eq. (3.8)

F = H

(
−

(
u⊥th

)T
u⊥f

)
H (|wf | − ε) H (|wth| − ε) δ (df − ρ) δ (dth − ρ) (3.8)

Where H and δ denote Heaviside step function and the Delta Dirac, respectively (see the ap-

pendix A for more details).

To compare human performance to optimal, we estimated the probability of force-closure from

trajectory data. For each participant and condition, we treated the set of trajectories as samples

from p(s|s̄), the distribution of trajectories given the participant’s strategy in that condition. To
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estimate G(s̄), we also computed the expected probability of force-closure for each trajectory and

then averaged across trajectories, which can be considered a kind of Monte Carlo integration.

We estimated the expected probability of force-closure
∫
c R(c, s)P (c)dc associated with an ob-

served trajectory by measuring the proportion of sampled cylinders that could have been contacted

by the fingers along the trajectory and that would have satisfied the conditions for force-closure,

had the cylinder been at one of these sampled locations. For each movement trajectory in a random-

end location condition with a specific covariance angle, we generated M (where M = 1000) vir-

tual “cylinder positions” drawn from a P (c) with mean and covariance equal to those used in the

random-end location condition block of the experiment. The main difficulty in computing this es-

timate was that either the index finger or thumb was stopping when it made contact with the actual

cylinder before sweeping through all sampled cylinder locations. After one of the fingers made con-

tact, the remaining trajectory was biased by the knowledge of the actual cylinder location, and thus

should not be used to estimate the probability of force-closure given the reach plan. However, eval-

uating the conditions for force-closure requires both fingers to contact the cylinder. To overcome

this problem, we took advantage of the fact that trajectories were near-linear and had low-variability

close to the center of the cylinder distribution. Thus, we assumed that the remaining trajectory of the

non-contacting finger can be replaced by extrapolating in the direction of average trajectory (across

all trials) for that finger at the contact time, until the extrapolation either contacted or missed the

cylinder. Because the proportion of locations intersected was affected by this collision, we normal-

ized the counts by the number of cylinders that the ideal strategy would successfully grasp if the

index finger and thumb were stopped at the same locations. This computation is illustrated for two

different trajectories in Figs. 3.6A, and 3.6B, respectively.

We tested the optimality of participants’ grasp strategies and to provide a comparison, we also

estimated the deterioration in grasping performance if participants do not compensate for uncer-

tainty. To provide a baseline comparison for this grasp performance measure, we estimated the prob-

ability of force-closure if participants had adopted a non-compensation strategy for the random-end

location condition (and hence would not have compensated for the cylinder location uncertainty).

We simulated the non-compensation strategy by estimating the expected probability of force-closure
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for no-motion condition trajectories on the “random-end location condition” cylinder locations.
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Chapter 4

An optimal feedback control framework

for grasping objects with position

uncertainty

4.1 Overview

As we move, the relative location between our hands and objects changes in uncertain ways, due to

noisy motor commands and imprecise and ambiguous sensory information. The impressive capabil-

ities humans display for interacting and manipulating objects with position uncertainty suggest that

our brain maintains representations of location uncertainty and builds compensation for uncertainty

into its motor control strategies. Our previous work demonstrated specific control strategies are used

to compensate for location uncertainty. However, it is an open question whether compensation for

position uncertainty in grasping is consistent with the stochastic optimal feedback control, mainly

due to the difficulty of modeling natural tasks within this framework. In the current study, we de-

velop a stochastic optimal feedback control model to evaluate the optimality of human grasping

strategies. We investigate the properties of the model through a series of simulation experiments

and show that it explains key aspects of previously observed compensation strategies. It also pro-

vides a basis for individual differences in terms of differential control costs - the controller only
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compensates to the extent that performance benefits in terms of making stable grasps outweigh the

additional control costs of compensation. These results suggest that stochastic optimal feedback

control can be used to understand uncertainty compensation in complex natural tasks like grasping.

4.2 Introduction

A preponderance of the studies in human motor control focuses on goal-directed movements, where

the goal can be expressed as a desired configuration of the body. The optimal feedback control

framework has proven quite successful at modeling goal-directed movements, such as reaching to

touch targets and pointing to directions. According to this theory, optimal movement strategies

are generated by optimizing performance criteria that include both goal-related costs and action

costs [49–52, 74, 132, 134, 152]. The success of optimal feedback control theory stems in part from

its ability to model probabilistic information that the sensorimotor system incorporates into motor

strategies in goal-directed movements, including uncertainty about world states, body configura-

tions, and noise in sensory inputs and motor commands [31, 50, 51, 85, 127].

However, the goal-directed movements described above do not capture many characteristics of

the majority of every day movements, which are complex and purposive movements that involve

the application of forces to an object, with the intent of changing either the object’s motion (as in

grasping), or one’s own motion (as in walking). Planning for such movements requires anticipating

the effects of object-body contact on subsequent dynamics. Due to the complexity of anticipating the

effects of applied forces to an object’s motion, it is significantly more challenging to model complex

purposive movements within the optimal feedback control framework, especially when the target

position can vary unpredictably. While there are few studies that model purposive movements, such

as grasping [63], walking [57, 148], jumping [56, 118] and snowboarding/surfing [72], within the

optimal feedback control framework, they do not consider uncertainty in the task goal.

In the current study, we propose an optimal control framework to model uncertainty compensa-

tion strategies in grasping. The goal of the optimal controller is to generate strategies that produce

a stable grasp at the first contact, avoiding colliding with or missing a cylindrical object; this goal

can be formally defined through suitable cost functions. Discovering appropriate cost functions that
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characterize human behavior in natural tasks constitutes a critical step in formalizing theories of

motor control. Moreover, optimality analyses are determined by three components; the controlled

system dynamics, the observability of the system, and what cost functions are being optimized.

Modeling motor control strategies for goal-directed movements as optimal solutions to cost func-

tions has a long history, including control-related costs like energy consumption [57, 170] or their

kinematic proxies - derivative of hand [156] and derivative of joint torque [176], and performance

based criteria like end-point variability [31]. For complex and purposive movement tasks, the diffi-

culty is not capturing control costs; rather the difficulty is in expressing the more complex task goals

via cost functions. We developed cost functions that capture the key requirements of an agent that

needs to rapidly grasp and manipulate objects with low tolerance for error. These criteria encourage

movement plans that produce stable grasps at first-contact, while avoiding colliding with or missing

the object, as illustrated in Fig. 4.1A. To keep the analysis as simple as possible, we modeled the

human hand as a 2-dimensional, 1-link planar gripper with 2 rotational degrees of freedom (d-o-f)

assuming that only the index finger is movable, Fig. 4.2.

We ran a number of simulations to validate the proposed model and found that many aspects of

human compensation for grasping objects with position uncertainty can be explained by the optimal

control model, including individual differences. We show that the controller compensates for object-

position uncertainty by modifying the grip aperture profile and approaching the cylinder along the

direction of maximal position uncertainty. Importantly, the controller compensates for uncertainty

only when the benefits from compensation in terms of the successful grasp outweigh the control

costs. In addition, individual differences observed between participants in grasping strategies under

position uncertainty could be explained due to variation of control costs, such as wrist rotation and

“open-close” of the fingers. To the best of our knowledge, this is the first optimal control study that

interprets experimental data from complex purposive tasks with target location uncertainty.
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A B

C D

Figure 4.1: A: Illustration of a typical trajectory that satisfies the goal criteria and produces a stable
grasp at first contact. B: The controller takes into account the task constraints and produces efficient
trajectories so that the gripper does not collide with or miss the cylinder. C: Illustration of a hypo-
thetical trajectory with high control costs.. D: Gray cones represent the areas that fingers are able to
move due to biomechanical structure of them.

4.3 MATERIALS AND METHODS

4.3.1 Optimal control for grasping objects

Hand Modeling

To preserve interpretability, it is important to use a model no more complex than absolutely neces-

sary. To achieve this simplicity, the majority of previous studies model the human hand as a “point

of mass” [50,51] or as a “n-link planar device” with linear dynamics and kinematics [63,156,176].

In the current study, we modeled the human hand as a 2-dimensional 1-link planar device with 2

rotational degrees of freedom (d-o-f), in which only the index finger is movable, Fig. 4.2.

Let ph = [xh(t), yh(t)]T , θ(t) and gw(t) denote the midpoint of the wrist, the orientation and

the gripwidth of the planar gripper, respectively at a given time t. Assuming that the target position,

is on pc = [xc(t), yc(t)]
T , the discrete-time state is described through an 11-dimensional vector xt,

Eq. (4.1)
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Current State (Xt)

Goal State (Xtend)

(Xh,Yh)

θ

δ

GW

(Xc,Yc)

Figure 4.2: Graphical representation of the current xt and goal xtend
state for the 1-link planar

gripper with 2 rotational d-o-f, which was used in this study to model the human hand.

xt =
[
xh(t), yh(t), ẋh(t), ẏh(t), θ(t), gw(t), θ̇(t), ˙gw(t), xc(t), yc(t), 1

]T
(4.1)

The gripwidth variable gw(t) is not directly observable, but it can be estimated by the angular

position of the movable finger φ(t) in Eq. (4.2)

gw(t) ' Lmv

(
φ(t)− φ0

)
(4.2)

where Lmv is the length of the movable finger and φ0 is the minimum value of φ when gw is

zero, meaning both fingers are in contact.

Finally, we assume that the gripper controls the translational p̈h = [ẍh(t), ÿh(t)]T and angular

acceleration θ̈(t), as well as the acceleration of opening and closing the fingers, g̈w(t), Eq. (4.3).
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ut =
[
ẍh(t); ÿh(t); θ̈(t); g̈w(t)

]T
(4.3)

4.3.2 Optimal control

Previous studies have shown that control policies in goal-directed movements can be modeled by

the optimization of cost functions that mix a measure of expected loss (or reward) with a measure of

motor costs [132]. Let xt denote a vector that describes the state of a biological system (e.g., hand)

and the environment, and ut represent a vector of the motor commands at a certain time t. Given the

system’s controlled dynamics and sensory and motor noise, the stochastic optimal feedback control

finds a sequence of motor commands that optimizes the cost function described in Eq. (4.4),

J
(
x[t1,tend], u[t1,tend]

)
= E


xT

tend
Qtend

xtend
+

tend−1∑

k=t1

(
xT

k Qkxk + uT
k Ruk

)

 (4.4)

where Qk and R are matrices that weight the two costs associated with the expected loss and

the motor commands, respectively.

To overcome feedback instabilities due to noisy sensors and temporal delays, the sensorimotor

system uses internal forward models to predict the next state of the system at time t + 1, x̂t+1|t

based on the expected sensory feedback ŷt, the current state estimate x̂t and control commands

ut, [74]. We modeled the hand and state space to enable the use of linear dynamics and measurement

equations for the forward model (4.5).

x̂t+1|t = Âx̂t + B̂ut

ŷt = Ĉx̂t (4.5)

where Â, B̂ and Ĉ correspond to the estimated system dynamics and observation matrices,

respectively.
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The actual dynamics of the system are given by Eq. (4.6), considering that both control com-

mands and state variables are corrupted by multiplicative noise, which are normally distributed with

zero mean and a standard deviation proportional to the magnitude of the control commands and

state variables.

xt+1 = Axt + But + ξt + C(ut)εt

yt = Hxt + ωt + D(xt)εt (4.6)

where A, B and H are the actual system dynamics and observation matrices, respectively. In ad-

dition, C(ut) and D(xt) are matrices for the control-dependent and state-dependent noise. Finally,

ξt, ωt and εt are normally distributed variables with zero mean and covariances Ωξ ≥ 0, Ωω ≥ 0

and Ωε = I , respectively.

The actual sensory feedback yt is combined with the expected sensory feedback ŷt via Eq. (4.7)

to update the estimate about the state of the system and the environment.

x̂t+1|t+1 = (A−BLt)x̂t+1|t + Kt

(
yt −Hx̂t+1|t

)
+ nt (4.7)

where the matrices Lt and Kt define the optimal control law and the Kalman gain, respectively,

at any given time t. The internal noise nt has zero mean and covariance Ωn ≥ 0 and is added to the

estimator to account for the multiplicative noise, which affects the predictions and consequently the

control law. We compute Lt and Kt using methods described in [50].

Based on the current state estimate and the goal of the task, the controller generates these motor

commands u∗t that optimize the expected cost function in Eq. (4.4). This is a modified form of

the Linear Quadratic Gaussian (LQG) regulator in optimal control, in which the system dynamics

are linear, the cost function is quadratic and the noise is Gaussian [50], but with signal dependent

noises. However, the cost function which captures the grasping problem is not quadratic - it is a

complex nonlinear function of the state variables. To generate control commands, we iteratively
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re-approximate this cost by a quadratic function at each time step, as described below.

Optimal control cost function in a grasping task

Classical optimal control studies fail to model natural movement tasks, mainly because they ignore

potential constraints of the movements. Natural tasks frequently generate conflicting requirements

between safety and success. For instance, in attempting to grasp an object in the midst of obstacles,

optimal planning should provide both a stable grasp and robustness against failure - knocking over or

missing the object. For that purpose, we built a mixture of “grasp-dependent” performance criteria

incorporating also collision avoidance constraint in the cost function, which ensures that gripper

neither collides with nor misses the object.

We model the goal of grasping objects as a cost function that decomposes into terms mainly

associated with the task goal Fg, the constraints of the task Fc, the biomechanical constraints of the

hand Fb, and the energy consumption constraints Fe. A generic form of the optimal control cost

function is given by Eq. (4.8).

J
(
x[t1,tend], u[t1,tend]

)
= Fg(tend) +

tend∑
t=t1

Fc(t) +
tend∑
t=t1

Fe(t) +
tend∑
t=t1

Fb(t) (4.8)

The first term in Eq. (4.8) describes the goal of the task - movements that produce stable grasps

at first contact similar to the one presented in Fig. 4.1A. This term is a function of 4 individual

criteria Fg(tend) =
∑4

1 fi(tend), which are all evaluated at the end of the movement trajectory tend.

Given the geometric characteristics of the cylinder, the necessary conditions for a stable grasp are

the following:

1. The cylinder is between the fingers.

2. The finger-object contacts are within the width of the fingers.

3. The fingers contact the cylinder on the appropriate sides: dst = ρ and dmv = ρ

4. Both fingers contact the cylinder with zero velocity.
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where ρ describes the radius of the cylinder, and dst and dmv are the distances between the

center of the cylinder to the tip of the stationary and movable finger, respectively.

The 1st condition can be expressed mathematically through the cost term f1, which penalizes

actions that produce trajectories with the cylinder outside the gripper at tend. Let’s denote ph(tend)

as the midpoint of the wrist, and pmv(tend) and pst(tend) the tip of the movable and stationary

fingers, respectively. We define f1 as a sum of 3 Heaviside step functions H , whose values are zero

once the cylinder is in the region defined by the fingers and the wrist, Eq. (4.9).

f1(tend) = H(pmv(tend)) + H(pst(tend)) + H(ph(tend)) (4.9)

The 2nd condition encourages positional accuracy of the gripper at the end of the trajectory.

We can express this condition mathematically by computing the Euclidean distance between the

midpoint of the wrist ph(tend) and the center of the cylinder position pc(tend). This distance should

be less that a predefined threshold δ > 0. To simplify the calculations, we expressed f2(tend) as the

difference between the square of the Euclidean distance and δ2, Eq. (4.10).

f2(tend) =
(
||ph(tend)− pc(tend)||22 − δ2

)2
(4.10)

The 3rd condition insures that the gripper will close the fingers and grasp the cylinder at the end

of the trajectory. Consequently, the gripwidth gw should be equal to the diameter of the cylinder at

tend, Eq. (4.11).

f3(tend) = (gw(tend)− 2ρ)2 (4.11)

Finally, we introduce a cost term f4 that enforces that the gripper contacts the cylinder with zero

velocity, Eq. (4.12).
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f4(tend) = ṗh(tend) (4.12)

Grasping the cylinder successfully requires movement trajectories that avoid collisions with the

object before the gripper is closed around it. Because the object position is uncertain, collisions

could happen at any point in the trajectory, but are more likely to happen near the estimated location

of the object (e.g., Fig. 4.1B). To make sure the object is graspable at any point and avoid collisions,

the gripper needs to be oriented such that the position of the object falls within the span between the

two fingers at each point of the trajectory. Fc(t) incorporates such a collision avoidance constraint

using a cost similar to f1, except that it is weighted with a scalar factor wc and is evaluated at each

time step across the movement trajectory Eq. (4.13).

Fc(k) = wc

(
H(pmv(k)) + H(pst(k)) + H(ph(k))

)
(4.13)

The third part of the cost function in Eq. (4.8) is related to minimizing control, Eq. (4.14).

Fe(k) = u(k)T Ru(k) (4.14)

where R > 0 is a scale factor of the energy-like cost function. The purpose of this criterion is to

penalize actions (i.e., motor commands) of large magnitude, similar to one illustrated in Fig. 4.1C.

Finally, in biological systems some actions cannot be achieved due to biomechanical constraints.

Particularly, both thumb and index finger are able to move around specific regions as shown in

Fig. 4.1D. Hence, the last term in Eq. (4.8) prohibits actions at any time t that cannot be achieved by

the gripper due to the biomechanical constraints. However, in this study, we chose to exclude this

factor from the optimal control analysis because the relevant biomechanical constraints are hard to

model and vary between participants.
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Each of these costs is defined in terms of a known cylinder position. To model the effects of

object location uncertainty, we take the expectation of this cost function with respect to a distribution

representing the set of possible object locations. To model the experimental data, we assume object

location uncertainty takes the form of a 2D Gaussian distribution N ∼ (p̄c, Σc). Therefore, the

optimal policy is given by minimizing the expected cost function of Eq. (4.8) with respect to the

cylinder position distribution, Ep̄c,Σc{J (
x[t1,tend], u[t1,tend]

)}. This expectation can be computed

analytically, and the resulting expected cost function can be expressed in terms of the mean and

covariance of the cylinder position distribution (see Appendix B).

Approximating the cost function

The signal-dependent Linear Quadratic Gaussian (LQG) framework is not directly applicable, be-

cause the expected cost function is not quadratic. Particularly, the expected values of f1, f2 are not

quadratic with respect to the state variables. Nevertheless, we can generate high quality approxi-

mations of the solution to these cost functions using iterative quadratic approximation. That is, we

approximated the expected values of f1 and f2 with a 2nd-order Taylor series approximation around

their minimum. Because the expected value of f1 is a highly non-linear function of the gripper

position ph(t), orientation θ(t) and gripwidth gw(t), it was critical to this approximation to find

the minimum of the cost function with respect to the state of the gripper. Traditional optimization

techniques that are based on gradient methods have a great risk of being trapped at local optimal so-

lutions for complex and non linear cost functions. For this reason, we used Evolutionary Algorithms

(EAs) to find a global solution (ph
0 , θ0, gw0) that minimizes Ep̄c,Σc{f1(tend)} [39]. In contrast, the

expected value of f2 is a 4th-order polynomial with respect to the gripper position ph(t) and has an

analytic solution for its minimum.

We constructed quadratic approximations for both the expected values of f1 and f2 at each step

of the reaching trajectory. For any given position of the wrist with respect to the mean position

of the cylinder, we built a quadratic approximation of the expected f1 as a function of the gripper

orientation and the gripwidth variables. This approximation must be recomputed for each position of

the gripper. To accomplish this, we minimized the expected f1 with respect to the gripper orientation
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and gripwidth, and recomputed the Taylor series approximation around this minimum. The optimal

control policy is recalculated from the current state xt at every 5 time-steps until the gripper is with

5 cm of the cylinder. The quadratic approximation of the expected f2 is handled in a similar way.

In the following, we demonstrate how the methodology described above can be used to identify

optimal strategies to grasp objects with directional position uncertainty. The simulations are meant

to model the experimental conditions of the human study presented in Chapter 3. The distance be-

tween the mean position of the cylinder and the initial position of the gripper is 50 cm (i.e., cylinder

mean position (50 cm, 50 cm), gripper initial position (80 cm, 10 cm)) and the initial gripper orien-

tation is 90 deg. In addition, the cylinder position is generated by a Gaussian distribution with

N ∼







50

50


 , V




12 0

0 0.25


 VT


, where V =




cos (α) − sin (α)

sin (α) cos (α)




where α corresponds to the orientation of the cylinder position distribution. The controller is

assumed to know the mean and covariance of this distribution, but not the actual object location.

Note that the standard deviation of the major and minor axes of the cylinder position distribution

is one order of magnitude larger than the those used in the human study presented in Chapter 3. The

reason is that low standard deviation values result in poor quadratic approximations of the expected

f1 and f2.

The discrete-time motion equation for the gripper is given by Eq. (4.15):

ph (tk + δt) = ph (tk) + δt ṗh (tk) + nt +
4∑

i=1

εi
tCiut (4.15)

where δt = 0.01 s is the sampling period of the discretization.

The sensory feedback yt carries information about the state variables of the system (i.e., po-

sition, velocity, orientation and gripwidth) corrupted by two independent sources of Normal dis-

tributed noise - one with standard deviation proportional to the magnitude of the state variables
∑11

i=1 εi
tDixt, and one with constant standard deviation ωt.
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Both the discrete-time motion equation and the sensory feedback equation can be transformed

into the form of Eq. (4.6) with the following matrices:

A =




1 0 δt 0 0 0 0 0 0 0 0

0 1 0 δt 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0 0 0 0

0 0 0 1 0 0 0 0 0 0 0

0 0 0 0 1 0 δt 0 0 0 0

0 0 0 0 0 1 0 δt 0 0 0

0 0 0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 0 1 0 0 0

0 0 0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 0 0 0 1




, B =




0 0 0 0

0 0 0 0

δt 0 0 0

0 δt 0 0

0 0 0 0

0 0 0 0

0 0 δt 0

0 0 0 δt

0 0 0 0

0 0 0 0

0 0 0 0




,H = [I8×8 | 08×3](4.16)

The observation matrix H consists of a 8 × 8 unitary matrix, and a 8 × 3 zero matrix, because

the system is not fully observable - the actual cylinder position is not known at any given time t.

The control-dependent cost is defined through the matrix R = 1
tend

{diag [rii]}4×4, where rii’s

are the control costs of the gripper motion in x and y direction, rotation and “open-close” the fingers,

respectively. Additionally, the time-varying matrix Q(t) = [qij ]11×11 describes the state-dependent

cost and is given by Eq. (4.17).

Q(t) =

{
Hf1 (~s1

∗) , t < tend

Hf1 (~s1
∗) + Hf2 (~s2

∗) + Hf3 + Hf4, t = tend

(4.17)

where Hf1 (~s1
∗) and Hf2 (~s2

∗) are the Hessian matrice of the quadratic approximations of f1

and f2, respectively, evaluated at their minimum ~s1
∗ and ~s2

∗. Also, Hf3 and Hf4 are the Hessian

matrices of the quadratic cost terms f3 and f4, respectively.
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The scaling matrices for the control-dependent system noise and state-dependent system obser-

vation noise are C = B×σc; σc = 0.5 and D = diag [dij ]8×8 ; dij = 10−5 describes the individual

noise in each of the observed state variables. Note that σc and dij are unitless variables defined as

the noise magnitude relative to the control and state signal magnitude, respectively [50].

4.4 Results

We focus the analysis of model trajectories on measures that vary across uncertainty conditions,

such as maximum grip aperture (MGA) and approach direction of the gripper. MGA is an important

behavioral characteristic because it serves as a measure of position uncertainty [13, 175] and scales

with viewing eccentricity [55,102]. We estimated the approach direction of the gripper by averaging

the gripper orientation from the contact time and the preceding 100 ms. This time interval was

selected because it corresponds to the time period used to estimate the approach direction in the

human study. Additionally, the duration for grasping the cylinder was tend = 120 time steps (1200

ms), because it corresponds to the time that participants had to reach and grasp the cylinder (see

Chapter 3 for more details).

4.4.1 The role of collision avoidance constraint in grasping objects with position un-

certainty

In the simulations, the gripper started 50 cm away from the cylindrical object. The cylinder position

was distributed along a strongly oriented 2D Gaussian distribution with 60◦ orientation, 12 cm

and 0.25 cm standard deviation of major and minor axes, respectively, Fig. 4.3A. In addition, the

control-dependent cost was set to R = 1
120{diag[10−5, 10−5, 1, 10−8]}. Note that in the human

study, we found that people preferred an approach direction of about 70◦, when the position of the

cylinder did not vary unpredictably. We consider this approach direction the “minimum energy cost

path” for grasping the cylinder, due to the initial object-finger relative position. We incorporate this

energy-like criterion in the model by setting the minimum rotation cost to be 70◦.

Figs. 4.3B and 4.3C show the importance of the collision avoidance constraint on grasping

objects with position uncertainty. When the collision avoidance constraint cost function is weighted
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by wc = 2−6, the fingers open wider almost from the beginning of the trajectory, to avoid colliding

with the object.
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Figure 4.3: A: Initial position of the gripper and the cylinder, in a typical simulation of the grasping
task with 60◦ orientation of the cylinder position distribution (discontinuous ellipse). The gray spot
denotes the mean position of the cylinder. B: If we incorporate the collision avoidance constraint
term into the cost function, the fingers open wider to avoid missing or hitting the cylinder. C:
Otherwise, the grip aperture remains narrow across the reach trajectory increasing the chance for
colliding with or missing the cylinder.

To gain insight into the effects of the collision avoidance constraint on optimal strategies, we

varied the weight factor (wc) and measured MGA and approach direction of the gripper for different

covariance angles of the cylinder position distribution. We found that MGA scales almost linearly

with wc, Fig. 4.4A, whereas we found no significant variation of approach direction with variation

in wc. In essence, the collision avoidance constraint affects only the grip aperture profile but not the

approach direction of the gripper.

4.4.2 Impact of position uncertainty on grasping trajectories

We ran a series of simulations by varying both the size and the orientation of the cylinder position

distribution to test the effects of position uncertainty on optimal grasping strategies. The initial

configuration of the cylinder-gripper was the same as that shown in Fig. 4.3A, but with different

covariance angles of the cylinder position distribution. Fig. 4.5 illustrates simulated optimal trajec-

tories of the gripper for 3 different orientations of the cylinder position distribution (i.e., −20◦, 20◦

and 40◦). Notice that the approach direction of the gripper varies with the orientation of the cylinder

position distribution.
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Figure 4.4: A: Collision avoidance constraint affects the grip aperture profile. MGA scales almost
linearly with the weight factor of the collision avoidance constraint. B: MGA scales with the mag-
nitude of the cylinder position uncertainty.

We tested whether the magnitude of position uncertainty affects the optimal grasping policy

by varying the standard deviation of the covariance major axis. The results presented in Fig. 4.4B

show that MGA scales almost linearly with the size of uncertainty. However, we found no significant

variation of MGA time and approach direction with variation of uncertainty size. These results are

consistent with experimental findings of grasping objects with position uncertainty due to peripheral

vision, in which MGA scales with the size of uncertainty [55, 102].

Furthermore, we tested the effects of the covariance orientation on optimal grasping strategies,
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Figure 4.5: Simulated optimal trajectories for grasping the cylindrical object with covariance orien-
tation: A: −20◦ B: 20◦ and C: 40◦.
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by measuring the approach direction and MGA for an 80◦ range of distribution orientation (i.e.,

−200, 00, 200, 400 and 600). In accordance with our predictions, we found that approach direction

scales almost linearly with the covariance angle for low gripper rotation cost, Fig. 4.6A. In ad-

dition, we found no significant variation on MGA and MGA time across the different covariance

orientations, consistent with the experimental findings presented in Chapter 3.
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Figure 4.6: A: Approach direction vs. covariance orientation for different gripper rotation costs.
Error bars are± 1 standard error. The black discontinuous lines show ideal compensation. B: MGA
averaged across covariance angles for different gripper rotation and “open-close” fingers costs.

4.4.3 Impact of control-dependent cost on optimal grasping strategy

There are usually trade-offs between competing criteria in purposive movements. For instance, in

grasping tasks, we trade off between reaching the objects in a precise manner, contacting them

on the appropriate sides, exerting the necessary forces for stable grasps and consuming the lowest

energy. Accordingly, we tested the hypothesis that the controller compensates for object-position

uncertainty as long as the costs to rotate the gripper and “open-close” the fingers are not too high.

To test this hypothesis, we ran a series of simulations, in which we varied both the control costs

for the gripper rotation r33 and “opening-closing” of the fingers r44 and measured the approach

direction and MGA of the gripper. Fig. 4.6A depicts the approach direction for each covariance

angle for a set of different gripper rotation costs (while keeping the “open-close” fingers cost fixed

at 10−8). The results show that the approach direction scales with the orientation of cylinder position

distribution, as long as the cost for rotating the gripper is low. However, when the cost for gripper
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rotation becomes too high, the controller does not compensate anymore.

Varying the gripwidth control cost while keeping the rotation cost constant (i.e., 0.1) changed

the MGA but not the grasp orientation. Fig. 4.6B shows the MGA for different “open-close” fingers

costs in two conditions: a) no uncertainty and b) uncertainty about the cylinder position (average

MGA across the 5 covariance orientations). Notice that the MGA difference between the two con-

ditions increases as the cost for gripwidth control goes down.

On the whole, optimal strategy for grasping objects with position uncertainty involves opening

the finger wider and aligning the approach direction of the fingers with the direction of maximal

position uncertainty. However, when this strategy becomes too expensive, the controller does not

compensate anymore.

4.5 Discussion

We proposed an optimal feedback control framework to model human behavior in purposive move-

ment tasks like grasping when the position of the target is not precisely known. Optimal feedback

control theory is considered the most successful framework to model a variety of biological move-

ments, such as point-to-point reaching movements [34, 50, 152], throwing balls to targets [51] and

others (for review see [49]). To simplify modeling and the assessment of optimality, these studies

have focused on simple goal-directed tasks, which exclude ubiquitous complex purposive move-

ments that involve the application of forces on objects. It is quite challenging to extend the optimal

feedback control theory to model purposive movements. There are only few studies that account

for human behavior in purposive movement tasks, such as jumping [118], grasping objects [63],

walking [57, 148] and snowboarding/surfing [72]. However, none of these studies provide models

that can explain human compensation strategies in purposive movement tasks.

One of the novelties of this study is the cost function that we designed to model human behavior

for grasping objects with position uncertainty. Rather than hand tune a cost function to match

human trajectories or model the full details of object-finger contact, our cost function encodes the

minimum requirements needed to accomplish the grasping task. This is interesting because grasping

is a complex task, but a simple cost function captures most of human reaching behavior. Much of the
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simplicity stems from the fact that grasping has stronger constraints - making stable contacts without

object finger collision constrains optimal trajectories. In contrast, goal-directed tasks like pointing

or touching are trajectory ambiguous, in that multiple trajectories could satisfy the task constraints.

Reducing the trajectory ambiguity requires invoking cost functions that ensure accuracy and energy

efficiency, like minimum variance with signal-dependent noise [31].

An interesting question is how the cylinder position uncertainty affects the optimal grasp plan.

By varying both the size and the orientation of the cylinder position distribution, we found that

uncertainty modulates the optimal grip aperture profile and the approach direction of the gripper.

These results are consistent with findings in human studies, where MGA increases as the amount of

visual uncertainty of the object position increases [21, 55, 102] and approach direction scales with

the orientation of the cylinder position distribution (see Chapter 3).

Optimal strategies for grasping objects with position uncertainty involve a series of actions that

require energy consumption. If the only criterion was the reward for grasping the cylinder, then

people would reach and grasp the objects as fast as possible, open their fingers as wide as possible

and align perfectly the approach direction with the orientation of the cylinder position distribution.

However, reaching trajectories display stereotyped movements, which involve an initial forward

transport phase that brings the hand near to the object, followed by a period in which digits move

slowly and contact the object [86]. Additionally, fingers do not open widely across the whole

trajectory and the hand does not align perfectly with the covariance orientation of the cylinder

position distribution [168]. These differences from reward-based predictions can be explained by

movement constraints and control costs that prevent people from compensating utterly. Optimal

control shows that the benefits of compensation in terms of the probability of stably grasping must

outweigh the action costs. These effects of control costs on compensation strategies may explain

the individual differences observed among participants in our previous work presented in Chapter

3. Different subjects may have different control costs (i.e., rotating the hand and “opening-closing”

fingers). Hence, for some participants, the additional control cost required to rotate the hand and/or

open the fingers wider may not be worth the small gain in grasping performance.

80



The proposed optimal feedback control model captures many characteristics of human com-

pensation strategies for grasping objects with directional position uncertainty. Other factors that

affect human control have not been captured, however, such as biomechanical constraints or un-

equal weights on the individual criteria of the optimal control cost function. Estimating the relative

weights of the individual criteria through the experimental data is a challenge procedure that is be-

yond this study. Additionally, people may attempt to optimize and other criteria in addition to stable

grasp at first contact, collision avoidance and energy consumption.

The proposed model can be extended to incorporate more realistic dynamics of the human hand.

For instance, building on previous studies, we can design realistic dynamics, like the dynamics of

N-link arm [53, 169], or incorporate more realistic contact physics in the finger object interactions.

Currently this is quite computationally challenging, because it is difficult to design optimal control

models for complex redundant systems with non-trivial constraints. One way to tackle this problem

is to apply local methods for optimal control, such as differential dynamic programming [41] and

iterative LQG [169] to find optimal solutions to the non-linear optimal control model. Additionally,

the human hand can be modeled using a hierarchical control framework similar to the one proposed

in [54]. This model consists of two layers; a low-level feedback controller, which receives infor-

mation about the plant state and sends this information to a high-level feedback controller, which

solves the original control problem but operates on a simplified model. The proposed framework

has been successfully applied to a more realistic human hand model with 7 d-o-f and 14 muscles,

whose dynamics resemble those of an actual hand, in tasks like reaching and drawing. For the cur-

rent study, however, little benefit in insight would be gained from using a more complex model.

One of the key results is that simple cost criteria are sufficient to produce trajectories characteristic

of human behavior. For some tasks, compensation for uncertainty may exploit intrinsic aspects of

the full hand/arm dynamics (like damping), but the full dynamics are not needed to explain grasping

behavior for the data we considered.

In addition, we can apply the optimal feedback control framework to model grasping tasks in

a more natural environments with obstacles close to the cylinder location. Experimental studies

suggest that placing obstacles near the target affects the speed [104] and other parameters, such as
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the MGA [114] of the grasping movements. An interesting question that we could address within

the optimal control framework is how obstacles affect the optimal strategies for grasping objects

with position uncertainty. To accomplish this, we need to incorporate the probability distribution

of the obstacles’ position in the state. Additionally, the proposed optimal control framework can

be extended to study other purposive movement tasks, such as walking and jumping, by building

appropriate natural cost functions. For instance, in the walking task, the cost function should include

“walking-dependent” criteria that ensure balance during walking, environmental constraints, such

as speed, step length and frequency, collision avoidance constraints and control-cost criteria.

In conclusion, the results suggest that compensation strategies in grasping are consistent with

the stochastic optimal feedback control with simple task completion and collision avoidance criteria.
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Chapter 5

Analysis of spatiotemporal interactions

of magnetoencephalographic (MEG)

data during copying

5.1 Overview

Although a wealth of knowledge about how people acquire and use information to interact and

communicate with the environment has been accumulated, little is known on how the brain encodes

this information. From what has been observed in many neurophysiological and functional neuro

imaging studies, it appears that information processing involves the cooperation and interaction of

multiple, distinct brain regions. In this chapter, we examine the spatiotemporal neural interactions

underlying the continuous and sequential movements used to copy geometrical shapes. We experi-

mentally tested the hypothesis that interactions among subsets of magnetoencephalography (MEG)

sensors carry information related to changes in movement direction during the copying task. For

this study, we took data from a previous experiment, in which 10 subjects continuously copied a

pentagonal shape for 45 s using an XY joystick. The subjects performed this task while neuro-

magnetic fluxes were recorded from their head using a whole-head MEG device [10]. Our initial

hypothesis was that neural interactions implement the feedforward-feedback motor control scheme
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for planning, executing and correcting movements.

5.2 Introduction

Over the years, many studies have explored the way the brain encodes spatial and temporal infor-

mation related to spatiomotor tasks. These studies have employed mainly a “center → out” task,

sequential motor tasks, and tracing and copying of geometrical shapes. In early 1980′s Georgopou-

los and his colleagues, recorded neural activity from single neurons in the arm region of the motor

cortex of macaque monkeys, as the monkeys performed a 2D “center → out” task in 8 directions

(at 45◦ intervals). About half of the recorded cells showed activity related to the task. Of these,

more than two thirds exhibited systematic variation with the movement direction. Specifically, each

cell’s firing rates increased as the monkey’s movement trajectory neared the “preferred direction”

of the cell and decreased as it moved away from the cell’s “preferred direction”; this phenomenon

is known as “directional tuning” [16]. Based on this observation, Georgopoulos and his colleagues

proposed the “population vector theory” as a framework to describe how an ensemble of neurons in

the motor cortex encodes movement directions in 2D [14,17] and 3D space [7,8]. According to the

theory, each neuron in the ensemble “votes” for its preferred direction by adjusting its firing rate.

The actual movement trajectory can be reconstructed by linearly summing the weighted directional

contributions of the individual cells [14, 17]. Further work has been done to capture the full kine-

matics of hand, by extending the directional tuning model to include hand position [143] and hand

velocity [35].

Other studies have used tracing and copying shapes, as well as sequential motor tasks, to assess

neural mechanisms underlying movement sequences and serial order behavior. Averbeck and his

colleagues studied the involvement of prefrontal cortex in copying geometrical shapes, such as tri-

angles, squares and pentagons [22, 23, 25]. They found that the prefrontal cortex carries significant

information about the serial position of the movement trajectory and the spatial characteristics of

the shape. However, temporal characteristics of the movement trajectory, such as maximum speed

and time to maximum speed, were less correlated with neural activity. In a recent study, Aver-

beck and his colleagues found that superior parietal cortex (SPC) had an enriched representation of
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both spatial and temporal characteristics of the copied shapes, with the temporal enrichment being

stronger than the spatial enrichment [24]. Other neurophysiological studies have explored the neu-

ral mechanisms underlying movement sequences in other brain regions, such as basal ganglia [69],

supplementary motor area (SMA) and pre-SMA [68, 161, 174], and premotor and primary motor

cortices [46, 47].

Despite the significant contribution of neurophysiological studies to understanding how the

brain encodes and processes information, these studies are limited since “they do not see the whole

brain”. The advantage of modern brain imaging methods, such as functional Magnetic Resonance

Imaging (fMRI), Position Emission Tomography (PET), electroencephalography (EEG) and mag-

netoencephalography (MEG) is that they enable us to study brain functionality “as a whole”. These

imaging technologies have helped researchers formulate the idea that the brain has a hierarchical

structure, in which large-scale cortical networks interact to encode and process information from

the environment. To better understand on how the brain does this, it is necessary to understand the

functional properties of cortical areas, their connectivity and the spatiotemporal pattern of activity

among them.

Previous studies have used fMRI to assess the function of different brain regions and their

interconnections with other cortical areas, while subjects performed a variety of motor and cognitive

tasks, such as copying geometrical shapes [154,164] and attention tasks [96,119]. fMRI uses strong

magnetic fields to measure variations in the Blood Oxygenation Level Dependent (BOLD) signal

over time (hemodynamic response) as the neural activity changes in a given brain area. Although

modern MRI scanners are able to achieve a spatial resolution of 3−5 mm, their temporal resolution

is limited to 3− 5 s, due to relative slow hemodynamic response of the brain [151].

EEG and MEG overcome this poor temporal resolution, by directly measuring the electro-

magnetic activity, respectively of the brain and sampling at high rates to achieve a temporal res-

olution on the order of ms [110, 122, 126]. In both EEG and MEG, sensors are arranged on the

surface of the head. MEG sensors record the synchronous synaptic activity in thousand of neurons

in brain regions typically near the sensors. EEG sensors measure the associated scalp potentials.

Although EEG and MEG signals originate from the same neurophysiological processes, there are
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important differences. Magnetic fields are less distorted than electric fields by the inhomogeneous

conductivity of the intervening tissues (e.g., skull, scalp, cerebrospinal fluid). Thus, the higher spa-

tial precision of MEG signals makes the MEG spatial localization less ambiguous. Because MEG

signals are on the order of few femtoteslas, it is necessary to conduct the experimental acquisition

within magnetically shielded chambers. It is also better to conduct EEG acquisitions in electrically

shielded rooms, but this is less crucial than MEG.

Both MEG and EEG techniques provide excellent temporal resolution, but relatively low spatial

resolution compared to fMRI. Due to the high temporal resolution, these techniques are suited for

studies in which the timing of neural activity is of interest [160], such as assessing short temporal

interactions between cortical regions during cognitive and motor control tasks. Previous studies

have used EEG to explore cortical interactions during simple motor control tasks, such as paced fin-

ger movements [28,100], simple finger movements with different rates [95] and also more complex

movements, such as the visuomotor task of reaching a target [18] and tasks involving sequences

of bimanual movements [58]. Similarly, other studies have used MEG to assess changes in neural

activity and functional coupling of cortical regions during cognitive and motor control tasks, such

as fixation on single spot [59] and copying geometrical figures continuously and without visual

feedback [10].

Although these studies revealed significant findings about the functional coupling of cortical

regions in spatiomotor tasks, they did not address the question on how these interactions are associ-

ated with behavioral parameters of these tasks. The major objective of this study was to explore the

spatial and temporal interactions of brain regions underlying movement sequences and the associa-

tion of these interactions with movement parameters. Data were taken from a previous study [10],

in which 10 subjects were instructed to copy a pentagonal shape continuously for 45 s using an

XY joystick, while neuromagnetic fluxes were recorded from the whole head of subjects by MEG.

After removing extraneous noise (e.g., cardiac artifact) from the recordings, we used a Box-Jenkins

Autoregressive, Integrated Moving Average (ARIMA) model to the unsmoothed and unaveraged

MEG raw data, to remove confounding autocorrelations and trends (i.e., to “prewhite” the data).

Since we were interested in assessing neural interactions over small time intervals, we divided the
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prewhitened time series obtained from each MEG sensor into time-bins of 51 ms; we then computed

the cross-correlation between pairs of sensors over ±25 time-lags (∼ 51ms) within each time-bin.

Additionally, we used the circular standard deviation of the movement direction within that inter-

val to estimate the variability of the movement direction for 51ms trajectory segments. We applied

ARIMA model to the individual time series of the circular standard deviations to yield residual prac-

tically stationary. Next, we performed a cross-correlation analysis between the strength of the peak

pair wise MEG cross-correlations and the circular standard deviations across all pairs of sensors and

subjects. We found that neural interactions and variability of movement direction are integrated in a

feedforward-feedback control scheme. That is, we found neural interactions that precede (forward)

or follow (feedback) changes in movement direction. Furthermore, we explored whether there are

differences on neural interactions associated with low and high variability of movement direction.

For that purpose, we assigned all the trajectory segments into two groups based on a threshold on

the variability of movement direction - namely segments with high and segments with low direc-

tional variability. We found a rich and consistent pattern of neural interactions with respect to the

sign, the strength and the time-lag of cross-correlations. Although, these patterns tend to be con-

served between the two groups, we found pairs of sensors that have significantly different strength

of cross-correlations between the two groups.

5.3 Materials and methods

5.3.1 Subjects

Ten healthy right-handed subjects (23-41 years old, 5 men and 5 women) with normal or corrected-

to-normal vision and with no known neurological or physical dysfunction participated in the MEG-

imaging study for monetary compensation. The appropriate institutional review board approved the

study protocol and informed consent was obtained prior to the study based on the Declaration of

Helsinki.
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5.3.2 Experimental paradigm

Task

Subjects were instructed to perform three 45 s consecutive tasks (two fixation and one copy task),

Fig. 5.1. In the first task (“rest” task”), subjects fixated a spot of blue light presented on the center of

the screen. When the color of light turned red, the spot was surrounded by an outline of a pentagon,

and the subjects continued fixating for another 45 s (“visual task”). Finally, the fixation spot turned

green and subjects copied the outlined pentagon continuously using an XY joystick with the right

hand (“motor task”). Subjects were instructed to fixate during all tasks. They copied the pentagon

counterclockwise at their own speed without visual feedback of the joystick movement. In the

current study, we focus only on the motor task.

REST VISUAL MOTOR

Figure 5.1: Illustration of the experimental paradigm. Rest task: A blue fixation spot was presented
on the center of the screen and subjects were required to fixate for 45 s. Visual task: The color of
the fixation spot turned red and was surrounded by a pentagonal outline; the subjects continued
fixation for another 45 s. Motor task: When the fixation spot turned green, subjects were instructed
to copy the pentagon counterclockwise at their own speed using an XY joystick with their right
hands. No visual feedback was provided.

Experimental set-up

The task stimuli were generated by a computer and were presented on a display 62 cm in front of

the subjects, using a Liquid Crystal Display (LCD) project and a periscopic mirror system. The

2D pentagon displayed subtended approximately 10 ◦ of visual angle. The subjects lay supine in

the recording chamber having their head inside the cryogenic helmet-shaped dewar, Fig. 5.2 (left

panel). During the motor task, the subjects copied the pentagon using a 2D joystick (joystick model
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Figure 5.2: Left: The 248-sensor whole-head MEG system is located inside a shielded room that
reduces electromagnetic and environmental noise. Right: The subjects lay supine in the recording
chamber with their heads inside the cryogenic helmet-shaped dewar. The joystick was mounted
comfortably at arm’s length on the right side.

541 FP, Measurement Systems, Norwalk, CT; remodeled by removing all the magnetic parts). The

joystick was placed on a rectangular plastic sheet (22.6 × 19.5) cm2 and raised 3.5 cm above the

resting bed and tilted at an angle of 30.6 ◦.

5.3.3 Data acquisition

Magnetoencephalography (MEG)

Brain activity was recorded using a 248-sensors whole-head axial MEG system (Magnes 3600 WH,

4-D Neuroimaging, San Diego, CA), Fig. 5.3. The cryogenic helmet-shaped dewar of the MEG

system was located inside a shielded room that reduced electromagnetic and environmental noise

Fig. 5.2 (right panel). The MEG data were recorded at 1017.25 Hz and filtered down to 0.1 − 400

Hz during acquisition.

Hand movement

The XY position of the joystick was sampled synchronously at the same rate as the MEG signals

(i.e., 1017.25 Hz).
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Figure 5.3: 2D projection of the 248-channel axis gradiometer MEG system used to record brain
activity

5.3.4 Data Analysis

The MEG data were 248 time series with ∼ 45, 000 values per sensor per subject. The obtrusive,

cardiac artifact was removed from the MEG data using the event-synchronous subtraction method

[9].

5.3.5 Time series analysis

Neurophysiological time series often are not stationary with respect to their mean and variance,

and in many cases are dominated by trends, which should be recognized before any analysis is

done. Without removing nonstationarities from the data, spurious associations could arise [10, 64,
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66]. Since the main goal of this study was to assess pair wise interactions between MEG time

series, the data should be stationary. Therefore, we used Autoregressive Integrated Moving Average

(ARIMA) modeling to remove any autocorrelation and possible trends in the recorded MEG data.

The autoregressive (AR) model eliminates any linear dependencies (i.e. autocorrelations) within

the individual time series; the integrated factor (I) differentiates the time series to remove possible

linear trends; and the moving average (MA) model smoothes the time series by taking the weighted

linear summation of random shocks (i.e., noise terms). Based on a previous MEG studies [10, 59],

an ARIMA(25,1,1) model was adequate to obtain quasi-stationary time series (i.e. “prewhitened”

data).

5.3.6 MEG time series cross-correlation analysis

The major objective of this study was to assess how spatiotemporal neural interactions are changes

with time during the copying task. To analyze this, we divided each prewhitened MEG time series

into N time-bins of length 51 ms and performed a cross-correlation analysis between all possible

pairs of sensors (30,628) over ±25 time-lags including zero-lag. The cross-correlation function

(CCF) between pairs of stationary residuals was computing using the IMSL statistical routine DCCF

(Compaq Visual Fortran Professional Edition, version 6.6B). We normalized the distribution of

the pair wise cross-correlation before averaging across subjects using Fisher’s z-transformation,

Eq. (5.1).

zij(t) =
1
2

[ln (1 + cij (t))− ln (1− cij (t))] (5.1)

where cij(t) is the pair wise cross-correlation between sensor i and j at time-lag t.

To characterize the cross-correlogram, we determined the time-lag at which the peak cross-

correlation occurred, tmax, and the value at that time-lag zij(tmax). Hence, 30, 628×N×10 (where

N is the number of time-bins and 10 the total number of subjects) peak of cross-correlations

zij(tmax)s with the corresponding tmaxs were available for further analysis.
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5.3.7 Behavioral data analysis

The XY output of the joystick was smoothed using a cubic spline approximation to reduce noise

from the joystick. Fig. 5.4 illustrates a typical example of a 5.5-s-long segment of the original and

smoothed trajectory. In addition, we computed two measures to characterize the “straightness” of

the movement and the variability of movement direction within a time-bin:

Index of linearity, I

The index of linearity I, characterizes the general straightness of the movement trajectory and is

defined as the ratio of the maximal deviation of the actual trajectory from the straight trajectory to

the length of the straight trajectory. The straight trajectory corresponds to the line connecting the

start and the end points of the actual trajectory [27]. If the index of linearity is 0, the movement

trajectory is a perfect straight line, whereas if it is 1, the movement trajectory is circular. We used

the index of linearity to estimate the straightness of the movement trajectory within a time-bin of

51 ms. Fig. 5.5 shows an example of two 51 ms long segments of the trajectory with low (green

segment) and high (red segment) indexes of linearity (i.e, Ismall = 0.1562, Ilarge = 0.2178).

Circular standard deviation, S̄

The circular standard deviation, S̄, of the movement direction describes the variability of movement

direction within a 51 ms time-bin, Eq. (5.2)

S̄ =
√(−2 ln R̄

)
, R̄ =

1
M

√√√√
(

M∑

t=1

cos θt

)2

+

(
M∑

t=1

sin θt

)2

(5.2)

where M is the length of the time-bin (51 ms) and θt is the instantaneous direction of the

movement at a given time t. The lower the circular standard deviation, the lower the variability of

movement direction. For example, the circular standard deviation of the “green” and “red” 51-ms-

long segment of the movement trajectory in Fig. 5.5 is 4.9848 and 35.4538, respectively.
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Figure 5.4: Illustration of the original (blue) and smoothed (red) movement trajectory from a typical
5.5 s-long segment (out of 45 s total).

5.3.8 Analysis of the relation between neural interactions and variability of move-

ment direction

Our initial hypothesis was that neural interactions are associated with the variability of movement

direction during the copying task. To test that, we performed a cross-correlation analysis between

the peak of MEG cross-correlations zij(tmax)s and the log-transformation of the circular standard

deviations S̄s. However, we found that the time series of the log-transformed circular standard devi-

ations were not stationary. Following the same procedure with the neural data, we used an ARIMA

model to remove the autocorrelation structure of the circular standard deviation time series. After

extensive ARIMA modeling and diagnostic checking, including the computation and evaluation of

the autocorrelation (ACF) and the partial autocorrelation function (PACF) of the residuals, we found

that ARIMA(10,1,0) was adequate to yield quasi-stationary time series. Note that the time series of

the peak of MEG cross-correlations zij(tmax)s were quasi-stationary and did not require ARIMA

modeling. We performed the cross-correlation analysis within ± 3 time-lags, including zero. We

chose this time-lag based on previous studies, which found that neural activity precedes actual hand

movement by some amount of time [35, 173]; the time between the neural activity and the hand
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Figure 5.5: Illustration of two 51 ms long segments (out of 45 s total) of the movement trajectory
with low (green segment) and high (red segment) indexes of linearity (Ilow = 0.1562, Ihigh = 0.2178)
and circular standard deviation (S̄low = 4.9848, S̄high = 35.4538). Black arrows correspond to the
instantaneous direction of the movement.

movement varies linearly with the radius of curvature of the movement trajectory [47], but it is does

not exceed 150-200 ms.

To better understand on how neural interactions are related to variability of movement direction,

we further explored these interactions for trajectory segments with low and high directional vari-

ability. From the histogram of the circular standard deviation, we classified the time-bins into two

categories: 1) time-bins, in which the corresponding circular standard deviation of the movement

direction was less than 20% the histogram mean and 2) time bins, in which the corresponding cir-

cular standard deviation of the movement direction was equal to or greater than 20% the histogram

mean. Although this threshold was selected somehow arbitrarily, other threshold values (e.g., 25%

, 30%) gave similar results. We then compared the pattern of neural interactions with respect to the

sign, strength and time-lag of the peak of the cross-correlations between the two categories.
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5.4 Results

5.4.1 Prewhitening neural data

Before beginning the time series analysis, we discarded the first and last 1, 000 points (i.e,. the

first and the last 1,000 seconds) to avoid potential interference from processes at the start or end

of the task [10]. We then evaluated the stationarity of the raw data. Figs. 5.6 and 5.7 display a 3

s long segment of the MEG data from sensors 129 and 157, respectively, before and after apply-

ing the ARIMA(25,1,1) model. Before the model was applied, the raw series were not stationary

with respect to their mean and standard deviation. However, the non-stationarity was significantly

reduced after applying the ARIMA model. In addition, Figs. 5.8 and 5.9 (A and C panels) display

the autocorrelation function (ACF) and the partial autocorrelation function (PACF) of the raw data

recorded from sensors 129 and 157, respectively. The structure of ACFs and PACFs indicate that

raw data are not stationary with respect to their autocorrelation. However, after applying ARIMA

model, ACFs and PACFs for both sensors became flat, indicating that the prewhitened data (i.e.,

ARIMA residuals) are also stationary with respect to their autocorrelations, Figs. 5.8 and 5.9 (B

and D panels) (see [10] for further information about time series analysis in MEG data).

The importance of prewhitening the original time series for assessing interactions between pairs

of MEG sensors is shown in Fig. 5.10. Panels A and B of Fig. 5.10 depict the cross-correlation func-

tion (CCF) between sensors 129 and 157 over±25 time-lags before and after applying ARIMA(25,1,1)

modeling. It is clear that the CCF structure of the raw data is dominated by the autocorrelated struc-

ture of the individual time series, since the two sensors are highly correlated across the whole span of

51 lags. The actual CCF between these two sensors is more localized around±4 time-lags and with

lower, but still statistically significant, correlations. Panels C and D of Fig. 5.10 illustrate the CCF

between sensors 129 and 157 for an arbitrary time-bin of 51 ms, before and after ARIMA(25,1,1)

modeling.

95



−1000

−500

0

500

1000

−1000

−500

0

500

1000

A B

3 s 3 s

fT

Raw data ARIMA(25,1,1)

Figure 5.6: MEG raw data (3-s-segment out of 45 s total) from sensor 129 (A) before and (B) after
applying ARIMA(25,1,1) modeling.
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Figure 5.7: MEG raw data (3-s-segment out of 45 s total) from sensor 157 (A) before and (B) after
applying ARIMA(25,1,1) modeling.

5.4.2 Cross-correlation analysis of MEG time series

We calculated the cross-correlation over 51 ms time-bins for every possible pair of sensors over

± 25 time-lags (∼ 51 ms - 1 lag is equivalent to 0.983 ms, as the sampling frequency is 1017.25

Hz). From the 248 MEG sensors, we produced




248

2


× N time-bins × 10 subjects cross-

correlograms and then normalized the distribution of the cross-correlations using Fisher’s z - trans-

formation (see Methods section) to calculate the descriptive and other statistics.

We characterized the cross-correlogram by computing the sign, the strength of the peak cross-

correlation zij(tmax) and the time-lag tmax at which the peak of cross-correlation occurred. The

frequency distribution of the peak of cross-correlations across pairs of MEG sensors, time-bins and

subjects is illustrated in Fig. 5.11A (only where p < 0.05). The distribution is almost symmetric

around 0, although there are slightly more positive (90,528,648 out of 178,111,539 total = 50.83%)
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Figure 5.8: ACF structure of the MEG signal recorded from sensor 129 before (A) and after (B)
applying an ARIMA(25,1,1) model. PACF structure of the MEG signals recorded from the same
sensor before (C) and after (D) applying the model. The black lines that are close to the reference
zero-line, denote 95 % statistical significance level from the ACF and PACF value. Notice that
the strong autocorrelation and partial-autocorrelation structure on the raw data disappeared after
applying ARIMA(25,1,1) modeling. That is, the ACFs and PACFs are flat.
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Figure 5.9: ACF structure of the MEG signal recorded from sensor 157 before (A) and after (B)
applying an ARIMA(25,1,1) model. PACF structure of the MEG signals recorded from the same
sensor before (A) and after (B) applying the model. The black lines that are close to the reference
zero-line, denote 95 % statistical significance level from the ACF and PACF value. Notice that
the strong autocorrelation and partial-autocorrelation structure on the raw data disappeared after
applying ARIMA(25,1,1) modeling. That is, the ACFs and PACFs are flat.
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Figure 5.10: Cross-correlation function (CCF) between sensors 129 and 157 (A) before and (B)
after applying ARIMA(25,1,1) modeling over ±25 time-lags including zero-lag. Notice that raw
data recorded from these two sensors are highly correlated across the whole span of 51 lags, which
indicates that CCF is dominated by the autocorrelated structured of the individual time series. The
actual CCF is more localized around ± 4 lags with lower, but still statistically significant, correla-
tions. Panels (C) and (D) illustrate the CCF between the same sensors but for an arbitraty time-bin
of 51 ms.
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than negative (87,582,891 out of 178,111,539 total = 49.17%) values. Additionally, the average

values of the positive and negative zij(tmax) were 0.3462±5.9034×10−6 and−0.3451±5.8525×
10−6 (mean ± SEM), respectively. The frequency distribution of the corresponding tmax, which is

illustrated in Fig. 5.11B, is symmetric around the zero-lag. Finally, we found that 11,369,905 out

of 178,111,539 (6.38%) zij(tmax) were at the zero-lag and the rest of them (93.62 %) were at non

zero-lag. We summarize all these basic statistics for the individual subjects in Tables 5.1 and 5.2.

Notice the similarity in the peak of the cross-correlation between MEG sensors and the time-lag at

which it occurred across all subjects.

Next, we looked at how many of the peak cross-correlations are positive and how many are neg-

ative at any given time-lag tmax (tmax = [−25, 25]). The frequency distribution of the positive and

negative peak cross-correlations for all tmax is shown in Fig. 5.11C. We also present the frequency

distribution of the difference between the number of positive and negative peak cross-correlations

for all tmax, Fig. 5.11D. We found that there were more positive than negative zij(tmax)s around

zero-lag (i.e., synchronous interactions), whereas there were slightly more negative than positive

zij(tmax)s for tmax greater than 5 or lower than -5 away from the zero-lag.

5.4.3 Behavioral data analysis

We divided the XY joystick movement trajectory in 51 ms time-bins and used two measures to

characterize the straightness of the trajectory and the variability of movement direction within each

time-bin. Specifically, we computed the index of linearity I and the circular standard deviation S̄

of the movement direction for each 51 ms trajectory segment. The relative frequency distribution

of I and S̄ across all time-bins and subjects are presented in Figs. 5.12A and 5.12B, respectively.

We also computed the log-transformation of both I and S̄ to make the distributions symmetric.

Table 5.3 summarizes some of the basic statistics of the log-transformed I and S̄ across time-bins and

subjects. Notice the variability in both I and S̄ among subjects; although the basic statistics of neural

interactions are very similar across subjects, the behavioral characteristics can vary significantly.

Additionally, we regressed the log-transformed I against the log-transformed S̄ and found that

these metrics are highly correlated (i.e., r = 0.7424, p <0.0001). However, for the rest of the
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Figure 5.11: (A): Relative frequency distribution of the peak of cross-correlations. (B): Relative
frequency distribution of the time-lags tmaxs that peak of cross-correlations occurred. (C): Relative
frequency distribution of the positive (blue bars) and negative (red bars) peak of cross-correlations at
all tmaxs. (D) Relative frequency distribution of the difference between the number of positive and
negative peak of cross-correlations across all tmaxs. The frequency distributions were computed
across all pairs of MEG sensors, time-bins and subjects.
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Table 5.1: Basic statistics summary of zij(tmax) and tmax for all subjects.

Subjects zij(tmax) zij(tmax) Positive Negative Asynch Synch
total p < 0.05 (%) (%) (%) (%)

(%) zij(tmax) zij(tmax) tmax tmax

1 26,217,568 18,045,076 50.57 49.43 93.19 6.81
(68.82)

2 26,217,568 17,999,385 50.56 49.44 93.54 6.46
(68.65)

3 26,217,568 18,078,719 50.74 49.26 92.51 7.49
(68.96)

4 26,217,568 17,958,898 51.17 48.83 93.83 6.17
(68.50)

5 26,217,568 17,989,091 50.83 49.17 93.39 6.61
(68.61)

6 25,053,704 17,180,962 50.80 49.20 93.95 6.05
(68.58)

7 26,003,172 17,812,316 51.00 49.00 94.11 5.89
(68.50)

8 25,788,776 17,677,959 50.91 49.09 93.96 6.03
(68.54)

9 25,666,264 17,649,929 50.54 49.46 93.83 6.17
(68.76)

10 25,819,404 17,719,204 51.71 48.83 93.88 6.12
(68.62)

Table 5.2: Mean, median and standard deviation of positive and negative zij(tmax)

Positive zij(tmax) Negative zij(tmax)
Subjects Mean Median Std Mean Median Std

1 0.3470 0.3386 1.8805 10−5 -0.3453 -0.3376 1.8397 10−5

2 0.3458 0.3378 1.8489 10−5 -0.3448 -0.3371 1.8327 10−5

3 0.3475 0.3388 1.9115 10−5 -0.3454 -0.3376 1.8482 10−5

4 0.3454 0.3375 1.8309 10−5 -0.3445 -0.3368 1.8364 10−5

5 0.3463 0.3380 1.8696 10−5 -0.3448 -0.3371 1.8403 10−5

6 0.3459 0.3379 1.8888 10−5 -0.3451 -0.3374 1.8848 10−5

7 0.3457 0.3378 1.8422 10−5 -0.3450 -0.3373 1.8509 10−5

8 0.3463 0.3382 1.8656 10−5 -0.3454 -0.3377 1.8624 10−5

9 0.3468 0.3387 1.8805 10−5 -0.3457 -0.3379 1.8629 10−5

10 0.3462 0.3382 1.8578 10−5 -0.3452 -0.3376 1.8603 10−5
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Figure 5.12: Relative frequency distribution of (A) index of linearity, I, and (B) the circular standard
deviation, S̄, of the movement direction for 51 ms segment of the trajectory across all time-bins and
subjects. The panels (C) and (D) illustrate the frequency distribution of the log-transformed of I and
S̄.
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Table 5.3: Mean, median and standard deviation of log-transformed I and S̄ across time-bins for
each subject.

log I log S̄
Subjects Mean Median Std Mean Median Std

1 -3.3058 -3.1460 1.4169 2.1209 2.1772 1.0370
2 -3.8992 -3.7517 1.5642 1.6257 1.6124 1.0683
3 -3.6651 -3.4251 1.5104 1.8106 1.8526 0.9157
4 -3.5181 -3.3316 1.4033 1.9329 2.0368 1.0179
5 -3.8829 -3.8134 1.4556 1.6111 1.5632 1.1733
6 -2.8606 -2.6365 1.3575 2.4753 2.6661 1.0592
7 -3.1405 -3.0227 1.3061 2.3828 2.4630 0.9841
8 -3.4589 -3.1276 1.7695 2.1789 2.3824 1.1941
9 -2.8636 -2.6156 1.4383 2.7188 2.7883 0.7596

10 -3.3380 -3.1301 1.5998 2.1271 2.3137 1.1726

analysis, we focus on S̄, because it serves as a measure of the variability of movement direction as

opposed to the straightness of the movement trajectory.

Next, we evaluated the stationarity of the log-transformed S̄. Figs. 5.13A and 5.13C present the

autocorrelation (ACF) and the partial autocorrelation (PACF) function of a typical log-transformed

S̄. The structure of both ACF and PACF indicate that the log-transformed S̄ is not stationary.

However, ACF and PACF became flat after applying ARIMA(10,1,0) model, indicating that the

prewhitened data are stationary, Figs. 5.13B and 5.13D.

5.4.4 Analysis of the relation between neural interactions and variability of move-

ment direction

To look at the relationship between neural interactions and variability of movement direction, we

performed a cross-correlation analysis between zij(tmax) and prewhitened log-transformed S̄ over

±3 time-lags including zero-lag. Note that in this analysis 1 time-lag corresponds to±25 time-lags

(i.e, ∼ [0, 51] ms) in the cross-correlation analysis of the MEG prewhitened time-series (since we

are looking at zij(tmax)).

Altogether, 306,280 (30,628 pairs of MEG sensors × 10 subjects) cross-correlograms were

available for further analysis. We normalized the distribution of the cross-correlation values before
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Figure 5.13: ACF structure of the log-transformed S̄ before (A) and after (B) applying an
ARIMA(10,1,0) model. PACF structure of the log-transformed S̄ before (C) and after (D) ap-
plying the model. The black lines that are close to the reference zero-line, denote 95 % statistical
significance level from the ACF and PACF value. Notice that the strong autocorrelation and partial-
autocorrelation structure on the log-transformed S̄ disappeared after applying ARIMA(10,1,0) mod-
eling. That is, the ACFs and PACFs are flat.
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averaging across subjects using Fisher’s z-transformation, zS̄
i,j(t). Similar to the cross-correlation

analysis on the MEG time-series, we focused on the peak of cross-correlogram zS̄
i,j(t

′
max) and the

corresponding t
′
max, the lag at which the peak occurred. We found that 84,948/306,280 (27.74 %)

zS̄
i,j(t)s had p < 0.05 and of those 42,754 (50.33 %) were positive and 42,194 (49.67 %) were

negative. The average absolute value of zS̄
i,j(t

′
max)s was 0.0826 ±4.1176 × 10−5 (mean ± SEM,

N = 84, 948). Additionally, the average positive and negative zS̄
i,j(t

′
max)s were 0.0826 ±5.7706×

10−5 (N = 42, 754) and -0.0827 ±5.8764 × 10−5. The frequency distribution of the peak cross-

correlations between the strength of neural interactions and the variability of movement direction

across pairs of MEG sensors and subjects is illustrated in Fig. 5.14A.

Next, we focus on the time-lags t
′
maxs, at which the peak cross-correlations zS̄

i,j(t
′
max)s oc-

curred. We found that 12,066 out of total 84,948 (14.21 %) cross-correlograms had their peak at

zero-lag, 36,719 (43.22 %) at positive lag and 36,163 (42.57 %) at negative lag. Note that zero-

lag cross-correlation between neural interactions and variability of movement direction, indicates

synchronous interactions between these time series of data. On the other hand, positive or negative

lag corresponds to asynchronous interactions, in which one variable drives the other. Specifically,

positive lag denotes that neural interactions precede changes in movement direction and vice-versa.

In control theory context, positive and negative time-lags correspond to feedforward and feedback

processes [64]. The frequency distribution of t
′
maxs, which is presented in Fig. 5.14B, shows that

t
′
max is uniformly distributed between ± 3 lags. We interpret these results as evidence that neural

interactions and variability of movement direction are integrated in a feedforward-feedback control

scheme.

To look further on neural interactions that precede or follow changes in movement direction, we

computed the number of positive and negative t
′
maxs for any given pair of sensors (i, j) across the

10 subjects. Considering the 248 MEG sensors as a neural network that approximates the actual net-

work of neuronal activity, we classified every pair of sensors in 2 MEG networks: 1) Positive Asyn-

chronous network, if t
′
max was positive for most subjects and 2) negative asynchronous network,

if t
′
max was negative for most subjects. Note that pairs of sensors with equal number of positive

and negative t
′
maxs across subjects were excluded from this analysis. We can visualize the spatial
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Figure 5.14: (A): Relative frequency distribution of the peak cross-correlations between the strength
of neural interactions and the circular standard deviations. (B): Relative frequency distribution of
t
′
maxs, which corresponds to the time-lags that peak of cross-correlations occurred.

distribution of these two networks by connecting the MEG pairs of sensors with green (positive

asynchronous) and red (negative asynchronous) lines. Fig. 5.15 shows a thresholded (p < 0.0005)

view of these network. It can be seen that both networks are distributed around the whole MEG

map and the interhemispheric interactions are very frequent.

Next, we focus the analysis on the individual 248 MEG sensors. That is, for any given sensor

i, we computed how many pairs (i, ?) (? corresponds to the other 247 MEG sensors) are part of

the positive and negative asynchronous networks. Let’s assume N+ and N−, the number of pairs

of sensors (i, ?) that have positive and negative t
′
max, respectively. If N+ − N− > 0, the sensor

i was considered to be part of a network that is involved in feedforward processes. Otherwise, if

N+ − N− < 0, the sensor i was considered to be part of network that is involved in feedback

processes. Note that sensors, in which N+ −N− = 0, where excluded from this analysis. Fig. 5.16

illustrates the spatial frequency distribution of “feedforward” and “feedback” sensors as a color

map, where blue indicates near zero (i.e., N+ −N− ∼ 0) and red indicates high frequency regions

(i.e., absolute value of (N+ − N−) is very high). Similarly, Fig.5.17 shows the spatial frequency

distribution of the feedforward and feedback sensors in a 3D space color map.

There are several interesting features in these networks, which follow: There is a strong focus of

feedforward sensors in the left - contralateral to moving hand - frontal cortex and in the cerebellum.

The frontal cortex is involved in organization, regulation, motor planning and motor execution. The
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Figure 5.15: Massively interconnected networks that show the spatial distribution of MEG pairs of
sensors, in which t

′
max was either positive (green lines) for most subjects or negative (red lines) for

most subjects. For visualization reasons, we present only these pairs of sensors with p < 0.0005.
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Figure 5.16: Spatial frequency distribution (2D) of the MEG sensors that are involved in (Left)
feedforward and (right) feedback processes in continuous and sequential movements.
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Figure 5.17: Similar to Fig. 5.16, but in a 3D space.

cerebellum is primarily a movement control center and although it does not initiate movements, it

is involved in precision, coordination and prediction of movements. In addition, there is a strong

focus of feedback sensors in the right parietal cortex and the left temporal cortex. Parietal cortex

is involved in sensory integration and plays an important role in producing planned movements.

The temporal cortex is highly associated with memory skills and sorting new information. We

interpret these results as evidence that neural interactions among distinct brain regions implement

the feedforward-feedback control scheme. Especially, frontal cortex and cerebellum are involved in

feedforward processes, whereas right parietal cortex and left temporal cortex are related to feedback

processes in continuous and sequential movements.

5.4.5 MEG cross-correlation analysis for time-bins with low and high circular stan-

dard deviation of movement direction

Next, we focus on exploring the neural interactions associated with trajectory segments with low

and high variability of movement direction. We used the circular standard deviation S̄ as a measure

to assess the variability of movement direction within a given time interval. Particularly, low S̄
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corresponds to low variability of movement direction, which is associated with more straight move-

ments (i.e., pentagon sides); high S̄ corresponds to high variability of movement direction, which is

associated with changes in movement direction (i.e., pentagon edges). An interesting question that

we addressed in this study was how neural interactions are related to changes in movement direc-

tion. To examine this, we classified the time-bins into two groups: 1) time-bins with low S̄ and 2)

time-bins with high S̄. The time-bins were classified after identifying the histogram mean of S̄ for

each subject. A time-bin was placed in the low variability category (group 1) if its S̄ was less than

20% of the histogram mean; all others were put in the high variability of movement direction cate-

gory (group 2) (see Methods section). The relative frequency distributions of the log-transformed S̄

and I for both categories are presented in Fig. 5.18.

In the analysis that follows, we focus on the strength of the peak cross-correlation zij(tmax)

and the corresponding lag tmax, in which the peak occurred. For time-bins that belong to group 1,

we found that 35, 491, 190 out of total 259, 419, 160 (13.68 %) zij(tmax)s had a p-value less than

0.05, and of those 18, 035, 108/35, 491, 190 (50.82%) were positive and 17, 456, 082/35, 491, 190

(49.18%) were negative. In high S̄ category, we found 142, 620, 349 out of total 259, 419, 160

(54.98 %) zij(tmax)s with p-value less than 0.05, and of those, 72, 493, 540/142, 620, 349 (50.83%)

were positive and 70, 126, 809/142, 620, 349 (49.17%) were negative. Figs. 5.19A and 5.19B illus-

trate the relative frequency distributions of the peak cross-correlations across all pairs of sensors for

time-bins that belong to group 1 and 2, respectively (only zij(tmax)s with p < 0.05 are included in

the distribution). We ran a two-sample Kolmogorov-Smirnov test and found that these distributions

do not differ significantly (p = 0.3860). Figs. 5.19C and 5.19D show the relative frequency distri-

butions of the time-lags tmaxs, at which the peak cross-correlations occurred. It is clear that there is

no any significant differences between these two distributions.

To look further on neural mechanisms associated with changes in movement direction, we ex-

plored whether there are pairs of sensors, whose interactions differ significantly between time-bins

with low and high directional variability. To accomplish this, we averaged the peak of cross-

correlations for any given pair of sensors (i, j) across time-bins that belong to group 1 (low di-

rectional variability) and group 2 (high directional variability) Next, we performed a t-test for each
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Figure 5.18: Relative frequency distribution of the log-transformed S̄ for time-bins with (A) “low”
S̄ (1,694 time-bins) and (B) “high” S̄ (6,776 time-bins) across all subjects. From the histogram of
S̄, we classified a time-bin into “low variability of movement direction” group, if its S̄ was less
than 20% the histogram mean. Otherwise, the time-bin was categorized in the “high variability of
movement direction” group. The overlap between the two relative distributions in A and B is due to
different histogram mean of S̄s among subjects. The frequency distributions of the log-transformed
I for group 1 and group 2 time-bins are presented in panel C and D, respectively.
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Figure 5.19: (A): Relative frequency distribution of the peak cross-correlations across time-bins
with low S̄. (B): Relative frequency distribution of the peak cross-correlations across time-bins
with high S̄. A two-sample Kolmogorov-Smirnov test showed that the difference between these
two distributions is not statistically significant (p = 0.3860). (C): Relative frequency distribution
of tmaxs across time-bins with low S̄ (D): Relative frequency distribution of tmaxs across time-bins
with high S̄.
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pair of sensor, to assess whether the average values of zij(tmax)s of the two groups were statis-

tically different from each other. Interestingly, we found 1,600 pairs of MEG sensors (5.22 %),

whose average value of zij(tmax) between the two groups differed significantly (p < 0.05). From

those, 799 (49.93 %) had stronger interactions in group 1 than group 2, and 801 (50.07 %) had

stronger interactions in group 2 than group 1. Fig. 5.20 illustrates a thresholded (p < 0.005) spatial

distribution of these MEG pairs of sensors. Green and red lines denote stronger and weaker pair

wise cross-correlations, respectively, in group 1 than group 2.

Figure 5.20: Massively interconnected network that illustrate the spatial distribution of MEG signals
interactions that differ significantly between group 1 (low variability in movement direction) and
group 2 (high variability in movement direction) (p < 0.005). The green lines denote pairs of
sensors with stronger coupling in group 1 than group 2, and red lines denote pairs of sensors with
stronger coupling in group 2 than group 1.

In the next analysis, we focus on the individual 248 MEG sensors. Particularly, for any given

sensor i, we counted the Mlow number of pairs (i, ?) (? corresponds to the other 247 MEG sensors)
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that had stronger coupling in group 1 than group 2 and the Mhigh number of pairs that had stronger

coupling in group 2 than group 1 . If Mlow − Mhigh > 0, the sensor i had stronger coupling

with other sensors, for trajectory segments of group 1 (low directional variability) than group 2

(high directional variability) - called these sensors “low directional variability sensors”. Similarly, if

Mlow−Mhigh < 0, the sensor i had stronger coupling with other sensors, for trajectory segments of

group 2 than group 1 - called these sensors “high directional variability sensors”. Sensors, in which

Mlow − Mhigh = 0 were excluded from further analysis. We can visualize the spatial frequency

distribution of such sensors as a color map, where blue indicates near zero (i.e., Mlow−Mhigh ∼ 0)

and red indicates high frequency regions (i.e., the absolute value of Mlow − Mhigh is very high).

The 2D and 3D spatial frequency distributions of these two sensors are presented in Fig. 5.21 and

5.22 (p < 0.05).
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Figure 5.21: Left: Spatial frequency distribution (2D) of MEG sensors, which exhibit stronger
interactions with other MEG sensors for trajectory segments that belong to group 1 (low directional
variability of movement) than group 2 (high directional variability of movement). Right: Spatial
frequency distribution (2D) of MEG sensors, which exhibit stronger interactions with other MEG
sensors for trajectory segments that belong to group 2 than group 1.

The results show that “low directional variability sensors” are distributed around the frontal area

of the brain. On the other hand, “high directional variability sensors” are more distributed along the

right parietal area, the right frontal area and the cerebellum.
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Figure 5.22: Similar to Fig. 5.21, but in a 3D space.
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5.5 Discussion

We used Box-Jenkins [64, 66] time series analysis techniques to account for dynamic coupling be-

tween MEG stationary time-series and changes in movement direction, in a continuous sequential

movement task (copying a pentagon). Most previous EEG and MEG studies, often related to Brain

Computer Interface (BCI), have explored the association of neural activity with actual and imagined

movements and found patterns of neural activity related to movements of different body extremi-

ties (e.g., left hand, right hand, tongue, foot) [19, 20, 61, 115, 157] or same extremity but different

parts of it [82]. However, there are only a few MEG studies, which have investigated the associ-

ation of neural activity with movement kinematics and suggest that MEG signals carry significant

information related to movement position [15] and velocity [84]. But almost nose of these studies

have explored the dynamic coupling between neural activity and movements in a spatiomotor task,

with few exceptions such as [10]. Leuthold and his colleagues (2005) used Box-Jenkins time-series

modeling to analyze MEG data acquired during three tasks (i.e., fixation on a central spot, fixation

on a central spot surrounding by a pentagon and copying of the pentagon). They found a rich and

consistent pattern of interactions between MEG sensors with respect to positive and negative pair

wise cross-correlations. Interestingly, the overall prevalence of these patterns was preserved across

the three tasks. However, this study did not address the question of how neural interactions are as-

sociated with behavioral parameters of the continuous and sequential movements used to copy the

pentagon.

In the current study, we used the MEG data from the 3rd task (copying the pentagon) of Leuthold

study, in which 10 subjects were instructed to copy a pentagonal shape continuously, via an XY joy-

stick, without visual feedback, while MEG data was collected using a 248-channel axial gradiometer

system [10] (see Methods section). We tested the hypothesis that neural interactions carry informa-

tion related to variability of movement direction. The first step in our analysis was to model the

MEG time series using ARIMA modeling to derive stationary residuals (prewhitened data). Based

on previous studies [10, 59], ARIMA(25,1,1) was adequate to produce quasi-stationary residuals

with respect to mean, and autocorrelation. Subsequently, we divided the time-series in time-bins of

51 ms and computed the cross-correlation between time series in pairs of sensors cij(t) (i.e., neural
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interactions) over ±25 time lags (∼ 25 ms) in each time-bin. We normalized the distribution of the

pair wise cross-correlations using Fisher’s z-transformation, zij(t). From this data, we computed

the strength of peak of cross-correlation zij(tmax) and the corresponding time-lag tmax at which

the peak occurred. In addition, we estimated the variability of movement direction during the 51 ms

trajectory segment of each time-bin. To estimate that variability, we computed the instantaneous di-

rection θt at any given time t of the trajectory segment and estimated the circular standard deviation

of the movement direction S̄.

To explore the relationship between neural interactions and variability of movement direction,

we performed a cross-correlation analysis between zij(tmax)s and the prewhitened circular stan-

dard deviations S̄ss across all time-bins over ± 3 time-lags, including zero-lag. We characterized

the obtained cross-correlograms, zS̄
ij(t

′
), by determining the strength of the peak of cross-correlation

zS̄
ij(t

′
max) and the time-lag t

′
max at which the peak occurred. We found that the time-lag t

′
max was

almost uniformly distributed between time-lags −3 and 3. We can interpret this finding within the

feedforward - feedback control scheme [64]. That is, neural interactions and variability of move-

ment direction are integrated in a feedforward (positive t
′
max) - feedback (negative t

′
max) control

scheme to plan, perform and correct movements.

Since the pioneering work of Woodworth (1899), there has been an ongoing debate on the

contribution of feedforward and feedback processes to generate movements. Supporters of the

feedforward view dominated the field early, arguing that the sensorimotor system does not use

sensory feedback in reaching movements. Rather, a sequence of actions is defined in advance of

movements, since humans are able to produce accurate movements in absence of visual feedback

information [108]. The feedback processes have limited influence and only at the very end of the

trajectories. Supporters of the feedback view responded to this claim by pointing out that vision is

not the only source of sensory information, and accurate movements could be guided by proprio-

ceptive feedback. To support this idea, they provided evidence that monkeys with deafferented limb

were only able to produce erratic movements [12]. Next, supporters of the feedforward view fought

back claiming that brain is not able to process information quickly enough to make use of sensory

feedback in real-time [89]. Particularly, if the processing of sensory information is slower than the
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hand motion in fast reaching movements, then the hand position will have changed by the time the

sensory feedback is ready to influence it.

After a century of arguing against feedforward and feedback processes in volitional movements,

it seems that the current view is somewhere between the two extreme views. Recent studies in non-

human primates and patients with neurological disorders or brain damage suggest that distinct areas

of the brain, such as the cerebellum, the primary and premotor motor cortices, the parietal cor-

tex and the basal ganglia are involved in feedforward-feedback control processes to plan, perform

and correct volitional movements [133, 141]. Particularly, cerebellum appears to be required for

predicting sensory outcomes of actions and compensating for the consequences of ongoing motor

commands [37, 133]. Additionally, studies in patients with damage in parietal cortex suggest that

this brain area is involved in online error correction of movements. That is, patients with damage in

parietal cortex could not adjust their hand movements in response to sudden changes in target loca-

tions [67, 117]. Ashe and Georgopoulos (1994) studied the time course of the ongoing cell activity

in relation to evolving motor parameters, recorded in the arm area of motor cortex and in the arm

area of posterior parietal cortex (area 5). They found that the timing of highest correlation (high-

est R2) between firing rates and ongoing movement trajectories in motor cortex and the posterior

parietal cortex was −90 ms and +30 ms, respectively [73].

Despite the significant knowledge that we have acquired from these studies, there is an infor-

mation blackout on how feedforward and feedback processes are implemented on the brain. One

of the novelties of our study is that we provide evidence that neural interactions are integrated with

the variability of movement direction in a feedforward-feedback control scheme in continuous and

sequential movements. We found that MEG sensors related to feedforward processes are distributed

around the left frontal lobe and the cerebellum. On the other hand, MEG sensors related to feedback

processes are more localized around the right parietal cortex and the left temporal cortex.

An interesting question that we addressed in this study was whether there are any differences

in neural interactions between trajectories with low and high variability of movement direction. We

used the circular standard deviation to categorize each time-bins into two categories, based on the

histogram mean of S̄: 1) “low variability of movement direction”, if S̄ was less than 20% of the
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histogram mean and 2) “high variability of movement direction”, if S̄ was equal to or greater than

20% of the histogram mean. We found no significant differences on both peak of cross-correlations

zij(tmax)s and time-lags tmaxs at which the peak occurred between the two categories of time-

bins. These findings could indicate that either there is no difference in strength and time-lag of

neural coupling associated with straight and curved movements or there is a subset of MEG sensors,

whose interactions differ significantly between trajectories with low and high directional variability

of movement. We explored this hypothesis by averaging the peak of the pair wise cross-correlations

zij(tmax)s for any given pair of sensors across group 1 (low directional variability) and group 2 (low

directional variability ) time-bins and performed a t-test to find pairs of sensors with significant

differences on the average zij(tmax) between the two groups. Interestingly, we found pairs of

sensors with stronger coupling in group 1 than group 2 and other pairs of sensors with stronger

coupling in group 2 than group 1. Next, we focused on the individual 248 MEG sensors and looked

for sensors that either exhibited stronger coupling with other sensors in group 1 than group 2 -

named them “low directional variability sensors” - or exhibited stronger coupling with other sensors

in group 2 than group 1 - named them “high directional variability sensors”. We found that “low

directional variability sensors” were more distributed around the frontal area of the brain, whereas

“high directional variability sensors” were more distributed around the right parietal cortex, the right

frontal area and the cerebellum.
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Chapter 6

General Discussion

6.1 Summary

Recently, several research communities - such as neuroscience, psychology, and computer science

- have recognized the importance of uncertainty in organizing human behavior. Despite many years

of research, understanding how people anticipate and control sensory information to reduce uncer-

tainty remains a challenging problem, mainly due to difficulty in making normative predictions.

Additionally, little is known about how distinct cortical areas interact to plan and control move-

ments. The primary goals of this thesis are to study aspects of human compensation strategy in pur-

posive movement tasks, using grasping as a paradigm and to assess the spatiotemporal interactions

of cortical areas associated with the planning and control of continuous and sequential movements.

We found that people compensate for object position uncertainty when making grasping move-

ments by approaching the object along the direction of maximal position uncertainty and by opening

their fingers wider to ensure their fingers don’t collide with or miss the object. We interpret these

results as evidence supporting the idea that the visuomotor system plans for uncertainty even in

complex purposive movements. One of the novelties of this study is that we used normative pre-

dictions to evaluate the benefits of uncertainty compensation, adopting principles from statistical

decision theory and using time efficiency as a natural cost function - people attempt to minimize

overall the grasp time. We found that compensation strategies increase the chance to achieve a stable
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grasp at first contact without requiring post-contact adjustments, and they decrease the probability

of “inefficient movements” - movements that produce unstable grasp contacts.

To compute human achievable predictions, we modeled the grasping task within the optimal

feedback control framework. Modeling the human hand as a 2D 1-link planar gripper and build-

ing a mix of task-dependent criteria that encode the minimum requirements needed to accomplish

the task, we found that the optimal control framework was able to interpret many characteristics

of human compensation strategies. In particular, the controller compensates for object position

uncertainty by aligning the approach of the gripper with the orientation of the cylinder position dis-

tribution and by opening the fingers wider, only when the benefits in terms of making stable grasp

outperform the control costs.

In addition, we studied the spatiotemporal neural interactions associated with planning and con-

trolling continuous and sequential movements. For this study, we took data from an experiment, in

which subjects had to copy a pentagonal shape continuously using an XY joystick, while neuromag-

netic fluxes were recorded from their head using a whole-head MEG device. We found a rich and

consistent pattern of neural interactions around the whole MEG map. One of the novelties of this

study is that we found that neural interactions and variability of movement direction are integrated

in a feedforward-feedback control scheme. In particular, we identified sparse sensors interactions

that either precede (feedforward) or follow (feedback) changes of movement direction. We interpret

these results as evidence that the perceptual-motor system acts as a feedforward-feedback control

system to plan and control movements. Additionally, we identified MEG sensors, which are related

to low directional variability trajectories (i.e., straight movements) and other sensors that are related

to high directional variability trajectories (i.e., curved movements).

6.2 Broader impacts

The results of these studies will help to better understand how people gather information from

the environment and manage uncertainty and how the perceptual-motor system plans and controls

goal-directed movements. These results are important from the standpoint of both engineering

innovation and the organization of the human brain. Such results will help illuminate how human
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observers compensate for uncertainty in natural purposive tasks. They could also inspire engineers

to improve robotic systems, such as humanoids and industrial robots used in manufacturing in a

variety of tasks, such as welding, assembly, packaging and picking and placing items. Additionally,

the extended optimal feedback control framework could be prove useful in opening new engineering

applications, such as modern Brain Computer Interfaces (BCI) by building models that integrate

forward predictions with sensory feedback provided to subjects through sensors to improve their

estimate about the consequences of ongoing actions and to correct their movements. Finally, the

proposed methodology on the MEG study could be extended to explore potential changes in neural

connectivity due to mental illnesses, neurological disorders and brain damage.
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Appendix A

Bayesian decision theory for grasping

objects with position uncertainty

In the methods section we outlined a Bayesian decision theoretic analysis of grasping under position

uncertainty, which optimizes reach plans S̄ over a function R(C,S) that rewards trajectories with a

high probability of achieving force-closure

s̄∗ = arg max
s̄

{
G(s̄) =

∫

s

∫

c
R(c, s)P (c)p(s|s̄)dsdc

}
(A.1)

In this section we show how to optimize the probability of force-closure for a trajectory G(s̄)

over reach plans. In particular, we prove that the approach that maximizes the probability of these

contact conditions is aligned with the principal axis of the covariance of the cylinder distribution.

From the contact conditions described in the methods section, the contact indicator R(C,S) has

the form:

F = H

(
−

(
u⊥th

)T
u⊥f

)
H (|wf | − ε) H (|wth| − ε) δ (df − ρ) δ (dth − ρ) (A.2)

Where H and δ denote Heaviside step function and the Delta Dirac, respectively.
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To compute the probability that a trajectory will produce a force-closure grasp (F = 1), we

need to compute the integral across C, which determines the fraction of possible cylinder locations

that intersect the trajectory and satisfy the conditions above. Because the cylinder is in a cradle, the

index finger and thumb can contact at different times and will not topple the cylinder. Thus, we can

ignore the relative timing and focus on the spatial paths of the trajectories.

The integral
∫
c R(c, s)p(c)dc involves integrating a Gaussian distribution times a Dirac Delta

over the contact coordinates that depend linearly on C, which results in another Gaussian distribution

expressed in contact coordinates. It is easier to use the properties of Gaussian random variables

under linear transformations to express this result. Thus we proceed by using the distribution of

cylinder locations to induce a probability distribution on contact conditions. For convenience, we

put the origin of trajectory space at the mean of the cylinder distribution. The density of cylinder

locations is Gaussian with zero mean and covariance Σ = V




σ2
min 0

0 σ2
max


V T where V =

[
v⊥mvm

]
is an orthonormal matrix composed of a unit vector vm in the direction of maximal variance

and its orthogonal complement. We assume that the maximal variance σ2
max is much larger than

σ2
min making the covariance strongly oriented.

The integral
∫
c R(c, s)p(c)dc simplifies if we rewrite the contact coordinates of one finger in

terms of the other. In particular [wth, dth] is written in terms of [wf , df ] as follows:




wth

dth


 = UT

th


Uf




wf

df


 + rf − rth


 (A.3)

Because linear transformations of Gaussian random variables remain Gaussian, the distribution

on cylinder locations P (~c) = N(~0,Σ), induces a distribution on index finger contact coordinates,

conditioned on index finger trajectory positions

P (wf , df |rf ) = N
(−UT

f rf ,UfΣUT
f

)
(A.4)
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Given this induced distribution, it is relatively straightforward to compute the probability that

the force-closure conditions hold. We must evaluate the cumulative probability that the contact

conditions hold across a path {rf (t), rth(t)}. However, we need to compute the probability that

F = 1 at {rf (t), rth(t)}, a single time point t in the trajectory:

P (F = 1|rf (t), rth(t)) =

H
(
− (

u⊥th
)T u⊥f

) ∫ ε
−ε P (wf , df = ρ|rf (t))P (wth, dth = ρ|rth(t), rf (t), wf )dwf (A.5)

where P (wth, dth|rth, rf , wf ) = δ







wth

dth


−UT

th


Uf




wf

df


 + rf − rth







The total probability of collision is the integral of P (F = 1|rf (t), rth(t)) over the trajectory.

However, to compute the probability across a trajectory, we assume that if the index finger or thumb

collides with the cylinder during the trajectory, it stops while the other finger continues on its same

path. Although unrealistic for large movements, for our task the gap between the object and the

non-contacting finger is never more than a few cm, making path changes due to propagation of

the collision impulse through the hand less of an issue. This assumption allows us to decouple the

trajectories of the index finger and the thumb and integrate them separately.

P (F = 1|S) =
∫

tf

∫

tth

P (F = 1|rf (tf )rth(tth)) dtfdtth (A.6)

The trajectory that maximizes this expression is optimal in the sense that it has the best chance

(on average) to achieve force-closure at contact. To maximize this expression, we take advantage

of the following geometric argument. As the index finger and thumb sweep toward each other, they

create an overlap area that represents the space of possible cylinders that can be intersected. The

maximal overlap occurs when the finger contact surfaces are perpendicular to each other and the

surface centroids move along a common path. Moreover, the best path is a straight line, because

non-straight paths introduce spatial positions where the one finger might intersect a cylinder but
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the other could miss it. In addition, when the fingers move toward each other along straight line

path, any cylinder contacted will satisfy all the force-closure constraints. Thus, the problem reduces

to find a straight line path that maximizes the integral above. We can parameterize the path as a

straight line perpendicular to the contact surface r =




0

τ


. Here τ represents a path parameter

that carries the finger through the origin of the space. The direction of this path through the cylinder

distribution is determined by the finger surface normal since we define contact coordinates relative to

the index finger/thumb orientation. Because along these paths the contact conditions are guaranteed

to be satisfied, the probability of force-closure for a path reduces to a 2D integral over the cylinder

distribution.

P (F = 1|rf (t), rth(t)) =
∫ T

−T

∫ ε

−ε
N


−UT

f




0

τ


 ,UfV




σ2
min 0

0 σ2
max


V TUT

f


 (A.7)

where T is the maximum distance of the finger from the origin, and the integration is symmetric

due to the exchangeability of index finger and thumb paths. Assuming that the maximum gripwidth

2T for the ideal agent is larger than the finger’s contact surface width 2 , the integral is maximized

when Uf = V T , which is when the longer integration region is parallel to the principle axis of the

covariance matrix. Moreover, gripwidth should be made larger than fingerwidth - if biomechanically

possible - because gripwidth is a controlled variable. In addition, the optimal strategy sets p(S|S̄)

equal to a Dirac Delta since any variability in path can only decrease this integral. In summary, the

optimal strategy involves the index finger and thumb approaching the cylinder distribution center

along a straight line path aligned with the principle axis of the cylinder distribution’s covariance

matrix.
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Appendix B

Optimal control cost function for

grasping objects with position

uncertainty

In the method section of chapter 4, we outlined the cost function of the optimal feedback control

framework for grasping a cylindrical object (see Eq. (4.8) of the main text). To model the effects of

object position uncertainty in grasp plan, we take the expectation of this cost function with respect to

the cylinder position distribution. In this section, we show analytically how to compute the expected

values of the individual terms of the cost function.

The cost term f1 is expressed mathematically as a sum of 3 Heaviside step functions H , whose

values are zero once the cylinder is on the region defined by the fingers and the wrist. To simplify

the calculations, we express the center of the cylinder position pc = (xc, yc) with respect to the

midpoint of the wrist, Eq. (B.1) and the base position of the stationary finger, Eq. (B.2) and the

movable finger, Eq. (B.3).

Ch = pc − ph (B.1)

Cst = Ch +
Lst

2
u⊥st (B.2)
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Cmv = Ch − Lmv

2
u⊥st (B.3)

where Lst and Lmv are the length of the stationary and movable finger, respectively. Addition-

ally, u⊥st is the direction perpendicular to the surface of the stationary finger. Note that the time

dependence is suppressed inside the variables to make the notations less complex.

The expected f1 with respect to the cylinder position distribution is given by Eq. (B.4).

E

{
f1

}
= E

{
H(Cmv) + H(Cst) + H(Ch)

}
(B.4)

We can define the mean and the variance of the cylinder position distribution with respect to the

movable finger’s frame of reference through Eq. (B.5). Additionally, the statistics of the cylinder

position distribution on the stationary finger’s and wrist’s frame of reference are defined similarly,

but with subscripts mv and h, respectively.

(µst, σst) =
[
Cstu⊥st,

(
u⊥st

)T
Σu⊥st

]
(B.5)

Based on these transformations, the expected value of H(Cmv) with respect to the cylinder

position distribution is given by Eq. (B.6).

gmv(z) =
1√

2πσmv

∫ +∞

−∞
H(z)e−

1
2

(z−µmv)2

σmv dz =
1√

2πσmv

∫ 0

−∞
e−

1
2

(z−µmv)2

σmv dz (B.6)

where z is the random variable of the cylinder position.

Notice that Eq. (B.6) is the cumulative Normal distribution function, which can be written in

terms of the complimentary error function erfc as follows:
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gmv(z) = e−
µ2

mv
2σmv −

√
π

2
µmv

√
σmv erfc

[
µmv√
2σmv

]
(B.7)

Likewise, we compute the expected values of H(Cst) and H(Ch). Hence, Eq. (B.4) is written

as follows:

E

{
f1

}
= e−

µ2
mv

2σmv −
√

π

2
µmv

√
σmv erdf

[
µmv√
2
√

σmv

]
+ e−

µ2
st

2σst −
√

π

2
µst

√
σst erdf

[
µst√
2
√

σst

]

+ e
− µ2

h
2σh −

√
π

2
µh
√

σh erdf

[
µh√
2
√

σh

]
(B.8)

The expected f1 cannot be used directly to the LQG framework, because it is not quadratic with

respect to the state variables. However, we are able to generate high quality approximations to the

solution to this cost term using iterative quadratic approximation (see main text). To accomplish

this, we approximate the expected value of f1 with 2nd-order Taylor series approximation around

its minimum. We implemented an Evolutionary Algorithm (EA) to find the global minimum of the

expected f1 at each step of the reaching trajectory. We used 100 chromosomes in each generation

consisting of 4 genes (i.e., the midpoint of the wrist (xh, yh), the orientation θ and the gripwidth

gw). We applied both “crossover” and “mutation” operators with probability 0.8 and 0.2, respec-

tively. Additionally, we used the “elitism” operator to ensure that the best chromosome of the

population will survive to the next generation without being altered by the genetic operators. We

found that 200 generations were adequate to converge to the optimal solution.

The cost term f2 is expressed mathematically as the Euclidean distance between the midpoint

of the wrist ph and the center of the cylinder position pc. The expected value of f2 with respect to

the cylinder position distribution is given by Eq. (B.9).
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E

{
f2

}
= E

{ (
||ph − pc||22 − δ2

)2
}

(B.9)

where δ > 0 corresponds to the desirable distance between the center of the cylinder and the

position of the wrist at the end of the movement trajectory.

With few simple calculations, we can write Eq. (B.9) as follows:

E

{
f2

}
= x4

h + 4 [−E(xc)]x3
h +

[
6E(x2

c) + 2E(y2
c )− 2δ2

]
x2

h

+ 4
[−E(x3

c)− E(xcy
2
c ) + δ2E(xc)

]
xh + y4

h + 4 [−E(yc)] y3
h

+
[
6E(y2

c ) + 2E(x2
c)− 2δ2

]
y2

h + 4
[−E(y3

c )− E(x2
cyc) + δ2E(yc)

]
yh

+ 2x2
hy2

h + 4 [−E(yc)]x2
hyh + 4 [−E(xc)]xhy2

h + 8 [E(xcyc)]xhyh

+
[
E(x4

c) + E(y4
c ) + 2E(x2

cy
2
c ) + δ4 − 2δ2E(x2

c)− 2δ2E(y2
c )

]
(B.10)

The expected f2 is a 4th-order polynomial and therefore cannot be used directly to the cost

function of the LQG optimal control framework. Similar to the expected f1, we construct a quadratic

approximation of the expected f2 at each step of the reaching trajectory (see main text for more

details).

The expected f3 and f4 are quadratic functions with respect to the state variables and indepen-

dent on the cylinder position. In addition, the expected value of the collision avoidance constraint

term is given by Eq. (B.8) weighted by a scalar factor wc. Finally, the expected value of the energy-

like cost Fe is a quadratic function with respect to the controls and independent of the state variables

and the position of the cylinder.

The expected cost function of the optimal control framework is given by summing the expected

values of the individual terms described above.
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