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Chapter 1Introduction If you want to inspire con�dence,give plenty of statistics. It doesnot matter that they should beaccurate, or even intelligible, aslong as there is enough of them.Lewis Carroll1.1 BackgroundOn a sunny afternoon, you have invited some of your friends to a barbecue.You are standing next to a table on which two orange juice cans are placedamong a variety of salads and empty glasses. Your wife asks you to serve yourguests with some juice. You turn your hand toward one of the two similar boxesin order to grasp it. Surprisingly, your hand moves jerky upwards with the cancompressed within your �ngers. You realize that the box is empty. Then, youreorient your reaching movement toward the second can. When you try to liftthe object, your �ngers slip on its damp surface. Reactively, you strengthenyour grasp to lift the can, and start shaking to enhance the �avor. Finally, youopen the container and carefully pour the juice in the �rst glass.This scenario illustrates the complexity of a simple task we perform everyday that is controlled by the brain. In order to be successful in such commonactivities, the brain must coordinate a set of computational processes that gen-erates and controls behaviour, i.e. the sequence of actions that a control systemproduces. Actions result from actuators, like hands, that exert in�uence on the1



1.1 Backgroundworld, by altering its state. Output from computational processes in the braincauses actuators to generate forces that move arms, legs, hands and eyes. Inaddition, the brain has also the task to coordinate all these actuators in timeand space to accomplish goals, i.e. a desired state of the world that behaviouris designed to achieve or maintain. In order to reach the main goal, one mustdecompose its objective in sub-goals, which in turn, will be detailed in lowerlevel, shorter time scale sub-goals. At each level of decomposition, a goal froma higher level causes behaviour consisting of actions designed to achieve lowerlevel goals, like a recursive process. Eventually, at the lowest level, neural im-pulses are delivered to muscles that act on the world. Elementary movementsdevelopped by plans may consist of activities such as reaching and grasping andusually last a few seconds. They must be further decomposed by brain struc-tures into sequences of desired limb motions (sub-goals) lasting a few hundredsmilliseconds. Desired trajectories of limbs and �ngers (aiming to the juice can)are further decomposed into sequences of desired forces, velocities and posi-tions of muscles lasting a few tens of milliseconds (apply appropriate graspingforce). These are �nally transformed into trains of impulses to muscles thatlast a few milliseconds. Stelmach (1982) described behaviour as a hierarchicalmodel where the upper levels of the nervous system provide the fundamentalideas for the output, and where lower levels �ll in the details along the messagespaths.However, in essence, the world is uncertain: unexpected events may oc-cur, like the action of gusty wind on a tennis ball. Consequently, mistakesin the motor program can be generated because the plans are not adequateanymore. Hopefully, there is also a sensory processing hierarchy that runs par-allel to this behavioural structure to operate on signals from biological sensorsmonitoring the world (otoliths, skin mechanoreceptors, muscle spindles, vision,etc.). At each level, feedback from sensory processing is integrated with com-mands from higher levels to modify behaviour so as to successfully accomplishhigh level goals, despite unforeseen events in the world. For most levels ofbehaviour, the interaction between goals and feedback occurs naturally, with-out conscious thought or apparent e�ort. The secret of generating complexsensory-interactive goal-directed behaviour lies in structuring computationalmodules into a hierarchical architecture such that each level decomposes itstask into more details and about an order of magnitude shorter before passingit to the level below. This concept is commonly used in the Computer Sciencecommunity as an e�cient algorithm design paradigm and is named �Divide andConquer�. 2



1.2 Control theoryIn this work, we investigate how the brain controls very simple manipulationtasks, when fundamental parameters of the environment are altered. Morespeci�cally, we designed a set of experiments to further understand how apriori knowledge of the world and sensory information - mainly provided byvision, proprioception and tactile a�erents - interact in computational brainstructures to accomplish motor actions.1.2 Control theoryOnce a goal - a desired state - has been chosen by the brain, some internalmechanisms must compute a reference trajectory, or a series of states along atime line. The transition between each state is ensured by actions. A state is aset of dynamic properties of a system at a point in time (position, momentum,energy, ...). An action is the output of an actuator that causes motion, exertsforce or transmits energy. System control theory provides a framework to designprocesses that achieve this goal (Grodins, 1963). In that context, the model ofa system can be considered as a box with inputs and outputs (Fig. 1.1 A). Anaction applied at the input causes some resulting state at the output. Manyother factors like internal dynamics of the system, disturbances, interactionwith other systems enter in the game to predict the right output. Disturbancesare commonly represented as a noise (unpredictable) input. A system model isusually described by a set of di�erential equations that predict how this systemwill respond to a given input. The general form of a system model is:
dx

dt
= f(x, u, η) (1.1)where f is a function that de�nes how the system state x changes over time inresponse to both its internal dynamics and the input control actions u. A noisefactor η is introduced to account for events that occur in the system that arenot represented accurately in the function f . Dually, the inverse system modelpredicts the required action for a desired state (Fig. 1.1 B).There are two basic approaches to control system design: feedback and feed-forward. Feedback compares the state of the system with the desired goal stateand triggers actions to reduce the di�erence between desired and actual states.Feedforward uses a model of the system to predict what actions are requiredto achieve the desired goal. These two model structures are described in thefollowing sections. 3



1.2 Control theory
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actionFigure 1.1: (A) Action applied to the system results in a state. (B) A de-sired state applied to an inverse system model computes the action required toachieve that desired state.1.2.1 Feedback controlA feedback control produces reactive behaviour to sensory information withactions designed to reduce errors between observed and desired states. Thestrategy of feedback control is (Fig. 1.2):1. Monitor the system.2. Process the sensed data y(t) to estimate the state of the system x∗(t).3. Compare the estimated state x∗(t) with the desired state xd(t) and com-pute an error between both states.4. Compute the feedback compensation required to reduce the error.5. Output the command u(t) to the actuators and go back to (1).1.2.2 Feedforward controlWhereas feedback is reactive, feedforward control produces anticipatory be-haviour by using an inverse model of the world to predict what actions arerequired to achieve the goal state. Assuming that a model of the world asdescribed in Figure 1.1 A is available, the feedforward strategy is (Figure 1.3):1. Invert the world model. 4
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1.2 Control theory
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Figure 1.2: A feedback control system processes sensory information to adjustits actions.2. Input the desired state to the inverse model and compute the requiredcontrol action.3. Output the control action to the actuator as a feedforward command andgo to step (1).
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1.2 Control theoryhave redundant degrees of freedom like the human body: it is possible toreach the same glass by combining forces and torques on limbs and joints anin�nite di�erent number of ways (Bernstein, 1967; Lashley, 1930). Attempts tocircumvent the need to explicitly invert the world model have led to a varietyof techniques that generate inverse models implicitly (neural networks, fuzzylogics, etc.). Interestingly, drawbacks present in one approach can successfullybe bypassed by advantages of the other, and vice-versa.1.2.3 Hybrid feedforward/feedback controlCombining feedback and feedforward architectures together allows to take ben-e�t of both approaches. First, feedback control can compensate for errors. Itis therefore relatively insensitive to the accuracy of the system model. Impor-tantly, there is always some form of delays in a control feedback loop. Forexample, there are physical and computational delays. Physical delays may bethe time between an action is commanded to the system and when a change oc-curs or simply inherent to the sensors. Computational delays re�ect the amountof processing required in the loop to calculate the commanded action from thesensed data. The sum of all these delays can be modeled as a single delay ∆t.To avoid instabilities when delays are not negligible, predictive �ltering thatanticipates future state of the system can be envisaged. However, feedbackcompensation can only take place after an error has been detected, which, insome situations, can be too late. On the other hand, the strength of feedfor-ward systems is that it can anticipate what control action will be needed for thesystem to move toward the goal without waiting for feedback. Of course, if theinverse model is incomplete, incorrect or out-of-date, the feedforward controlmay not produce the adequate action.For illustrative purpose, let us formalize the processes that take place in thebrain when transporting the juice carton initially held, from one point to atarget position in space (Fig. 1.5). First, a desired hand trajectory (1) is sentto an inverse model of the arm (a controller) that issues a motor command (2).It is essential to safely keep the object within the grasp and, the prehensionforce has to be tuned in real-time during the ongoing movement. Therefore, ane�erence copy of the arm motor command is provided to a forward model (3)that predicts an arm trajectory (4). Given that predicted arm trajectory, theconstraints induced by the acceleration of the object at the end-e�ector canbe calculated, and the required grasping force can be anticipated (5). Sensoryin�ows (6) coming from vision and skin mechanoreceptors for instance, are pro-6
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1.2 Control theoryBy collaborating, feedback and feedforward controls can achieve the bestfeatures of both. Feedforward anticipates what actions will be necessary toproduce the desired results. Feedback corrects for errors caused by noise orinaccuracies in the inverse model.1.2.4 Motor planningIn order to generate anticipatory actions leading to long-term goals in thedistant future, planning is also required. This process must select the best tra-jectory through the state space that minimizes some cost function (e.g. energyexpenditure) and respect some other criteria (e.g. anatomical constraints).This process can be done o�ine: a precomputed set of actions can be loadedwhen necessary. Feedforward and planning are closely related in the sensethat both controls accept a desired state and generate a series of actions toachieve the �nal goal. However, while feedforward modules predict one actionat a time, the planner initializes a series of pairs of desired results associatedwith planned actions. To be complete, the planning module must be appendedupstream from the hybrid feedback-feedforward architecture. The accomplish-ment of a desired goal in the future (t+T ) requires the planner to hypothesizea set of required actions and evaluate the resulting consequences, through asystem model, also taking into account constraints and a cost function. Whenthe task is initiated, the plan outputs at each step the desired state xd(t) andthe associated feedforward command uff (t) (Figure 1.6).In a dynamic unpredictable environment, the state of the system maychange at any time. Consequently, the series of planned actions could notbe adapted anymore to the current situation and replanning must be invoked.However, very rapid perturbations occur frequently in a system. For that rea-son, a new computation of the whole planning process could be too expensive.Hopefully, feedbacks from sensors can modify planned actions in shorter timewindows, making possible to achieve the goal even if the world model used inplanning was imprecise or became obsolete. A trade-o� can be made betweenfrequent replanning and feedback compensation. On the one hand, replan-ning requires updating the system model, generating a set of hypothesizedplans, evaluating each hypothesis and selecting the best. On the other hand,feedback compensation only computes an error between desired and predictedstates, and thus, requires less computation. Actually, during the interval re-quired for replanning, several feedback cycles can be executed to provide highbandwidth response to unexpected events.8
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1.3 Experimental evidence of internal modelsIn the next section, we jump from theoretical concepts presented here to ex-perimental evidences that similar control processes - called internal models -are utilized by the brain to control all our movements. In this light, the mainobjective of the present work was to further understand how the central nervoussystem (CNS) controls these internal models when deep alterations of the en-vironment biases both planning process and biological sensors. We focused ona restricted set of tasks but which are fundamental in everyday life: dexterousmanipulations.1.3 Experimental evidence of internal modelsInteractions with our close environment most probably passes through dexter-ous object manipulation and more generally, through hand actions, with theassistance of eye movements. Back to the introductory example, the brainhas to compute an optimal trajectory to reach the juice can. Many stepsare required from planning to �nal adjustments through potential corrections.First, the brain has to solve computational issues related to planning. Giventhe goal - to reach and grasp the object - the appropriate arm and hand move-ments have to be selected among an in�nite number of possible combinations(Bernstein, 1967; Jordan and Wolpert, 1999). In this step, past experiencesas well as visual and haptic information about the object must be taken intoaccount to adjust the optimal grasping force. Indeed, in order to move a hand-held object without dropping it, one must apply su�cient normal force, calledgrip force (GF), to counteract the destabilizing tangential forces, called loadforces (LF), through the action of friction. While the LF clearly depends onphysical parameters like gravity, mass and the acceleration induced to the ob-ject, an adequate GF is more complicated to estimate. In the planning process,the brain must have an estimation of LF (Flanagan and Wing, 1993, 1995; Jo-hansson and Westling, 1984) but also of friction between the �ngers and theobject. Moreover, two equivalent objects in term of mass will not be liftedwith the same GF if their shapes are di�erent (Gordon et al., 1993). load forceThen, each intended action to accomplish the goal will have a consequence interm of predictive state. Once the planner has initialized this series of couples,typically during the reaction time period (Dubrowski et al., 2000), movementcan actually start.While all happened very well until contact occurred between the hand andthe box, a wrong prediction about the state of the juice can led to errors inGF. Indeed, our individual had previously lifted similar objects many times10



1.3 Experimental evidence of internal modelsand pre-programmed a GF that was not adapted for an empty can. Sensoryfeedback could be used to correct for the errors caused by this inappropriatemotor command by evaluating the discrepancy between desired and actualstates. Then, a complete replanning had to be initialized to grasp the othercarton, taking into account a di�erent initial con�guration of the upper limb.This time, a correct LF was predicted but more condensation than expectedon the box led to a wrong evaluation of �ngers/object friction. Because ofsensorimotor delays inherent to the feedback loop (about 60 ms), inaccuraciesarose through slips of the object at the �ngertips, while skin mechanoreceptorsinformed the Central Nervous System (CNS) that a problem occurred. Thesesignals generated a re�ex response in GF in a time window su�ciently short toreestablish a stable grasp (Johansson andWestling, 1984, 1987, 1988; Johanssonet al., 1992a,b).1.3.1 PlanningIt is self evident that planning a goal-directed arm movement requires knowl-edge both about the location to reach and about the state of the motor ap-paratus, prior to movement onset. First, reaching at a visual target requirestransformation of visual information about target position with respect to theline of sight, into a reference frame suitable for the planning of hand movement(i.e. body-centred). This problem is classically decomposed in steps that re-spectively provide target position information in an eye, head, and ultimatelybody frame of reference (Desmurget et al., 1998; Soechting and Flanders, 1992).The �rst information corresponds to the angle separating the target andthe line of sight. The reliability of this retinal signal is constrained by thespatial anisotropy of the retina and visual system. Indeed, because of the gra-dient of visual acuity, the encoding of a target location with respect to the lineof sight degrades when the stimulus falls in the peripheral visual �eld (West-heimer, 1984). Despite this limitation, which characterizes signals related tothe position of gaze as well, it is the peripheral part of the retina which is mostoften involved in the initial localization of a visual target (Biguer et al., 1982).Moreover, it was also shown that accurate encoding of target location requiresextraretinal signals as well, which may appear paradoxical as the foveal sig-nals de�ne a null information from an analytical point of view. Actually, thisparadox may be explained by the fact that retinal and extraretinal signals donot simply add but also interact with each other (Blouin et al., 1995; Prablancet al., 1986). In addition to the knowledge about eye position, the transforma-tion of retinal signals into a body-centred representation must also incorporate11



1.3 Experimental evidence of internal modelshead position. It is known that proprioceptive input is essential in providinghead-to-trunk information (Cohen, 1961; de Jong et al., 1977).The second information - state of the motor apparatus - must also be avail-able to the nervous system in order to plan a goal-directed hand movement.Implication of information about the initial hand con�guration in motor pro-gramming is demonstrated by studies manipulating the information availableprior to movement onset (Rossetti et al., 1995) and in dea�erented patients(Ghez et al., 1995).Altogether, the elimination or the alteration of visual and sensory infor-mation about the limb prior to movement clearly a�ects pointing accuracy,providing converging evidence that de�ning the state of the e�ector prior tomotion is a necessary step of movement planning.It is well agreed that despite the in�nite number of possible trajectories thatarm and hand could follow to reach a target, humans show highly stereotypedmovements (Jordan and Wolpert, 1999). For instance, despite variations inmovement directions, speed and location, the hand trajectories tend to followroughly a straight line in space and present a bell-shaped velocity pro�le (Flashand Hogan, 1985; Morasso, 1981). However, the mechanisms that allow theplanner to select the most reliable trajectories are still under debate. The mainhypothesis is that rather than describing the kinematics of a movement directly,the behaviours result from the evaluation of a cost function penelizing sometask parameters. The appropriate trajectory is the one that minimizes the costfunction. Many possible cost functions have been examined for point-to-pointmovements (Nelson, 1983). They can be classi�ed according to the criteriaunderlying their de�nition, either kinematic or dynamic. For example, it hasbeen proposed that the squared jerk (third position derivative) is minimizedover the movement (Flash and Hogan, 1985; Hogan, 1984). If x(t) denotesposition over time, the kinematic-based cost function is:
J =

∫ T

0

(
d3x

dt3

)2

dt (1.2)where T is the duration of the movement. Intuitively, this corresponds tomaximize smoothness by penalizing high derivatives. Lacquaniti et al. (1983)observed a relationship between path curvature and hand angular velocity dur-ing drawing and scribbling. This was generalized as the two-thirds power law(Viviani and Flash, 1995; Viviani and Schneider, 1991). Subsequently, it hasbeen shown that this power law was a particular case of minimum jerk and12



1.3 Experimental evidence of internal modelscould be a by-product of the limb's damping properties (Schaal and Sternad,2001). On the other hand, dynamic based cost functions depend on the dy-namics of the arm. The proposed models include a cost function like torquechange, muscle tension or motor command (Nakano et al., 1999; Uno et al.,1989). There is a critical di�erence between the two classes of models. Sincethe speci�cation of a movement in kinematic models involve the speci�cationof positions and velocities of the arm over time, an additional process is re-quired to compute the appropriate motor commands in the brain. In contrast,dynamic-based models compute more direct solutions in term of motor com-mands, although it is unlikely that a torque derivative is internally representedas is.Interestingly, Harris and Wolpert (1998) proposed a new approach to by-pass limitations present both in kinematic and dynamic models: the minimumvariance theory of motor planning. The authors proposed that minimizing thevariability of the arm's position in presence of biological noise is the underlyingdeterminant of trajectory planning. On the one hand, noise is integrated overthe movement duration, leading to �nal errors. On the other hand, the ampli-tude of noise in the neural control signal is proportional to the mean level ofthe signal. Therefore a signal-dependent noise inherently imposes a trade-o�between movement duration and terminal accuracy: the longer the movementand the stronger the signals required to drive the arm, the noisier the controlsignal. Harris and Wolpert (1998) suggested that the feedforward sequence ofneural commands are selected so as to minimize the �nal positional variancewhile keeping the duration to the minimum compatible with the accuracy con-straints of a particular path. This approach has several advantages. First,this theory for arm movements also generalizes to rapid eye movements (sac-cades). Second, after adaptation of the motor system, pro�les are insensitive toa change of dynamic parameters: the initial bell-shaped velocity pro�le can berecovered (Goodbody and Wolpert, 1999; Lackner and Dizio, 1998; Sainburget al., 1995; Shadmehr and Mussa-Ivaldi, 1994). Third, it provides more a di-rect cost function, and avoid the need for the CNS to compute complex signals.Lastly, smoothness becomes a consequence of an optimal trajectory since anabrupt change of position would require a large driving force and hence, errors.A common behavioural characteristic of many species including humans isthe ability to generate rhythmic motor patterns of activities, which are ubiq-uitous in nature. Some rhythmic activities, like locomotion, are energy-greedy13



1.3 Experimental evidence of internal modelsand are sensitive to dynamic constraints induced by the environment. If walk-ing is viewed as a force-driven harmonic oscillator, it requires a periodic forcingactuation to sustain its oscillations against gravitational, damping and sti�nessforces which tend to diminish the oscillations. In such systems, a particularfrequency - the resonant frequency - is critical: it requires the minimum force tomaintain the oscillations and hence, the minimal muscle activity. For instance,Wagenaar and van Emmerik (2000) showed that the preferred movement fre-quency of the arms can be predicted by the resonant frequency of the arm.When interacting with the environment, the preferred oscillatory movementsare not simply dictated by the central nervous system but are constrained bythe dynamics of the system as well (Hatsopoulos and Warren Jr, 1996; Kuglerand Turvey, 1987). Hatsopoulos and Warren Jr (1996) asked subjects to os-cillate their forearms in the vertical plane at their preferred frequency underconditions of added mass and external spring loading. The results showed thatthe preferred frequency matched the resonant frequency of the muscle-limb sys-tem under each condition. In addition, whereas the internal joint sti�ness wasmodulated so that it corresponded to the impedance of the external springs, itwas una�ected by added mass. These observations are consistent with an au-tonomous oscillator model that incorporates information about the dynamicsof the periphery. oscillatorsInterestingly, a physiologically plausible link has been demonstrated be-tween macroscopic rhythmic movements and some speci�c neural networks atthe spinal level called Central Pattern Generators (CPG) (Marder and Cal-abrese, 1996). The most fundamental CPG consists of two groups of neuronswith mutual inhibitory connections (Brown, 1911) that generate antiphase os-cillations in their electrical activity, which alternately drive a pair of antagonistmuscular groups, to induce periodic motion. There is growing evidence thatCPG provide motor commands required for rhythmic activities in both in-vertebrates and vertebrates (Delcomyn, 1980), including humans (Zehr et al.,2004). Hence, frequency may be a critical parameter to predict e�cient rhyth-mic movements of biological systems obeying the biophysical laws governingoscillations (Holt, 1990).1.3.2 Feedback controlThe existence of feedback is obvious in a daily context. For instance, when weexperience a �rst contact with a new object, we adopt a probing strategy toallow a stronger weighting on information that come from skin mechanorecep-tors (Johansson and Westling, 1987). Without feedback mechanisms, we would14



1.3 Experimental evidence of internal modelshave been had to internalize a perfect model of the world, which is unfeasiblegiven all its uncertainties.Many real-world tasks involve moving one or both hands to targets in theenvironment. Once the target is reached, we may choose to perform a numberof actions (touch, grasp, pinch, etc.) but the most basic task involves vision tomove the limb to a target.A classical view of reaching movements consists of two phases: a fast initialphase that is primarily ballistic, and a slower adjustment phase under theguidance of sensory feedback (Jeannerod, 1988). Two basic observations, onecomputational and one empirical, seem to lend support to this view. First, theminimum delay needed for sensory information to a�ect the physical movementof the hand (approximately 80-100 ms) would seem to render feedback uselessfor the short duration reaching movements, which are on the order of 350-750ms. Second, the fast and slow phases appear clearly in the transport kinematicsof the hand, which show an initial bell-shaped velocity pro�le followed by anextended tail in the �nal phase of movements, when the hand is near the target,often with a number of re-accelerations.The role of feedback in the slow phase of the movements is clearly demon-strated. For over a century, researchers have been interested in the centralprocessing that must occur as part of movement planning and how much ofthis processing occurs on-line (Woodworth, 1899). In other words, how muchof movement is open-loop control and how much feedback is used to carry outthe movement in closed-loop control (See Starkes et al. (2002) for a review)?A frequently used paradigm consists in comparing terminal accuracy of goal-directed arm movements performed with di�erent types of visual feedback (e.g.no feedback, feedback during either the �rst or last portion of the trajectory,feedback during entire trajectory). Using such a paradigm, a number of studiesreported that directional accuracy of rapid arm movements was greater whenthe hand could only be seen early in the trajectory than when visual feedbackwas not available (Abahnini and Proteau, 1999; Blouin et al., 1993). Authorsof these studies concluded that visual feedback of the moving limb can be pro-cessed online and rapidly to optimise directional accuracy (Saunders and Knill,2003).In real movement however, vision is often assisted by other source of infor-mation like proprioceptive sensory information coming from receptors in themuscles, skin, and joints. These multiple sources are combined to provide asingle optimal estimate of the quantity. For example, we can both see and feel15



1.3 Experimental evidence of internal models

Figure 1.7: Direction-dependent precision of visual and proprioceptive local-ization.where our hands are, and this information is integrated to generate a singleestimate of where the hand is in space. An interesting study (van Beers et al.,2002) demonstrated that the relative weighting of visual and proprioceptiveinformation depend upon the direction of movement: in the depth direction,the estimate of hand position relied more on proprioception than on vision,while the reverse is true for the azimuthal direction (Fig. 1.7). This suggeststhat a larger reliance on proprioception is actually very common in everydaylife.1.3.3 Forward modelsWhen the environment exhibits stable dynamic properties, predictive controlmechanisms can be exploited. The main advantage of feedforward control lies inthe fact that it can anticipate the required control without waiting for feedbackinformation. This implies the existence of e�erence copies and forward modelsin the brain. However, the use of forward models is less easy to demonstratethan feedback control. The development of virtual reality and closed-loop ex-perimental set-ups coupled with psychophysical, electrophysiological and im-agery techniques have considerably strengthened evidence of such predictivemodels in humans. In addition, for many years, the animal literature has also16
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1.3 Experimental evidence of internal modelsreported clear evidence of the involvement of the cerebellum in forward mod-els. In the next section, we review important experiments that demonstratedi�erent kinds of forward models. forward modelThe anticipatory adjustments of grip force (GF) with load during object ma-nipulation has been extensively investigated to provide evidence of predictiveforward models (Davidson and Wolpert, 2004; Flanagan and Wing, 1997; Jo-hansson and Cole, 1994; Kawato, 1999). For instance, when the load at the�ngertips periodically varies according to a self-generated action such as shak-ing the juice carton, GF increases and decreases in parallel with load force (LF)with no delay (Flanagan and Wing, 1995) (Fig. 1.8). Sensory detection (about80 ms) of the load is too slow to account for this increased GF, which thereforerelies on predictive processes.
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Figure 1.8: Modulation of grip force (upper trace) with load force (lower trace)in vertical rhythmic movements. Adapted from Witney et al. (2004).Forward models must also be adapted to follow changes in the environ-ments. These updates are mainly possible through feedbacks. Interestingly,dea�erented patients lack feedback and are therefore unable to rely on errorsignals to learn and maintain a forward model for a novel object. Nowak et al.(2004a) asked such a patient to make point-to-point reaching movements witha hand-held object. The authors showed that the GF pro�le was not predictiveanymore, which is consistent with an inability to predict the LF.17
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1.3 Experimental evidence of internal modelsInterestingly, neurophysiological studies suggest that forward models of ob-ject and arm dynamics are stored in the cerebellum (Kawato et al., 2003).Single-cell recordings in monkeys suggest that the cerebellum plays an im-portant role in predictive motion planning (Dugas and Smith, 1992; Espinozaand Smith, 1990; Smith, 1990). More speci�cally, an anticipatory dischargeof Purkinje cells has been shown to parallel a preparatory grip force increasethat preceded the onset of predictable load perturbations. This preparatoryactivation developed during the �rst trials and started earlier as a function ofpractice (Dugas and Smith, 1992; Smith, 1996). single-cell1.3.3.1 Arm dynamic modelsIt is agreed that internal models of arm dynamics play a critical role in manymovements like reaching (Atkeson, 1989; Shadmehr and Mussa-Ivaldi, 1994), orcatching (McIntyre et al., 2001a; Zago and Lacquaniti, 2005). However, manyparts of our body are coordinated to achieve a common goal. Hence, speci�cbehaviours of say eyes, posture and grip force must have access to a forwardmodel of the arm dynamics in order to predict consequences of coordinatedactions on the environment.Recordings of the muscular activities constitute a good indication of mo-tor commands sent to the arm. Gribble et al. (2002) showed that, prior tomovement onset, the EMG activity during fast point-to-point arm movementsre�ected the subsequent amplitude. This result indicates that inertial prop-erties of the upper limb are taken into account before any possible return offeedback information. Similarly, Flanagan and Lolley (2001) have shown thatwhen sliding an object across a friction-less surface to targets located in dif-ferent locations, subjects varied the forces they applied normal to the surfacein anticipation of direction dependent changes in initial hand accelerations.This means that forward models of the arm incorporate its anisotropy, so thatsubjects can move with an optimized muscular activity, without waiting forfeedback. The brain selects and tunes the parameters of the adequate forwardmodel during the planning stage of the task.There is also evidence that the saccadic eye movement system has access toa forward model of arm dynamics (Lazzari et al., 1997; Vercher et al., 1997).When participants were asked to track their unseen arm position, they executedsaccades to a location that predicted the position of their hand 196 ms inthe future (Ari� et al., 2002). Even when the arm's dynamic was alteredby applying various force �elds, the eyes learned to make accurate predictivesaccades when the externally imposed arm dynamics was eventually predictable18



1.3 Experimental evidence of internal models(Nanayakkara and Shadmehr, 2003).The above studies suggest that at least the grip force control system andvision both have access to an adaptable internal model of arm dynamics. How-ever, at this time, it is not clear whether this re�ects a global access to a com-mon module or multiple representations within each motor system (Davidsonet al., 2005).1.3.3.2 Object dynamic modelsBeside reliable internal representations of our body segments, our brain mustalso contain information about controlled systems in order to be successfulin interactions with the external world. Indeed, we do not manipulate anorange and an egg with the same caution. When lifting an object initiallystationary, we rapidly learn to adjust GF to overcome the LF that depends bothon the object's weight and on the combined e�ect of the acceleration and mass(Johansson and Westling, 1988). Moreover, when transporting an object, Saelset al. (1999) showed that subjects also take into account the friction at the graspinterface to control the movement as re�ected in the subsequent acceleration.However, the parallel coordination between GF and LF is not innate but resultsfrom a long learning process that lasts around three years, as was evaluatedin children (Forssberg et al., 1991). Then, a memory of appropriate forcescaling is maintained and can be recalled later based on visual cues (Gordonet al., 1991, 1992, 1993). This memory is highly �exible: it generalizes betweenhands (Gordon et al., 1994) and takes advantage of previous trials with separateobjects to tune the GF with the combined object (Davidson and Wolpert, 2004;Haruno et al., 2001).Given that �exibility, it might be expected that explicit knowledge of asimple change in object dynamics could be used to update the internal model.Nowak and Hermsdorfer (2003) addressed this issue by asking subjects (1) tolift a cup full of water with a precision grip, (2) to drink half its content witha straw and (3) to lift the cup again. The maximum grip force rate providesa reliable estimate of the anticipated weight. It was surprising that, despitepossessing explicit knowledge the cup was lighter after drinking, maximum gripforce rate (green trace in Figure 1.9) did not reduce for the lighter cup and theobject was accelerated (red trace in Figure 1.9) as if a heavier object, still full ofwater, was expected. In contrast, implicit knowledge of a relationship betweentwo previously experienced objects can be used to form a new forward model(Davidson and Wolpert, 2004; Haruno et al., 2001).There is also evidence that forward models of external complex tools are19



1.3 Experimental evidence of internal models

Figure 1.9: Prediction of GF is not adjusted even with explicit knowledge of achange in object properties. The GF rate before (b) and after drinking (e) didnot change while acceleration was larger for the lighter glass.used in arm control (Descoins et al., 2006; Dingwell et al., 2004; Mehta andSchaal, 2002). Previous experiments arti�cially manipulated di�erent param-eters like inertia, sti�ness and damping of the arm (Dizio and Lackner, 1995;Flanagan et al., 2003; Shadmehr and Mussa-Ivaldi, 1994). After some adap-tation, subjects regained their original smooth movements despite the pertur-bations. Such events constitute parametric change to the controlled systembecause they do not alter the fundamental structure of the arm (e.g. numberof joints). Since the equations of motion remain unchanged excepted for valuesof some parameters, the same kinematics can be achieved by adjusting forcesand torques. However, we often need to control motion of an object: we donot adopt the same kinematics when transporting an empty and a full glassof water. In that case, new state variables must be considered like positionand velocity of the arm-object entity. Such tasks constitute deep, structuralperturbations to the system: new equations must be de�ned and solved. Im-portantly, there is no direct muscle activation of the object itself: its motioncan only be controlled indirectly through interactions with the dynamics of theobject itself. Dingwell et al. (2004) showed that subjects were able to learnnew kinematics that generalizes the minimum jerk principle (Flash and Hogan,1985) by re�ning the mapping between the motor commands and the motionof the object, principally through visual sensory in�ows.1.3.3.3 Sensorimotor memoryNext to object-speci�c forward models, another source of information comesinto the game. It has been shown that previous trials (e.g. object lift) also in-20
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1.3 Experimental evidence of internal models�uence the current trial when visual cues are not reliable during sequential lifts(Jenmalm and Johansson, 1997) or when unpredictable viscous force �elds areapplied on the arm (Scheidt et al., 2001). The strongest weight was attributedto the most recent preceding trial and decayed rapidly (Witney et al., 2001).This e�ect has been termed �sensorimotor memory� and dominates object-speci�c memory in circumstances when the environment is less predictable.This control mechanism is sometimes called a �look-up� table: it associatesan output value to each visited state (Raibert, 1978). However, this becomesoften practically unrealistic if we consider a broad class of movements. This isnicely illustrated by considering the following example (Wolpert and Ghahra-mani, 2000). If we consider the 600 or so muscles in the human body as being,for extreme simplicity, either contracted or relaxed, this leads to 2600 possiblemotor activations, which is more than the number of atoms in the universe.This clearly prohibits a simple look-up table from motor activations to sensoryfeedback and vice versa. However, it can be very e�cient for speci�c behaviour.Taken together, these studies showed that according to the context, the adjust-ment of grip force can result from a forward model or a simpler, more volatile,sensory memory of past sensations (Nowak et al., 2004c; Quaney et al., 2003;Witney et al., 2001).1.3.3.4 LearningInternal models of object and arm dynamics are capable of adapting to un-usual and even novel force pro�les. This behaviour has been demonstrated byapplying the following paradigm. Subjects are trained on a task in naturalconditions (PRE). Then, they achieve the same task but when unpredictablechanges in the dynamic properties of their arm or object occur (PER). Finally,participants are asked to carry on the trials but when the perturbations havebeen reset to normal (POST). For example, by using a robot to generate aforce �eld acting on the hand, subjects initially showed trajectories that de-viate from their normal paths and velocity pro�les (Lackner and Dizio, 1994;Shadmehr and Mussa-Ivaldi, 1994). Then, they were able to adapt and movenaturally in more or less time, depending on the task. This is interpreted as theadaptation of the parameters of the inverse model to take into account noveldynamics. Interestingly, the �rst trials in the POST condition showed a mirrore�ect, namely initial kinematic deviations in the other direction, which furtherdemonstrates the acquisition of new predictive mechanisms.Underlying mechanisms in the updating of internal models were addressedby many studies. Generalization experiments have investigated the structure of21



1.3 Experimental evidence of internal modelsinternal models. When subjects are trained for a particular task under altereddynamic environment, the question arises as to whether participants will be ableto achieve this task in a di�erent part of the workspace. If generalization wasperfect, then new trajectories should be controlled perfectly from the beginning.In contrast, the performance of subjects experiencing the new environmentin the di�erent part of the workspace should be as poor as those with noprior training if generalization does not hold. Experimental data suggest anintermediate generalization level between a perfect inverse dynamic model ofthe system and a pure look-up table (Conditt et al., 1997; Ghahramani et al.,1996; Goodbody and Wolpert, 1998; Imamizu et al., 1995; Sainburg et al.,1995). Therefore, because a sole internal model with imperfect generalizationcapability cannot deal with a huge range of behavioural situations, the need fora modular approach has been proposed. In that framework, di�erent modulescompete for workspace memory during learning process especially for eventsclosely related in time (Shadmehr and Brashers-Krug, 1997; Shadmehr andHolcomb, 1999).Given the context, the appropriate module must be selected by the CNS.The Bayesian formalism has been proposed to estimate the probability of eachcontext and compute a weighted combination of the most probable modules.According to Wolpert and Ghahramani (2000), the probability can be factoredinto the likelihood and the prior. The likelihood of a particular context quan-ti�es the probability of the current sensory feedback, given that context. Aforward model is then used to predict the sensory feedback from the move-ment. The discrepancy between the predicted and actual sensory feedbacksis inversely related to the likelihood. Wolpert and Kawato (1998) proposeda modular architecture in which multiple predictive models each tuned to aparticular context, operate in parallel. This array of models acts as a set ofhypothesis testers. The prior contains information about the structured way acontext changes over time and how likely a context is before a movement. Bayesrules optimally combine the likelihood and the prior so as to generate a prob-ability for each context (Davidson and Wolpert, 2004; Kording and Wolpert,2004). Hence, multiple internal models can be regarded conceptually as motorprimitives (building blocks) that are statistically combined according to theirrelevance.
22



1.4 Role of gravity in motor control1.4 Role of gravity in motor controlCatching a ball, playing tennis, moving an outstretched limb to reach an object,or simply manipulate an object are all activities in�uenced by the omnipresenceof gravitational acceleration at the surface of the Earth. The ball will acceleratedownwards and bounce with the same angle as the incident angle. Movingour arm vertically upwards requires more driving torque at the shoulder jointthan downwards, especially when we hold a massive object. Therefore, whenplanning any action, our CNS must somehow have knowledge about gravity tooptimize the control of our movements.There is considerable evidence that the CNS takes advantage of gravity toplan optimal movements. Upward arm movements are more curved than down-wards, between the same two points (Atkeson and Hollerbach, 1985). The CNSchooses di�erent hand paths for the two directions. If gravity was a disturbingfactor, rather than an explicit parameter in the internal model of trajectoryplanning, we would expect that performing point-to-point movements in micro-gravity would result in symmetric paths up and down. However, this directionaldi�erence persists in 0 g environment (Papaxanthis et al., 1998). This consti-tutes the �rst evidence that gravitational forces are integrated in the planningprocess. Other evidence of the importance of gravity in internal models comesfrom a mass discrimination experiment conducted in weightlessness. On theEarth, the weight of an object is strictly coupled to its mass. Therefore, anestimation of its mass can be performed in static condition, simply by hold-ing the object. In microgravity, subjects poorly perceived masses of di�erentobjects that presented the same external features (size, shape) (Ross et al.,1984; Ross and Reschke, 1982; Ross et al., 1986). The authors concluded thatinternal models of mass and weight are indeed coupled in the brain.Grip force modulation has also been studied in 0, 1 and 1.8 g (parabolic�ights) to investigate whether people adjust their grasp according to novelgravity environments. While experienced participants presented linear GF-LFrelationships from the very �rst exposure to each gravity level tested, severalpractice parabolas were needed for novice subjects to adjust their behaviour tothe novel conditions (Augurelle et al., 2003) (Fig. 1.10).There are however de�nite limits to this adaptation. For example, McIntyreet al. (2001b) have shown that predictive modules are tuned for the e�ectof gravity. When catching a ball falling vertically, people normally generateaccurately timed anticipatory responses to intercept the object. In the 0 genvironment, in contrast, anticipatory responses occurred too early, indicating23



1.4 Role of gravity in motor control
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1.5 Parabolic �ights man÷uvres1.5 Parabolic �ights man÷uvresConditions of altered and particularly microgravity provides a unique methodto decouple mass and weight in a manner that is completely novel to a novicesubject. In 0 g, the arm and the manipulated object will have mass but noweight. Therefore, this provides a context to investigate working and adap-tation of internal models where the usual relationships between variables areprofoundly modi�ed. Interestingly, the terrestrial environment allows simula-tion of various aspects of this approach. First, adding a mass on the objectincreases its inertia and its weight while removing gravity does not a�ect itsinertial component:
F = mg + ma = m(g + a) (1.3)Indeed, in 0 g, the gravitational term disappears (mg = 0) and the residualforce exerted by an object on the �ngertips only depends on its mass and onthe induced acceleration. Second, applying a mass-less external force allows theexploration of new force �elds. However, the added force can be sensed throughcontact with the limb. In addition, the vestibular system remains una�ected.While otolithic otoliths organs sense linear acceleration and are hence sensitiveto gravitational acceleration, semi-circular canals sense angular accelerationand function in 0 g as they do on Earth (Merfeld et al., 1999). Third, exper-iments performed in a centrifugal room constitute a better approximation ofincreased gravitational force. Nevertheless, coriolis e�ects add a parasite force�eld. Similarly, underwater manipulations, while reducing actual load throughbuoyancy, su�er from increased viscosity that resist movements of the limb.Finally, virtual reality coupled with haptic devices has provided valuable re-sults (Senot et al., 2005; Zago et al., 2004). However, forces do not apply onthe object itself but instead, present visually arbitrary experimental contexts.Altogether, these manipulations can change the intensity and direction of thegravitational force but are unable to remove the gravitational reference from thepicture. Thus micro- and hypergravity environments a�ord a unique methodto investigate the working of internal models when manipulating objects.The near-weightless environment of space opens up a multitude of possi-bilities for basic and applied research. Among various possibilities to generatemicrogravity, parabolic �ights o�er a good compromise between duration ofexposure and �exibility of experiments. The remaining part of this section isdevoted to the description of low gravity platforms with a special emphasis onparabolic �ights. parabolic �ight 25



1.5 Parabolic �ights man÷uvresThe state of free-fall is obtained in a vehicle subject to the only force ofgravity, the sum of all other forces being zero. In an external inertial referenceframe, no inertial forces are applied to the vehicle, which consequently fallsfreely. In a non-inertial reference frame attached to the free-falling vehicle,inertial forces exist but they locally balance the force of gravity. Whatever theview, the force of gravity is never canceled.The term microgravity is also used because weightlessness in a spaceship isnot perfect. Gravity decreases 1 ppm for every 3 m increase in height from theEarth surface, which results in some inaccuracies in the assumption that gravityis locally the same, from a mathematical point of view. Moreover, though verythin, there is some air (even at the level of the orbit), which causes decelerationdue to friction.European involvement in low gravity research began approximately 30 yearsago with various types of low gravity platforms. The drop tower �Bremen�(Zarm, Germany) features a 110 meter high drop chamber with a diameter of3.5 m with an attainable residual pressure in the chamber of 1 Pa within 2.5hours. The chamber is standing inside a concrete building, which protects itfrom wind perturbations. The experiments are accommodated in a pressurizedcapsule elevated to the release platform. The drop is initiated by opening a sus-pension device, which generates very limited perturbations to the capsule. Afree-fall duration of 4.7 seconds with residual accelerations lower than l0−5 g isthus achieved. Deceleration occurs in an 8 m deep tank �lled with polystyrenepellets. The deceleration levels do not exceed 50 g. Two to three drops can beperformed in a day. Sounding Rockets provide weightlessness to their payloadwith experiments during the unpowered �ight phase. They provide micrograv-ity in the range 3 to 13 minutes. All sounding rockets for microgravity researchare launched from Esrange in northern Sweden. Unmanned recoverable cap-sules of the Foton type were introduced in 1985 by the Soviet Union. Thesecapsules are launched into near-circular, low earth orbit by a Soyuz rocket,providing researchers with gravity levels less than l0−5 g for missions lastingapproximately 2 weeks. Parabolic �ights are used to conduct short-term micro-gravity scienti�c and technological investigations, to test instrumentation priorto deployment in space, to validate operational and experimental procedures,and to train astronauts for a future space �ight. Such �ights are conductedon specially-con�gured aircraft, and provide a period of up to 20 seconds ofreduced gravity or weightlessness. Parabolic �ights are the only sub-orbitalcarrier to provide the opportunity to carry out medical experiments on humansubjects under conditions of weightlessness, complementing studies conducted26



1.6 Content of the thesisin space, and on the ground (e.g. immersion, bed-rest) under simulated weight-lessness conditions. parabolic �ight The assembly of the International SpaceStation (ISS) started in November 1998 with the launch of the �rst Stationelement, the Zarya module into orbit, and will continue throughout the next�ve years. Once the Station is complete, currently planned for 2010 with there�ights of the NASA spacecraft, it will o�er an extensive range of facilities ina unique environment that cannot be found on Earth, and will enable mankindto continue to learn how to live and work in space for long periods.Table 1.1 compares these techniques in term of quality and duration ofmicrogravity, volume of payload and possibility of human intervention.Table 1.1: Comparison between microgravity platforms.Platform µ-g level (g) Duration V (m3) ControlDrop towers 10−3 - 10−6 < 5 s < 1 indirectParabolic �ights 10−2 - 10−3 20-25 s > 10 directSounding rockets 10−4 - 10−5 5 - 13 min < 1 indirectRecoverable capsules ≤ 10−5 weeks > 1 indirectISS 10−2 - 10−5 weeks - years > 1 direct1.6 Content of the thesisThis thesis is devoted to further understand the role of internal models in ob-ject manipulations when the gravitational environment is dramatically altered.In addition, the importance of vision as a potential source of information inadaptation is also investigated. This work is organized into 7 sections. Twoappendices provide supplementary information on the experimental equipment(A) and on developments of models of the upper limb (B).The Introduction provided a theoretical framework in which internal modelsare described. We focused on experimental evidence to illustrate that theseconcepts are applicable to the neural control of movement. We emphasizedthe importance of gravity in these models and motivated why its alterationprovides a valuable tool to better understand mechanisms of internal models.Many natural human movements include rhythmic activities like walking,shewing and swimming. Some of them require much more muscular force thanothers. For instance, it is harder to manipulate a heavy hammer than justmoving the upper limb. From mechanics, it is known that driving a system at27



1.6 Content of the thesisa pace close to its resonant frequency is e�cient, the transfer of energy withthe environment being optimal. In other words, at that particular frequency,the actuation needed to generate a given amplitude of oscillation is minimal.Interestingly, neuronal circuits - known as central pattern generators - generaterhythmic patterns of activities in invertevrates and, to some extent in humansas well. Chapter 2 examines whether those central pattern generators canbe involved in driving e�cient rhythmic movements of the upper limb, byinvestigating the ability of participants to tune their movement pace accordingto changes in ambient gravity.Chapter 3 examines the coupling between grip force and load force duringrhythmic movements of a hand-held load in altered gravity. In a previous study,it was shown that this modulation was rapidly acquired and presented a stronglinear relationship (Augurelle et al., 2003). In this chapter 2, we speci�callyaddress the issue whether similar load forces at the �ngertips but generatedwith di�erent combinations of acceleration, object mass and gravity lead tothe same grip force. Moreover, by adding a mass on the forearm while keepingthe load force constant, the arm motor command needed to be adapted but notthe grip force. Hence, we investigate whether grip force commands are biasedby the motor commands sent to the arm.Chapter 4 follows from observations raised in the previous study. The for-ward internal model invoked to modulate grip force takes into account thedynamic characteristics of the upper limb, the object and the environment topredict the object's acceleration and, in turn, the load force acting on the �n-gertips. Whereas the local physical e�ects induced by gravity and accelerationcan be identical at the �ngertips, does it mean that we take equivalently intoaccount the gravitational and inertial components of the load to predict thegrip force?Chapters 5 and 6 switch to a discrete collision task. We showed that gripforce is adjusted in anticipation of load forces when cyclically moving hand-held objects (Chapters 3 and 4). In contrast, in random discrete movements,(1) pre-programming is necessary and (2) since prediction may not be correct,feedforward control may be supplemented by feedback control. In order todissociate the two forms of control, we studied up and down collisions, randomlyinterleaved. In such cases where load duration is reduced, prediction becomesmore critical as the time available for sensory feedback is too short to allowa feedback loop to operate. In Chapter 5, we characterize this task in thenormal Earth gravity �eld by analysing simultaneously various motor systems(hand, arm, gaze). Finally, in Chapter 6, we test the same paradigm but in28



1.6 Content of the thesisaltered gravity. Since the motor plants must integrate the in�uence of gravity,we verify whether the oculomotor strategy observed in 1 g also holds in newgravity �elds. Taken together, the obtained results will give more insights intohow the Central Nervous System controls grip force and, more generally, gazeand arm movements during a task that involves transport of an object and highimpact loads.
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Chapter 2Altered gravity highlightsCentral Pattern Generatorsmechanisms The mind can proceed only so farupon what it knows and canprove. There comes a pointwhere the mind takes a higherplane of knowledge, but cannever prove how it got there. Allgreat discoveries have involvedsuch a leap. Albert Einstein2.1 AbstractIn many non-primate species, rhythmic patterns of activity such as locomo-tion or respiration are generated by neural networks at the spinal level calledCentral Pattern Generators (CPG). Under normal gravitational conditions, theenergy e�ciency and the robustness of human rhythmic movements are due tothe ability of CPG to drive the system at a pace close to its resonant frequency.This property can be compared to oscillators running at resonant frequency,for which the transfer of energy with the environment is optimal. However,the �exibility of the CPG to adapt the frequency of rhythmic movements tonew gravitational conditions has never been studied. Here, we show that the33



2.2 Introductionfrequency of a rhythmic movement of the arm is systematically in�uenced bythe di�erent gravitational conditions created in parabolic �ights as predictedby a pendulum model. The period of the arm movement is shortened withincreasing gravity level. In weightlessness, however, the period is highly de-pendent on instructions given to the participants, suggesting a lesser in�uenceof resonant frequency. Our results demonstrate that the innate modulation ofrhythmic movements by CPG is highly �exible across gravitational contextswhich suggests the involvement of CPG mechanisms in the achievement of ef-�cient rhythmic arm movements. Our contribution is of major interest for thestudy of human rhythmic activities both in a normal Earth environment andduring microgravity conditions in space.2.2 IntroductionThe most fundamental central pattern generators (CPG) consists of two groupsof neurons with mutual inhibitory connections (Brown, 1911). These inhibitoryconnections generate antiphase oscillations in the electrical activity of the twogroups of neurons, which alternately drive a pair of antagonist muscular groups(e.g. �exors-extensors), to induce periodic motion. There is growing evi-dence for the involvement of CPG during walking or arm swinging in mammals(Burke, 2001), including humans (Marder, 2000) although rhythmic movementsin man involve higher brain centres (Iwasaki and Zheng, 2006; Marder, 2000).Recent insights suggest that the concept of CPG, as well established for humanlocomotion, applies to the arm as well (Dietz, 2002; Zehr et al., 2004).Some rhythmic activities, like locomotion, are energy-greedy and are sensi-tive to dynamic constraints induced by the environment. If walking is viewedas a force-driven harmonic oscillator, it requires a periodic forcing actuation tosustain its oscillations against gravitational, damping and sti�ness forces whichtend to diminish the oscillations. In such systems, a particular frequency - theresonant frequency - is critical: it requires the minimum force to maintain theoscillations and hence, the minimal muscle activity. When interacting with theenvironment, the preferred oscillatory movements are not simply dictated bythe central nervous system but are constrained by the dynamics of the systemas well (Hatsopoulos, 1996; Kugler and Turvey, 1987). For instance, a gira�emoves with a much slower pace than small mammals, because the former havevery long legs. In another context, Neil Armstrong walked on the Moon in 1969at a much slower velocity than he certainly does on the Earth because gravita-tional attraction on the Moon is decreased by a factor of 6. From the neuronal34



2.3 Methodscontrol viewpoint, one functional bene�t of modulating the CPG frequencywith sensory feedback is that it enables a system to exploit the resonant prop-erties of the musculoskeletal dynamics (Hatsopoulos, 1996; Hatsopoulos andWarren Jr, 1996; Iwasaki and Zheng, 2006; Williams and Deweerth, 2007).Muscle activities are calibrated to take into account the existence of gravi-tational attraction, based on a lifetime of experience in a normal 1 g environ-ment (Papaxanthis et al., 1998). Indeed, more e�ort is required to move anoutstretched limb upward than downward. The changes of motor performancein altered gravity (Bock, 1998) must somehow be compensated through adap-tive control, which is more or less time consuming, depending on the context(Lackner and DiZio, 1996).In this study, we investigate whether human subjects are able to sustainrhythmic movements in di�erent gravity environments. We hypothesize thatif the movements are e�ectively driven by the CPG, the self-generated paceshould vary through the di�erent gravity �elds. Indeed, since neuronal controlsystems cooperate with the physical constraints imposed by the dynamics ofthe body and the surrounding environment, we expect that a change of gravitywould induce a change of frequency in order to approach the resonant frequencyto perform e�cient rhythmic movements. However, in 0 g, since gravity cannotassist the rhythmic movement anymore, the question remains open as to howsubjects will adapt their periodic pattern.2.3 Methods2.3.1 ParticipantsTwelve right-handed volunteers participated in the study. Their health wasassessed by their individual National Centres for AerospaceMedicine as meetingthe requirement (�Jar Class II�) for parabolic �ight. No participant reportedsensory or motor de�cits and they had all normal or corrected to normal vision.All participants gave their informed consent to participate in this study and theprocedures were approved by the European Space Agency Safety Committeeand by the local ethics committee.2.3.2 Experimental procedureSubjects were successively confronted with periods of normal gravity (1 g),hypergravity (1.8 g) and microgravity (0 g) during parabolic �ights (Fig. 2.1A). They were asked to perform rhythmic arm movements around two virtual35



2.3 Methodsobstacles situated three meters in front of them following an �in�nity-shaped�trajectory with a hand-held instrumented object (Fig. 2.1 B). The �rst group of6 participants (Self-paced) were instructed to perform the movement at a self-generated pace. The second group of 6 subjects (Metronome Paced) followedthe rhythm dictated by a metronome (1 cycle every 1.5 seconds).2.3.3 EquipmentA video-based device (OptoTrak 3020 system, Northern Digital) recorded theposition of three infrared-light-emitting diodes (IREDs) on the hand-held ob-ject (82 mm diameter, 30 mm wide, 212 g mass) and on the subject's head witha resolution of 0.1 mm within the working environment. We also measured thehorizontal distance between the head and the object. A three dimensional ac-celerometer �xed on the �oor of the aircraft recorded its acceleration along itsfore-aft axis, its lateral axis and the axis normal to the �oor. The two synchro-nized acquisition systems (OptoTrak and accelerometers) recorded parametersat a sampling rate of 200 Hz.2.3.4 Manipulation of the gravitational contextThe experiments took place in the Airbus A300 ZEROg aircraft on six �ightsout of Bordeaux (France) spread out over the 35th and the 38th ESA Cam-paigns. A total of 180 parabolas were performed (2 campaigns × 3 �ight days
× 30 parabolas per �ight). From a steady horizontal �ight (1 g), the aircraftgradually pulled up its nose and started climbing at an angle of approximately45 degrees for about 20 seconds, during which the aircraft experiences an ac-celeration of around 1.8 times the gravity level at the surface of the Earth (g= 9.81 m.s−2). The engine thrust is then reduced to the minimum requiredto compensate for air-drag, and the aircraft then follows a free-fall ballistictrajectory (a parabola) lasting an additional 20 seconds, during which weight-lessness is achieved. At the end of this period, the aircraft must pull out ofthe parabolic arc, a man÷uvre which gives rise to another 20-second periodof 1.8 g, after which it returns to normal �ight attitude (1 g), before the nextparabola. During the parabolas, the resultant g vector was always directed tothe �oor of the aircraft, lateral and forward/backward components were in therange 10−3 g and were negligible. Two participants were tested on each �ight,during the �rst and the second blocks of �fteen parabolas.
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2.3 Methods2.3.5 Pendulum modelThe horizontal and vertical components of the trajectory are phase-coupledby a factor of 2 in order to ensure closure of the paths. Since gravity onlyin�uences vertical movements, we used a pendulum under the in�uence of bothgravity and a torsional spring oscillating about some angular equilibrium in avertical plane. Assuming small angles θ, the linearized equation of motion forthe pendulum will be used:
ml2θ̈ + mglθ cos θ̄ + kθ = 0 (2.1)where m and l are the equivalent mass and length of the pendulum respec-tively, g is the ambient gravitational acceleration, θ̄ is the elevation angle ofthe equilibrium position (l = 0.3 m, θ = 1.2 rad). Moreover, a restoring torque(angular sti�ness k) proportional to the angular displacement θ was imple-mented to bring the pendulum back to its rest position. We can rearrange Eq.2.1 to get rid of the explicit mass dependency and rede�ne k by unit of mass(k = 7.9 Nmkg−1rad−1):

θ̈ = −g cos θ̄

l
θ − k

l2
θ (2.2)This second-order di�erential equation can be solved analytically and the pul-sation ω follows:

ω =

√
g cos θ̄

l
+

k

l2
(2.3)Since ω = 2π

T , the period T is simply given by:
T = 2π

√
l

g cos θ̄ + k
l

(2.4)This simple model catches the relationship between gravity and the period: thelarger the gravity, the shorter the period.2.3.6 Data analysisWe calculated the period of the rhythmic movement as the time elapsed betweentwo successive crossings of the centre of the path, as de�ned by the average37



2.3 Methodshorizontal and vertical positions (see red dot on Figure 2.1 B). Since datawere not normally distributed, a nonparametric Kruskal-Wallis ANOVA onranks was used to test the e�ect of gravity and repetition of parabolas withineach group. Signi�cance across conditions was assessed with Dunn's post hoccomparisons (alpha level was p < 0.05). Since no e�ect was found acrossparabolas, we pooled data together in each condition of gravity.
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2.4 Results2.4 ResultsFigure 2.2 A illustrates the average of the period measured in the two groupsof volunteers as a function of gravity level. We examine �rst the trials executedin the non-zero gravity environments.In the Self-paced group (Fig. 2.2 A, black circles), we observed that theperiod in 1 g was reduced in 1.8 g (p < 0.001). This in�uence of gravity on theperiod was also observed in the gravity scaling of the average period measuredduring the transition phases (0.5 and 1.5 g). Our data strongly suggest anin�uence of gravity on the rhythm naturally adopted by the subjects We testedwhether these data would be compatible with a pendulum model, characterizedby its length, an average angular elevation and a feedback component (seeMethods for details). Figure 2.2 A clearly shows that the simulation of thependulum (dashed line) is very close to the experimental data.In the Metronome Paced group (Fig. 2.2 A, open circles), when compared toSelf-paced, the period of movement in all gravity �elds was longer, as dictatedby the metronome (p < 0.001). Unexpectedly, despite the fact that the cyclefrequency was imposed in this condition, the period was still modulated by thegravitational context (p < 0.001) and performances degraded with increasinggravity, which suggest a rather low level of control.Interestingly, the pendulum model used in the Self-paced condition wascompatible with this longer period in the Metronome paced group by increasingonly the length of the pendulum by 4 cm. Therefore, with the same equation,the pendulum pace was adapted to a slower resonant frequency. Remarkably,we also found that the subjects of this group performed the movements furtherapart their body by 5 ± 0.1 cm (mean ± s.e.m., p < 0.001). This adaptation al-lowed participants to follow the imposed rhythm and to perform the movementat a pace close to the resonant frequency.In the particular case of weightlessness in both groups, although all subjectssustained a rhythmic movement from the very �rst cycle, the periods in 0 gdid not follow the trend observed in other gravitational levels and thus thependulum model did not �t the data (Fig. 2.2 A).2.5 DiscussionExperimental and theoretical studies suggest that biological rhythmic move-ments converge to the resonant frequency of a mechanical system, throughsensory feedback. This property, called resonance tuning, has been evidenced39



2.5 Discussion

Gravity (g)

0.5 1.0 1.5 2.0

1.1

1.2

1.3

1.4

1.5

1.6

P
e
ri

o
d

 (
s
)

0.0

% Cycle

0 25 50 75 100

-10

-5

0

5

10

0 g

1 g

1.8 gA
c
c
e
le

ra
ti

o
n

 (
m

.s
)

-2

I

IIIV

III

IIIII IVI

A

B

Figure 2.2: Period as a function of gravity (Earth gravity is 1 g). The circlesare the mean periods adopted by the participants in the Self-paced group (�lledcircles, N = 4497) and in the Metronome paced group (open circles, N = 3551)for 0, 0.5, 1, 1.5 and 1.8 g. The dotted line indicates the target rhythm for theMetronome paced group. The thin curve is the pendulum model �t calculatedusing a Predictor-Corrector method with Runge-Kutta of order four as thepredictor. Error bars represent 95% Con�dence Interval on both axes.40

./Chapter1/Chapter1Figs/F2.eps


2.5 Discussionin swimming in jelly�sh and scallops (Demont, 1990) but also in leg and armswinging in humans (Abe and Yamada, 2003; Holt, 1990). Moving at the reso-nant frequency o�ers several advantages including maximization of the move-ment amplitude and predictability as well as minimization of the degrees offreedom, the variability, and the energy associated with the movement (Good-man et al., 2000; Holt et al., 1995). Our data strongly suggest a similar func-tional role of the CPG in arm human rhythmic movements in non-zero gravity�elds.However, another strategy was observed in microgravity since the modeldid not �t the data anymore. Actually, without an initial force, the pendulumcannot initiate any movement at all. Therefore, the CPG could not take ad-vantage of gravity to drive the arm at the resonant frequency anymore. Conse-quently, observations in microgravitymight re�ect di�erent strategies accordingto which group participants belong.In the Metronome Paced group, microgravity was the only condition wherevolunteers successfully followed the metronome, suggesting a higher level con-trol with lesser in�uence from an endogenous rhythm given by the CPG. Inter-estingly, the patterns of acceleration di�ered slightly across the gravity levelsand could be the sign of a di�erent strategy in microgravity (Fig. 2.2 B).Indeed, in 0 g, subjects signi�cantly smoothed the acceleration pro�le of thehand-held object (p<0.05) compared to 1 and 1.8 g. The larger the acceleration,the larger the forces and torques generated at the �ngertips and at the jointsand, consequently, the larger the energy required to perform the movement.Therefore, minimizing extreme values of acceleration in 0 g could have beena strategy to optimise the energy cost (Nelson, 1983). This process could beresponsible for the classically observed slowing of movement in weightlessness(Berger et al., 1997; McIntyre et al., 2001b; Mechtcheriakov et al., 2002).Altogether, behaviour in microgravity is di�erent from that in non-zerogravity �elds. Indeed, activities in hypergravity can be inferred from normalEarth gravity by applying a gain on calibrated actions in 1 g whereas micro-gravity behaviour follows from intrinsically very di�erent rules, since mass andweight become structurally decoupled.Recently, rhythmic movements have been shown to be performed with betterperformance than discrete aiming tasks (Miall and Ivry, 2004; Smits-Engelsmanet al., 2006). Theoretically, since the human body is a redundant system (Bern-stein, 1967), the programming of a movement as a whole (global optimum)should be more e�cient than sequentially optimising sub-movements (sum of41



2.5 Discussionlocal optima). These global optima are furthermore able to adapt to di�er-ent conditions. By considering together the system and its environment, thecentral nervous system can estimate another dynamic property - the resonantfrequency - which is crucial in performing e�cient and robust rhythmic move-ments (Marder and Goaillard, 2006). Hence, voluntary commands or supra-spinal inputs can set the frequency of oscillation at a given level. In addition,cycle-to-cycle variations can be induced by modulating the activity in the os-cillator interneurones. This �exible mechanism ensures stable performance,despite large �uctuations in the external environment. By allowing for plastic-ity, the programs implemented by neural control circuits can be parameterisedinstead of providing single purpose hard-wired circuits and are thus much moreuseful to the organism (Katz, 1995).In this context of altered gravity environment, our results provide interest-ing insights into the role of CPG in regulating rhythmic arm movements. Weshow that gravity is an essential parameter that is profoundly integrated inour central nervous system when tuning the frequency of periodic actions toresonance in order to sustain competitive movements. The systematic aspectof this adaptation, especially when the rhythm is imposed by a metronome,supports the hypothesis that CPG contribute to drive the rhythmic arm move-ments e�ciently except in 0 g, where a higher level strategy takes place.
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Chapter 3Do novel gravitationalenvironments alter the gripforce/load force coupling atthe �ngertips? Do not put your faith in whatstatistics say until you havecarefully considered what they donot say. William W. Watt3.1 AbstractIn this experiment we examined the coupling between grip force and load forceobserved during cyclic vertical arm movements with a hand-held object, per-formed in di�erent gravitational environments. Six subjects highly experiencedin parabolic �ight participated in this study. They had to continuously movea cylindrical object up and down in the di�erent gravity �elds (1 g, 1.8 g and0 g) induced by parabolic �ights. The imposed movement frequency was 1Hz, the object mass was either 200 or 400 g, the amplitude of movement waseither 20 or 40 cm and an additional mass of 200 g could be wound aroundthe forearm. Each subject performed the task during 15 consecutive parabolas.43



3.2 IntroductionThe coordination between the grip force normal to the surface and the tangen-tial load force was examined in nine loading conditions. We observed that thesame normal grip force was used for equivalent loads generated by changes ofmass, gravity or acceleration despite the fact that these loads required di�er-ent motor commands to move the arm. Moreover, our results suggest that thegravitational and inertial components of the load are treated adequately andindependently by the internal models used to predictively control the requiredgrip force. These results indicate that the forward internal models used to con-trol precision grip take into account the dynamic characteristics of the upperlimb, the object and the environment to predict the object's acceleration and,in turn, the load force acting at the �ngertips.3.2 IntroductionTo lift an object aloft, the grip force applied normal to the object's sides (here-after referred to as the �normal grip force�) must be su�cient to counteract boththe gravitational and the inertial components of the tangential load force actingon the �ngertips (Johansson andWestling, 1984). A tight temporal coupling be-tween the normal grip force and the tangential load force has been documentedin a large variety of tasks engaging di�erent kinds of objects, grips, loads ormodes of transport (Flanagan and Tresilian, 1994; Flanagan et al., 1999a,b;Gysin et al., 2003; Jenmalm and Johansson, 1997; Johansson and Westling,1984). All studies to date seem to con�rm that adjustments of the normal gripforce anticipate tangential load changes when the movement is self produced,provided that the physical properties of the object are predictable (Flanaganand Wing, 1993, 1995). There is increasing evidence in the literature that theCNS acquires neural mechanisms called �internal models� that can simulatethe behaviour of our body and of the environment (Flanagan and Johansson,2002; McIntyre et al., 2001a; Wolpert et al., 1995). The principle is that duringobject manipulation, these internal models would predict future accelerationsof the arm by using a copy of the motor command that produces the intendedarm movement (Flanagan and Wing, 1997; Kawato, 1999). From this predic-tion, and from visual or haptic information about the object's weight, the totaltangential load force can be estimated and an appropriate normal grip forcecan be programmed in a feedforward manner. The loads experienced at thehand could be thus derived from the arm motor commands. Flanagan andWing (1997) showed that normal grip force was modulated in phase with, andthus anticipated, the tangential load when moving not only inertial but also44



3.3 Methodsviscous and elastic loads. These results suggest that the commands for normalgrip force are not simplistically linked to the commands for arm movement butare, instead, based on an internal model of the motor apparatus and externalload.In a previous study in parabolic �ight, we measured how subjects adjustedthe normal grip force to changes in gravity that modi�ed the relationship be-tween arm movement and load force (Augurelle et al., 2003). We observed thatafter adaptation (�ve trials for novice subjects) the normal grip force increasedadequately in hypergravity (1.8 g) in order to maintain the same safety marginas on the ground, even though the arm was nearly two times heavier. Herms-dorfer et al. (1999, 2000) showed that the predictive coupling between grip andload forces persisted even during transitions between gravity levels induced byparabolic �ights.In the current experiment we took this study a step further by asking twoquestions. First, by modifying gravitational and inertial components of theload acting on the arm, it was possible to require di�erent arm motor com-mands to accomplish the same movement. The weight of the arm was alteredeither by placing an external mass (200 g) around the wrist or by moving thearm in three gravity �elds (1 g, 0 g or 1.8 g) induced by parabolic �ight. In theformer case, both the gravitational torque at the joints (an increase of about10%) and the inertia of the arm were modi�ed whereas in the latter case, in-ertial torques remained unchanged. W also asked subjects to cyclically movehand-held objects of two di�erent masses (200 g or 400 g) over two di�erentdistances (20 cm or 40 cm) in the three gravitational conditions. We asked twomain questions concerning the control of normal grip force in these circum-stances. First, would the subject exert a higher or smaller normal grip forcefor equivalent tangential loads at the �ngers if the e�ort required to move theupper limb increased or decreased? Second, are gravitational and inertial com-ponents of the load force treated adequately and independently by the internalmodels used to predictively control the required grip force?3.3 Methods3.3.1 SubjectsSix right-handed subjects (30-48 years old) participated in the study. They wereexamined in a Center for Aerospace Medicine in order to qualify for parabolic�ights (medical examination type �JAR class II�). No subject reported sen-45



3.3 Methodssory or motor de�cits. They were all accustomed to parabolic �ights and allhad previously �own between 300 and 2000 parabolas. All participants gavetheir informed consent to participate in the study, and the procedures wereapproved by the European Space Agency Safety Committee and by the localethics committee.Table 3.1: Mean acceleration for all parabolic man÷uvres along the three axesand in the three gravity phases.Axis Gravity0 g 1 g 1.8 gFore-aft 0.01 ± 0.002 −0.03 ± 0.010 −0.07 ± 0.019Lateral 0.00 ± 0.005 0.01 ± 0.004 0.01 ± 0.005Normal 0.01 ± 0.020 1.00 ± 0.029 1.76 ± 0.0953.3.2 Parabolic �ightsThe �ights originated in Bordeaux (France) using the Airbus A300 ZEROgaircraft. A single parabolic �ight pro�le generates a sequence of episodes ofhyper- (1.8 g), micro- (0 g), and hyper- (1.8 g) gravity of about 20 secondsduration each (see also Augurelle et al. (2003)). Thirty parabolas were per-formed in each of the three �ights, organized as six groups of �ve parabolaswith 2-minute pauses of 1 g �ight between each parabola plus an extra 5 to 8minutes between each group. A three-dimensional accelerometer �xed on the�oor of the aircraft recorded its acceleration along its fore-aft axis, its lateralaxis and normal to the �oor. Table 3.1 reports the mean accelerations for allparabolic maneuvers (n = 6 subjects × 15 parabolas = 90) along the three axesand in the three stable gravity phases.3.3.3 ApparatusGrip versus load force coupling was examined while holding a cylindrical ob-ject (80 mm diameter, 30 mm width, 200/400 g mass) during cyclic verticalarm movements (Fig. 3.1). The instrumented object was equipped with twobrass circular grip surfaces (40 mm diameter) placed on two parallel lightweightforce/torque sensors (Mini40 F/T transducer, ATI industrial automation, NC).Each sensor measured the three force (Fx, Fy, Fz) components around the cor-responding axes passing through the center of the corresponding grasp surface(Fig. 3.1 A). Sensing ranges for Fx, Fy and Fz were ±40, ±40 and ±120 N46



3.3 Methodswith 0.02, 0.02, and 0.06 N resolution respectively.

Figure 3.1: (A) Reference frames for forces (Fx, Fy , Fz) measured by the forcesensor placed under each grip surface. (B) Schematic view of the apparatusheld between the thumb on one side and the index and middle �ngers on theother side in the 200 g con�guration. Arm displacement was limited by tworubber bands spaced 40 cm apart.3.3.4 Experimental procedureThe same procedure as in our previous experiment was followed (Augurelleet al., 2003). At a signal from the experimenter, the instrumented object wasgrasped between the thumb on one side and the index and middle �ngers on theother side at about the center of the grasp surfaces. The �ngers were alignedalong the X-axis in order to place the Y -axis in the upward direction (Fig. 3.1A). The subjects were instructed to perform cyclic vertical arm movements at47
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3.3 Methodsa frequency of 1 Hz, aided by a metronome. The amplitudes of the oscillationswere maintained by lightly constraining the movement within two parallel rub-ber bands spaced either 20 cm or 40 cm apart, which indicated the endpointsof the movement (Fig. 3.1 B). Subjects performed the upper limb displacementwith unconstrained shoulder and elbow movements. They were instructed tomaintain the Y -axis of the object in a vertical orientation without tilting inany direction.The experiment was �rst carried out at 1 g on the ground before the �ight inorder to train the subjects on the task. Then the experiment was performed at0 g, 1 g and 1.8 g during the three parabolic �ight days. Each subject performedthe task over 15 complete parabolas in the aircraft at a constant frequency of1 Hz. In the �ve �rst trials (T1-T5), the task was performed with a 400 g massdisplaced by a distance of 20 cm (�400g20cm�). In the second series of �ve trials(T6-T10), the mass was reduced by half and the amplitude of movement wasdoubled (�200g40cm�). As the frequency of movement was kept the same (1 Hz),the acceleration was also twice as great, resulting in an equivalent inertial loadbut an increased gravitational load. In the last �ve trials (T11-T15), the 40 cmmovement was performed with the 200 g mass but a ballast brace of 200 g wasplaced around the wrist of the subject (�ballast40cm�). In this case the inertialand gravitational components of the load were the same as in the �200g40cm�case, but increased for the arm. Table 3.2 shows that among the nine loadingconditions (3 gravity �elds × 3 loadings), four levels of equivalent tangentialload force acting on the �ngertips could be reproduced while the upper limbunderwent di�erent loading and gravity environments. For simplicity sake, 2 gis reported in Table 3.2 instead of 1.8 g.The subjects grasped the instrumented object and performed the cyclicmovement during the 1 g phase of the �ight, starting approximately 30 secondsbefore the start of the 1.8 g phase. The movement was performed throughoutthe entire parabola (1.8 g, 0 g, 1.8 g) and continued 30 seconds after the returnto the 1 g phase.3.3.5 Data processingThe signals from the force transducers, the 3D accelerometers and the metronomewere digitized on-line at 200 Hz with a 12-bit 6071E analog-to-digital converterin a PXI chassis (National Instruments c© , Austin, TX). After analog-to-digitalconversion, the signals were further low-pass �ltered with a fourth-order, zerophase-lag Butterworth �lter having a cut-o� frequency of 15 Hz.The force applied normal to each grasp surface was calculated as −Fz (Fig.48



3.3 MethodsTable 3.2: The four levels (L) of equivalent tangential load forces. Gravity:gravitation in g (g = 9.81 m.s−2); Mass: mass of the object in kg; Dist: objectdisplacement in cm; Ballast: presence (+) or absence (−) of the 200 g mass onthe arm; a: object acceleration; GL: gravitational load; IL: inertial load; LF:sum of GL and ILCond L Gravity Mass Dist Ballast GL IL LF1 1 2 0.4 20 − 2m2g 2ma 2m(2g + a)2 2 2 0.2 40 − m2g m2a 2m(g + a)3 2 0.2 40 + m2g m2a4 1 0.4 20 − 2mg 2ma5 3 1 0.2 40 − mg m2a m(g + 2a)6 1 0.2 40 + mg m2a7 4 0 0.4 20 − 0 2ma 2ma8 0 0.2 40 − 0 m2a9 0 0.2 40 + 0 m2a3.1 A). The total normal grip force (GF) was calculated as the average of thenormal grip forces applied by the thumb and the �ngers on each transducer.The magnitude of the tangential load force (LF) was computed as:
LF =

√
F 2

x + F 2
y (3.1)where Fx and Fy are the horizontal and vertical components of the tangentialload, respectively. During the one-second baseline, the device laid with its Y -axis vertically. The arti�cial bias due to the mass of the two brass surfacescovering the transducers was subtracted from Fy prior to the calculation ofLF. The total tangential load force acting on the object was calculated as thesum of the tangential load force measured by the two force transducers. Theratio GF/LF between the normal and the tangential load forces was computedas well.In preliminary inspections of force traces as a function of time we noted apotential asymmetry in the grip force and load force pro�les as a function ofthe direction of movement. Forces near the bottom of the movement exhibiteda sharper, higher peak with respect to the mean than for the upper part of thetrajectory. To quantify this e�ect, an index of asymmetry was computed for

Fy and Fn according to:
|Fdown − Fmean| − |Fmean − Fup| (3.2)49



3.3 Methodswhere Fdown and Fup are the forces measured in the lower and upper parts ofthe trajectory, respectively.The analysis of the force measurements was performed cycle by cycle. Sevencontiguous cycles of movement were analysed in each parabola (n = 15 parabo-las × 5 subjects × 7 cycles = 525) during the steady state portions of eachgravitational phase (1 g, 1.8 g and 0 g). For each cycle the following valueswere calculated: the maximum, the minimum and the average values for Fy ,LF, GF, GF/LF and the asymmetry index for Fy and GF. A linear regressionbetween Fy and GF was evaluated across the seven cycles. Absolute values of
Fy were computed prior to the regression to take into account only the magni-tude of the force. A cross-correlation between GF and LF series was calculatedfor each trial to determine the phase lag at which the maximal correlation be-tween the two series was obtained. A negative phase lag indicated that thecorrelation was maximal when the normal force anticipated the load change.3.3.6 Inertial and gravitational components of the loadThe prediction of a su�cient normal grip force depends on (1) the ability toadjust the mean level of the normal grip force to the object's weight and on(2) the ability to modulate the normal grip force with the load force due to theobject's acceleration. The vertical load force Fy can be divided into the sumof two components, inertial and gravitational:

Fy = Fg + Fi (3.3)where Fg = mg and Fi = ma(t). If hypotheses about grip force modulationhold true, grip force should be proportional to load force Fy, whatever thesource of the load:
GF = kFy + c (3.4)To a �rst-order approximation, and ignoring horizontal forces for cyclic move-ments in the up/down direction, grip force can be described as a linear functionof the gravitational and inertial components of the vertical force load:

GF = kgFg + kiFi + c (3.5)If Equation 3.4 holds, kg should therefore be equal to ki. To test thishypothesis we estimated kg and ki as follows. For each subject and each loading50



3.4 Resultscondition we computed the average GF and Fy. The factor kg was computedas the slope of the best-�t (least-squares) line passing through the three pairsof points for each of the 3 gravitational levels. Then for each gravitational leveland each loading condition ki was computed as the slope of the best-�t linepassing through all sampled data pairs of GF and Fy .3.3.7 Statistical analysisA three-way analysis of variance for repeated measures was performed on mea-surements of load force to compare the four levels of equivalent load and totest for e�ects of loading condition (factor 1: �400g20cm�, �200g40cm� and�ballast40cm�), gravity (factor 2: 1 g, 1.8 g and 0 g) and learning across the�ve trials (factor 3). A Tukey pairwise multiple comparison procedure was usedto determine which treatments were signi�cantly di�erent. The same structureof analysis was carried out on measurements of grip force to test for the in�u-ence of the loading condition, gravity and inter-trial learning on grip force/loadforce modulation. All the statistical analyses were conducted with Statistica6.0 (StatSoft Inc.).3.4 ResultsFigure 3.2 presents seven contiguous cycles of movement obtained in each stablephase of a parabola (1 g, 1.8 g and 0 g) while oscillating a 200 g mass on adistance of 40 cm at a frequency of 1 Hz. The vertical aircraft acceleration wasconstant in each gravitational phase (Fig. 3.2 A).3.4.1 Description of the task across gravitational �eldsDescription of the task in 1 gWhen moving the object up and down at 1 g, the tangential load force (LF)was primarily due to its vertical component (Fy) because its horizontal com-ponent (Fx) was close to zero throughout the cycle. Tangential load force LF�uctuated around the object weight, proportional to the vertical accelerationof the arm. It reached a maximum at the bottom of the trajectory when thegravity and the vertical components of the object's acceleration acted in thesame direction. It was minimal when the object's vertical acceleration was op-posite to that of gravity. The normal grip force (GF) oscillated continuously in51



3.4 Results
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Figure 3.2: Single records of 7 typical cycles of movement in the stable periodof each gravitational phase while oscillating a 200 g load a distance of 40 cmat a frequency of 1 Hz. Displayed over time are: (A) the vertical aircraftacceleration (av), (B) the tangential load force (LF), (C) the vertical (Fy) andhorizontal (Fx) components of the tangential load force, (E) the normal gripforce (GF) and (F) the force ratio (GF/LF). The vertical dotted lines showthe coordination between Fy and GF. The inset (G) illustrates the asymmetryindex on one particular cycle in 1.8 g.52
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3.4 Resultsparallel with the load �uctuation (Fy) (vertical dotted lines) so that the forceratio (GF/LF) was quite constant across the cycles.Description of the task in 1.8 gIn hypergravity (1.8 g), LF was also principally due to its vertical compo-nent Fy (Fx remained close to zero). The mean LF increased because the objectweight was nearly doubled. The normal grip force (GF) varied in parallel withthe load �uctuation (LF) giving a nearly constant force ratio (GF/LF) acrossthe cycles, the same as in 1 g.Description of the task in 0 gIn microgravity (0 g), the object had to be actively accelerated twice (up-wards and downwards) because gravity no longer accelerated the object down-wards. In this way, the tangential load force LF reached a maximum in boththe upper and lower parts of the arm trajectory. Subjects increased normalgrip force (GF) in anticipation of the peaks of load both at the top and atthe bottom of the trajectory so that the force ratio reached minimum valuesat these times (vertical dotted lines) comparable with what occurs in the 1and 1.8 g gravity. In microgravity, LF was periodically close to 0 N leadingto higher values in the GF/LF ratio, when the object was at the top of thetrajectory. Note that in the three gravitational conditions, Fx did not oscillatearound 0 N but around a negative value indicating a tangential stress in theantero-posterior direction. This means that the movement was not perfectlyvertical in the sagittal plane but slightly curved.3.4.2 Cross Correlation analysisA cross-correlation between the tangential and normal forces was carried outfor each of the �fteen trials performed in each level of gravity. The maximumcorrelation was 0.89 ± 0.05 both at 1 g and 1.8 g and 0.66 ± 0.12 at 0 g. Themaximum correlation occurred at time lags of 2 ± 15 ms, −618 ms, 7 ± 20 msat 1 g, 1.8 g and 0 g, respectively.3.4.3 Comparison between the levels of forceFour statistically di�erent levels (p < 0.001) of mean tangential load force LFemerged among the nine loading-gravity combinations, corresponding to the53



3.4 Resultsfour levels predicted on theoretical grounds (Table 3.2). Within each of theselevels, the mean LF were not signi�cantly di�erent (p > 0.05). The sameanalysis applied to the vertical component (Fy) of the load force gave the sameresults. Describing load force in terms of LF is most appropriate, because itis the net tangential load that should determine the grip force. However, thedirectional characteristic of the load force is lost. In the following we consideronly the vertical component Fy because this quantity re�ects the direction ofthe force in the upward and downward directions, making it easier to graspthe di�ering e�ects on grip force. This simpli�cation is justi�ed because Fx isinsigni�cantly large compared to Fy.Level 1 forces (mean Fy = 7.06±0.01 N) were generated when moving 400 gat 1.8 g a distance of 20 cm (Fig. 3.3 A). Level 2 forces (mean Fy = 3.68±0.01N) were generated either by moving 200 g at 1.8 g a distance of 40 cm with orwithout an additional mass on the wrist or by moving 400 g at 1 g a distance of20 cm. Note however that with the 400 g mass, the mean Fy and its maximum(Fig. 3.3 A and B) were higher than in the other two conditions (p < 0.001).This is due to the fact that the mass of the hand-held object was doubled whilethe hypergravity (1.8 g) was not twice normal gravity (1 g). Level 3 forces(mean Fy = 1.96 ± 0.01 N) were obtained with 200 g moved at 1 g with orwithout the ballast on the wrist. Finally, level 4 forces occurred at 0 g in anyof the three loading conditions (mean Fy = 0 ± 0.01 N). The peak Fy reachedgreater extrema with respect to the mean value with the 400 g mass than with200 g (p < 0.001) (Fig. 3.3 B).The normal grip force (GF) was measured at each level of load to testwhether the same normal grip force was used for equivalent levels of load (Fig.3.3 C-D) and to test whether the same force ratio (GF/LF) was maintainedwhen the level of load changed (Fig. 3.3 E-F). Within each level, the normalgrip forces applied for the di�erent load conditions were the same (Fig. 3.3C-D). In this way, similar force ratios were maintained inside each of the fourlevels (Fig. 3.3 E-F). Note however the higher values of the mean ratio in Level4 due to higher values in the GF/LF ratio at the upper part of the trajectory(see Fig. 3.2 F, 0 g).When comparing across the four levels of load in Figure 3.3 F, an inter-esting �nding was that the subjects used the same GF/LF ratio for the ninecombinations when the load reached a maximum i.e. at the bottom of the armtrajectory. This ratio is low and highly reproducible for each subject. TheGF/LF ratio when the load reached a minimum was higher and more variablebecause the subjects did not release their grip as much as they might have54
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Figure 3.3: The means and standard errors of the parameters are plotted foreach load condition for all subjects and trials. The left graphs present the meanmagnitude (triangles) of (A) the vertical tangential load force, (C) the normalgrip force and (E) the force ratio. The right graphs present the values at thetop (open circles) and at the bottom (�lled circles) of (B) vertical tangentialload force, (D) the normal grip force, and (F) the force ratio. Vertical dottedlines delimit the four levels of equivalent load. Asterisks signal a signi�cantdi�erence (p < 0.05) between load conditions within each level.
55

./Chapter2/Chapter2Figs/F3ok.eps


3.4 Resultswhile still maintaining an adequate safety margin to avoid accidental slip.3.4.4 Adaptation to inertial and gravitational componentsof the loadFigure 3.4 A shows a typical scatter plot of Fn as a function of the load Fywhile moving a 400 g mass in the three gravitational environments. Accordingto Equations 3.5, the gravitational gain (kg) is given by the slope of the lin-ear regression (dashed line) calculated between the three means of Fy and itscorresponding GF in 0 g, 1 g and 1.8 g. The inertial gain (ki) is given by theslope of each regression line (solid line) calculated between Fy and GF withineach gravity �eld. Figure 3.4 B shows the gravitational (right panel) and theinertial (left panel) gains for each loading condition. Loading conditions didnot modify the gravitational gain (p > 0.05). The inertial gain was smaller in0 g whatever the loading condition (p < 0.001) and was smaller with the 400 gmass whatever the gravity �eld (p = 0.002).3.4.5 Asymmetry in load and normal grip forcesFigure 3.2 G (inset) highlights the asymmetry between the maximum and theminimum of Fy. The asymmetry index (Equation 3.2) is displayed on Figure 3.5A for Fy (open symbols) and GF (closed symbols) in the three gravity �elds.All the values are positive, which means that the amplitudes of peak forceswere always larger at the bottom of the trajectory, i.e. for maximal tangentialload forces (in the presence of gravity). Moreover, when compared to 1 g, thisasymmetry was signi�cantly lower for both LF and GF in 1.8 g (p < 0.015)but only for GF in 0 g (p < 0.003). Figure 3.5 B shows that the asymmetry forGF does not change across trials in 1 g and 1.8 g but signi�cantly decreases inmicrogravity (p < 0.025).
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3.4 Results
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3.5 Discussion3.5 DiscussionIn this experiment we examined the relationship between normal grip force(GF) and vertical component of the tangential load force (Fy) while movingan object up and down in di�erent gravitational environments. Through avariety of test conditions we varied independently the inertial and gravitationalcomponents of the forces acting on the upper limb. On the one hand, wemodi�ed the inertial components by varying the mass of the load or the massof the limb (ballast on the forearm). On the other hand, we varied the weightof the limb and load by adding mass and by varying the e�ective gravitational�eld. In this way it was possible to generate equivalent magnitudes of loads atthe �ngertips while the mechanical constraints on the upper limb and thus themotor commands required to move the arm were modi�ed. Similarly, certaintrials required similar motor commands to move the arm, but di�erent gripforces to maintain the object safely in the grasp.3.5.1 Arm and grip force controllers are decoupledIn each loading condition, the normal grip force was modulated in phase withthe load �uctuations, con�rming previous results obtained in similar paradigmsperformed on Earth and in parabolic �ight (Augurelle et al., 2003; Flanaganand Wing, 1993, 1997; Flanagan et al., 1999a,b; Hermsdorfer et al., 2000).In microgravity, normal grip force increased at the top of the arm trajectoryto prevent slip as the object was pushed downwards. The main �nding wasthat the magnitude of the normal grip force was adequately adjusted for eachmaximum of load to maintain the same minimum ratio between the normal gripforce and the tangential load force (GF/LF) in the nine loading combinations(Fig. 3.3 F, black circles). The subjects were able to maintain this optimumratio in di�erent contexts of mass, gravity and upper limb accelerations. Forequivalent loads at the �ngertips at 1 g or 1.8 g, the subjects used the samenormal grip force despite the fact that it required more force to displace thearm in hypergravity. These results show that normal grip force is not relatedto the muscle commands to the upper limb in a simplistic manner. Normalgrip force is adjusted appropriately to the tangential load forces applied to the�ngertips, rather than being tuned to the overall load applied to the limb.In the experiments reported here, control of normal grip force was verystable from one parabola to the next, starting from the very �rst parabola.We observed no systematic evolution of the grip force as a function of trialwithin each loading condition. This indicates that grip force was appropriate59



3.5 Discussionimmediately from the �rst trial after either a change of gravity or a change ofthe inertial load on the upper limb. These observations from the experiencedsubjects used in the current study are compatible with our previous experimentin which signi�cant evidence of adaptation to varying gravitational levels wasobserved only in those subjects who were faced with altered gravity for the �rsttime (Augurelle et al., 2003).The two results above further extend the general framework in which thegrip-force/load-force coordination is observed. Not only does this couplingre�ect a general control strategy for any particular grip or mode of transport(Flanagan and Tresilian, 1994; Gysin et al., 2003) but we have also shown thatthis strategy is used in di�erent environmental (i.e. gravitoinertial) contexts.The similar force ratios observed in the nine loading combinations indicate thatdynamic constraints such as gravitational force and inertial resistance of thearm and object were well taken into account in the control of precision grip.The precise temporal coupling between the normal grip force and the tangentialload force also shows that the load was predicted correctly and that the normalgrip force was calculated in a feedforward manner based on this prediction.This suggests that the forward model predicting the load can be adjusted toaccount for various physical contexts. In other words, subjects were able toidentify the environmental context and select the appropriate motor program.In a modular approach to the problems of motor control, it has been pro-posed that the brain contains multiple controllers (inverse models) associatedwith their corresponding predictor (forward models), with each of them suitablefor one or small set of contexts (Blakemore et al., 1998; Wolpert and Kawato,1998). Based on several contextual cues such as experience from previous ma-nipulations of the object and based on visual and tactile information about theobject's physical properties, subjects can pre-select an appropriate module for,say, displacing a 400 g object a distance of 20 cm in hypergravity. The selectedcontroller will issue the motor command and the corresponding forward modelwill predict its sensory consequences. If the prediction is good, the modulewill continue to be used. When the context estimate is wrong, the predictionwill be poor and another module will be selected (Kawato, 1999; Wolpert andKawato, 1998). This model �ts well with our results. In this experiment, thesix subjects were familiar with parabolic �ights and were trained to performthe manipulative task on Earth. In �ight, the nine loading conditions were thusdi�erent combinations of known environments and previously manipulated ob-jects. The modular model of motor control also assumes that separate internalmodels learned for di�erent contexts can be mixed to cope with a given task60



3.5 Discussion(Flanagan et al., 1999b; Wolpert and Kawato, 1998). It is likely that havinglearned the task in 1 g before the �ight, and being already familiar with thedi�erent gravity �elds in parabolic �ight, the subjects could more easily executethe task after just a few trials.3.5.2 Interaction between gravity and inertia to predictGFBy decoupling the usual link present on Earth between gravity and inertia, weinvestigated whether the internal model could take into account this separationin order to adjust the normal grip force. Although we observed overall thatgrip force followed load force with a more or less common relationship (datapoints in scatter plots of grip force versus load force fall more-or-less alongthe same line within and across gravitational levels, see Fig. 3.4) we notedsubtle di�erences in the gain of the grip-force/load-force relationships betweendi�erent loading conditions. On the one hand, we found that the gravitationalgain (kg, Eq. 3.5) did not vary across loading conditions. That is, for bothhand-held loads and with or without extra weight on the arm, subjects wereable to adjust their normal grip force to gravity, with the same gain. On theEarth, we easily adjust our normal grip force proportional to the mass held. Apure change of gravity (no movement of the arm) induces a change of tangentialload force felt by the �ngertips just like that produced by a modi�cation ofmass on Earth. Therefore, subjects could easily select the appropriate modelbased on experience in 1 g to predict the correct extent of GF modulation withgravitational load.On the other hand, we showed that the inertial gain was in�uenced by grav-ity and loading conditions. The inertial gain ki was systematically smaller forthe 400 g object than for the 200 g object, whatever the gravity level. Never-theless, the inertial gain for the 200 g load was not a�ected by the additionalloading of the arm (ballast). Grip force was also modulated in microgravity toaccount for �uctuations of the inertial load but the gain was lower in micro-gravity than in non-zero gravity �elds. It has previously been observed thatincreases in average grip force, either due to an increase in the frequency ofoscillation or due to voluntary e�ort, can lead to a decrease in the inertialgain (Flanagan and Wing, 1995). This could explain the reduced inertial gainobserved for 400 versus 200 g, but cannot explain the decrease of the iner-tial gain in microgravity. Thus, when taking into account changes in bothloading and gravity, it seems that inertial and gravitational gains can be ad-61



3.5 Discussionjusted independently across conditions. This decoupling between kg and kiindicates that these are under high-level control and emphasizes the predictive,internal model-based character of grip force control. If the parameters of gripforce modulation were based entirely on sensory feedback about the tangentialforce at the �ngertips, it should not matter whether the source of the tangen-tial load is gravitational or inertial; kg and ki should precisely co-vary. Thispoint is further emphasized by measurements of grip-force/load-force couplingcompared between novice and experienced parabolic �ight subjects (Augurelleet al., 2003). Initial trials in novice subjects showed a much greater in�uenceof gravitational than inertial load on grip force (higher kg) during initial trialsbut gradually achieved a more coherent pattern of grip force regulation afterpractice in 0 g.3.5.3 Asymmetrical GF and LF are pre-programmedThe results reported here showed that the load �uctuations were not symmetricaround the object weight regardless of the gravitational level, as would be thecase if the peaks in arm acceleration were equal and opposite at the upper andlower reversal points of the trajectory. One of two subjects showed a similarasymmetry in a related study in microgravity (Hermsdorfer et al., 2000) andasymmetry in arm kinematics has also been reported for discrete point-to-pointarm movements in terms of hand-path curvature Papaxanthis et al. (1998) andin terms of the relative time taken to accelerate and decelerate the movement(Papaxanthis et al., personal communication).One might ask what is the source of these asymmetries? Do they re�ectoptimization of the motor plan with respect to the dynamic constraints im-posed by gravity, or is this simply an asymmetric e�ect of gravity on whatwould otherwise be a symmetrically programmed behaviour? The fact thatthese e�ects persist (at least initially) in 0 g is the key point: variations oflimb kinematics and grip force tuned to the di�ering e�ects of gravity on thelimb for upward and downward movements are programmed in an anticipatorymanner, otherwise they would have disappeared immediately on entry into the0 g environment.As we show here, the predictive controller that regulates grip forces takesinto account even the subtle asymmetry in kinematics and load forces associatedwith vertical arm movements. The results suggest two cooperative controls forthese di�erent processes which are, nevertheless, somewhat independent. Onthe one hand, the grip force controller seems to take into account the asymme-tries in the tangential load forces for non-zero gravity �elds. On the other hand,62



3.5 Discussionin microgravity, the grip force controller learned to apply symmetric patternsafter �ve trials although the asymmetry in the kinematics persisted (Fig. 3.5A and B). We can speculate that with more trials, subjects would succeed inproducing symmetric patterns of kinematics and load forces in microgravity.Although the coupling between normal grip force and the tangential loadforce was preserved in hyper- and microgravity, the kinematics of the arm move-ments seems to be in�uenced by the gravitational level. The results reportedhere showed that the load �uctuations were not symmetric around the objectweight, as would be the case if the peaks in arm acceleration were equal andopposite at the top and at the bottom of the trajectory. Such perturbations inthe arm movement kinematics in a new gravitational environment have beenpreviously observed in target pointing, manual tracking (Bock, 1998) and armmovement control (Fisk et al., 1993; Hermsdorfer et al., 2000).Overall, we have shown that the CNS predicts load force precisely enough toprogram grip force in a feedforward manner, despite variations in the mass ofthe load, the mass of the limb and the gravitational context. We conclude thatthe internal models used to control precision grip are sophisticated enough totake into account the di�ering e�ects of gravitational force and inertial loadon the muscular e�ort required to move the arm and the grip force required tohold the object.
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Chapter 4The grip force controllerdi�erentiates the inertial andgravitational components ofthe load While the individual man is aninsoluble puzzle, in the aggregatehe becomes a mathematicalcertainty. You can, for example,never foretell what any one manwill be up to, but you can saywith precision what an averagenumber will be up to. So says thestatistician. Arthur Conan Doyle4.1 AbstractIn everyday life, one of the most frequent activity involves accelerating anddecelerating an object held in precision grip. In a broad variety of activities,human subjects scale and synchronize their grip force (GF), normal to thesurface of contact of the object, in anticipation of the expected tangential loadforce (LF), resulting from the combination of weight and inertia. This tight65



4.2 Introductioncoordination between GF and LF has been shown when transporting objects,or when the load at the �ngertips depends on position, velocity, accelerationand even gravity through the implementation of anticipatory mechanisms in theCentral Nervous System. A few studies have qualitatively examined how weadjust the parameters - gain and o�set - of this relationship between GF and LF.In this study, we manipulate combinations of mass of a hand-held object andfrequency of movement to generate equivalent magnitude of LF. We show thatdespite the fact the same LF are generated, di�erent GF strategies are appliedat the �ngertips. We conclude that since the same constraint was felt at the�ngertips, peripheral biological sensors might not be su�cient to di�erentiateinertial from gravitational constraints. This provides clear evidence that theanalysis of the origin of LF is performed in the brain, and not at the periphery.4.2 IntroductionThere is evidence that when holding an object with a precision grip, a minimalgrip force (GF, normal to the contact surfaces) must be applied to preventthe object from slipping under the in�uence of load forces (LF, tangential tothe contact surfaces). A normal force generates a proportional friction forcebetween the �ngers and the object that assists in stabilizing the grip againstexternal constraints. Potential slips in the use of erroneous GF adjustments em-phasise the need for anticipatory mechanisms that can predict the required GFas a compromise between keeping the object in hand while minimizing musclefatigue. In everyday life, one of the most frequent activity involves accelerat-ing and decelerating an object held in precision grip. According to Newton'ssecond law, accelerating an object creates an inertial force. In a gravitational�eld, the total load force increases when an object is accelerated upwards, whileit decreases when the object is accelerated downwards1. In a broad variety ofactivities, human subjects scale and synchronize their GF in anticipation ofthe expected LF. For instance, this tight coordination between GF and LF hasbeen shown when transporting objects (Flanagan and Tresilian, 1994), duringlocomotion (Gysin et al., 2003) or when the load at the �ngertips dependson position, velocity (Flanagan and Wing, 1997), acceleration (Flanagan andWing, 1993, 1995) and even gravity (Nowak et al., 2001).The implementation of anticipatory mechanisms in the Central NervousSystem (CNS) have been demonstrated. It has been suggested that the CNSuses the motor command of the arm (an e�erence copy) in conjunction with1In fact, on the Earth, the load force reaches zero if the downward acceleration = g.66



4.2 Introductionan internal model of the arm, the object and the environment to anticipate theresulting LF and thereby adjusts GF appropriately (Flanagan and Wing, 1997;Kawato, 1999; Wolpert et al., 1995). By experiencing object manipulations inmany contexts, we learn a set of internal models, with each of them suitable- or at least constituting a reasonable �rst guess - for one or a small set ofcontexts (Blakemore et al., 1998; Wolpert and Kawato, 1998). However, toour knowledge, only a few studies quantitatively investigated the sensitivity ofthese internal models of grip force to external parameters. The strong linearrelationship between GF and LF was �rst reported in rhythmic arm move-ments by Flanagan and Wing (1995). These authors also evaluated the e�ectsof frequency, surface texture and voluntary GF level on the gain and o�set thatdescribes the modulation between the two forces. In an interesting paradigm,Zatsiorsky et al. (2004) investigated the di�erential e�ects of gravity and iner-tia on grip forces during rhythmic manipulations of hand-held objects. Theyanalysed the relationship between GF and LF in di�erent conditions of massesand accelerations induced to the hand-held load. By analysing these regres-sions, they concluded that the controller regulates grip force in static (holding)and dynamic (moving) tasks di�erently.The aim of this study is to further understand quantitatively how contextualparameters such as mass of the object and acceleration in�uence the grip forceexerted against the load. We asked participants to perform rhythmic verticalmovements at di�erent frequencies and with several masses. First, we testedwhether the combinations of mass and frequency in�uence the gain and o�setof the GF-LF relationship, as in Zatsiorsky et al. (2004). Second, as the locale�ects induced by gravity and acceleration are identical - physics in an ac-celerating spacecraft is equivalent to physics in a gravitational �eld (Einstein,1907)1, does it mean that people adjust the grip force to gravitational andinertial forces identically? If this hypothesis holds, then participants shouldnot exert di�erent grip forces against equivalent load forces but generated withunequal contributions of mass and acceleration.1The Equivalence Principle.
67



4.3 Methods4.3 Methods4.3.1 SubjectsSix adult subjects (25.3 years old) participated voluntarily in this study. Sub-jects used their preferred hand (four right- and two left-handed) and reportedno previous history of neuropathies or trauma to the upper extremities.4.3.2 EquipmentGrip force/load force coupling was studied while holding a cylindrical objectwith the index �nger and the thumb during rhythmic vertical arm movements.The instrumented object (manipulandum) was equipped with two circulargrasp surfaces placed on two parallel force sensors. The sensors measured thetwo tangential force components (Fx and Fy) and the normal force component(Fz) under the thumb on one side and the index �nger on the opposite side.The device was the same as in White et al. (2005). The total mass of the objectcould be varied by inserting half-rings weighting either 8 g or 83 g. In additionto the empty manipulandum, a total of 7 combinations of 6 half-rings couldgenerate 8 di�erent con�gurations of masses (see Table 4.1 and Fig. 4.1 A-D).Table 4.1: Detailed combinations of half-rings for the 8 masses conditions.Labels �L� and �H� refer to a light and a heavy half-ring, respectively. Themass is given in the right column in grams.Top half body Bottom half body Mass (g)M1 Empty Empty 235M2 LLL LLL 283M3 LLL LHL 358M4 LHL LHL 433M5 LHL HLH 508M6 HLH HLH 583M7 HLH HHH 658M8 HHH HHH 733In order to avoid any rotational slip induced by a torque around the gripaxis (Z-axis, normal to the contacting surface), the lower half-body was moreheavily loaded than the upper half-body, when the mass con�guration requiredan asymmetric half-rings insertion (M3, M5, M7, Table 4.1). An opaque coveraround the manipulandum kept the masses interlocking and gave no cue to68



4.3 Methods
E

Figure 4.1: The light (A) and heavy (B) half-rings, the opaque cover (C) andthe manipulandum (D) equipped with the sensors. (E) Frontal view of theapparatus held between the thumb on one side and the index on the other side.Arm displacement was limited by two elastic bands spaced 30 cm apart. Theblack device in the bottom-left corner is the metronome that emitted periodictones.the subject about the hidden distribution. The manipulandum and the opaquecover weighted 235 g together (M1 in Table 4.1).4.3.3 Experimental procedureEach subject was seated in a chair to start the experiment. At a signal fromthe experimenter, the manipulandum was grasped between the thumb and theindex �nger. The subjects were instructed to perform vertical rhythmic armmovements between two horizontal elastic bands 30 cm apart during 30 seconds(Fig. 4.1 E). The oscillations were timed by a metronome twice a cycle, at thetwo extremities of the trajectory. The subject performed the movement withthe upper limb unconstrained and no indication about the magnitude of theload was provided.A complete experimental session comprised 8 blocks, each correspondingto a certain mass (M1 to M8 in Table 4.1). During each block, the subjectperformed the movement at four frequencies (0.66 Hz, 1 Hz, 1.33 Hz and 1.66Hz) during 30 seconds (N = 8 masses × 4 frequencies 32 conditions for a ses-sion). The frequencies were randomized in a block and blocks were randomizedacross the subjects. No speci�c instruction was provided regarding the grip69
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4.3 Methodsforce. Two subjects were tested in turn for each block to limit fatigue. Forinstance, subject 1 performed block M4 then subject 2 performed block M1,subject 1 performed block M3, etc.4.3.4 Data analysisThe signals from the transducers and the metronome were digitised on-lineat 400 Hz with a 12-bit 6071E analog-to-digital converter in a PXI chassis(National Instruments c©, Austin, TX). The force applied normal to each graspsurface was calculated as −Fz. The total normal grip force (GF) was calculatedas the average of the normal grip forces applied by the thumb and the indexon each transducer. The magnitude of the tangential load force (LF) wascomputed as:
LF =

√
(Fx,1 + Fx,2)2 + (Fy,1 + Fy,2)2 (4.1)Grip and load forces were low-pass �ltered at 15 Hz (autoregressive dual pass�lter). In some trials, low-frequency changes in the GF were observed. There-fore, a high-pass �lter at a cuto� frequency of 0.2 Hz was passed to the rawGF and an o�set was added such that the �ltered force had the same meansas the un�ltered data (dual pass fourth order Butterworth �lter). We veri�edthat each subjects followed the rhythm dictated by the metronome.For each trial of 30 seconds, we computed a linear regression between GFand LF:

GF = αLF + β (4.2)where α and β are the gain and the o�set, respectively.In addition, an iterative procedure identi�ed a 1 N-width interval of LFacross the 32 collapsed conditions, under the constraint that it maximised thenumber of mass/frequency combinations for the 6 subjects. The load forcesvaried between 0 and 18 N, across subjects and conditions. The optimal 1N-bin LF ranged from 3.25 to 4.25 N and covered 17 combinations. Note thatthis interval could include LF generated by slow movements with a heavy massas well as constraints induced by fast oscillations with a lighter weight. Thesecond, third and eighth masses were not included in the set of equivalentLF. We also calculated the regressions between GF and LF for each of the 17mass/frequency conditions. 70



4.4 ResultsThe movement was modelled with a sine wave:
x(t) =

A

2
sin(ωt) =

A

2
sin(2πft) (4.3)where A is the amplitude and f the frequency of oscillations. The �rst andsecond derivatives give the velocity and acceleration:

ẋ(t) =
Aω

2
cos(ωt) = Aπf cos(2πft) (4.4)

ẍ(t) = −Aω2

2
sin(ωt) = a(t) (4.5)The theoretical expression of LF is therefore given by:

LF (t) = mg + ma(t) = mg − 2mAπ2f2 cos(2πft) (4.6)with a linear dependence on the mass (m) and a quadratic dependence on thefrequency (f).4.4 Results4.4.1 Typical trialsFigure 4.2 A shows an example of GF and LF over time for a single subjectoscillating a mass of 583 g (M6) at the frequency of 1.33 Hz. The LF (Fig.4.2 A, blue trace) followed a sinusoid centred on the object's weight (about 5.7N, red crosses). The GF (Fig. 4.2 A, green trace) was synchronized with theLF. The right panel presents eight GF-LF relationships for a given frequencyof 1 Hz for a given subject (Fig. 4.2 B). On the one hand, the clouds of pointsseem approximately parallel. However, whereas the nearly linear relationshipbetween the two forces was present in all conditions, we observed substantialo�sets proportional to the mass being moved. In other words, the average GFexerted during the oscillations increased for heavier masses. For instance, anaverage LF of 2.3 N (235 g) led to an average GF of about 2 N (Fig. 4.2 B,dotted lines, red cloud) and an average LF of 5.7 N (583 g) led to an averageGF of 8.5 N (Fig. 4.2 B, dashed-lines, yellow cloud).4.4.2 Global e�ects of acceleration and massIt is therefore interesting to analyze whether mass and acceleration (throughthe frequency of oscillations) have an in�uence on the parameters of the linear71



4.4 Results
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Figure 4.2: (A) Evolution of GF (green trace) and LF (blue trace) over timeduring oscillations at 1.33 Hz with a mass of 583 g. (B) GF-LF relationshipsfor all masses oscillated at a frequency of 1 Hz.regression between GF and LF. We conducted a 2-way ANOVA on the gain ando�set taking the mass as the �rst factor and the frequency as the second factor.A Sche�é post-hoc test was assessed when necessary. Figure 4.3 presents theevolution of the gain (A) and o�set (B) for the 8 masses and the 4 frequencies.We observed that for a given mass, the gain was not in�uenced by frequency(Fig. 4.3 A, p > 0.948). In addition, the gain was also constant over the entiremass range (p > 0.9), except for M8 (p < 0.001). In contrast, the o�set wasin�uenced both by the mass and the frequency, with an interaction e�ect (Fig.4.3 B): for a given mass below M5, the o�sets are not di�erent whereas theysigni�cantly diverge with frequency for masses above M5.4.4.3 Grip force control in a given range of load forceIn this section, we test how the mass of the object and the frequency of move-ment in�uence the parameters α∗ and β∗ of the linear regression between GFand LF . The notation LF is used for load force since we assume it is constantwithin the interval, compared to the whole �uctuations observed during theexperiment:
GF = β∗LF + α∗ (4.7)Figure 4.4 shows that mass and movement frequencies have di�erent e�ects72
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4.4 Results
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{

α∗ = α∗

1m + α∗

2f + α∗

3

β∗ = β∗

1m + β∗

2f + β∗

3

(4.8)By plugging the above expressions of α∗ and β∗ into Eq 4.7, we get aprediction of GF:
ĜF = (α∗

1m + α∗

2 + fα∗

3)LF + (β∗

1m + β∗

2f + β∗

3 ) (4.9)73
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4.5 DiscussionSince LF can reasonably be locally approximated by the mean of the inter-val (3.75 N), we can rearrange the above equation to express GF in function of
m and f :

ĜF = 8.93m + 3.76f − 2.20 (4.10)The regression equation through the experimental data (GF, m, f) is close tothe prediction and is given below:
GF = 10.03m + 4.98f − 3.21 (4.11)4.4.4 Model predictionIt is interesting to test whether this model generalizes to other values of LF. Ifwe explicit the time dependence of the LF by plugging Equation 4.6 in Equation4.9, we infer the following ĜF :

ĜF (t) = (α∗

1m + α∗

2f + α∗

3)(mg − 2mAπ2f2 cos(2πft)) +

(β∗

1m + β∗

2f + β∗

3 ) (4.12)We evaluate the model for a mass of 0.358 kg displaced at a frequency of1.33 Hz, over the same amplitude (0.3 m). This mass/frequency combinationwas not included to learn the model. The α∗

i and β∗

i coe�cients were deducedfrom the regression on the experimental data (Eq. 4.8). The LF covered abroad range of forces (1 to 7 N approximately). Figure 4.5 compares real andpredicted LF (upper panel) and GF (lower panel). Despite the fact LF wasaccurately �tted by the prediction, the GF did not catch an important o�set.However, the amplitude of GF oscillations were close to the model prediction.4.5 DiscussionIn this experiment, we evaluated whether the mass and/or frequency of oscil-lations in�uence the control of GF as measured through a simple linear regres-sion between GF and LF. We found that whatever the experimental condition,the GF was always accurately predicted by a �rst order model although its pa-rameters varied with mass and acceleration. Interestingly, we also showed thatfor a given narrow interval of LF, participants did not adjust GF equivalently,which may reveal high level mechanisms of GF control.75
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4.5 Discussionsum, this suggests that GF control is under high level mechanisms.On the other hand, our data indicate that mass and frequency contributedto increase the o�set. This is consistent with the fact that when confrontedwith heavier loads and/or faster pace, participants increased their average GF.This strategy is implemented to reduce the higher risk of dropping the object.Interestingly, the relative di�erence in o�sets between the four frequencies in-creased with the mass. Namely, doubling the mass or doubling the frequencywill not result in the same shift in the average GF. This suggests that partic-ipants integrated that frequency is involved quadratically in the expression ofLF (see Eq. 4.6). This strengthen the existence of contextual internal models(Davidson and Wolpert, 2004; Kawato, 1999).In their paradigm, Zatsiorsky et al. (2004) investigated the e�ects of thegravitational and inertial forces on grip force by manipulating object mass andoscillation frequency. However, they did not compare how GF varied in a givenrange of LF.4.5.2 Inertial and gravitational forces are independent inthe CNSWe found that the controller regulates GF di�erently if the same LF is gener-ated by di�erent combinations of masses and accelerations (Fig. 4.4). Duringslower movements, the gain decreased dramatically from 1.2 (lightest mass,M2) to 0.4 (heaviest mass, M8). The o�sets in slow and fast paced oscilla-tions increased in parallel with the mass, although being shifted upwards inrapid movements. It is interesting to ask why such di�erences exist in thecontrol despite similarity of LF. Our results do not support the hypothesisthat this low level - or automatic - modulation is implemented in order tooptimise the sensitivity of the mechanoreceptors (Edin, 2004; Johansson andWestling, 1984, 1987). Since the same constraint was felt at the �ngertips, itis unlikely that peripheral biological sensors might di�erentiate inertial fromgravitational constraints (Angelaki et al., 2004). Therefore, there is good in-dication that the analysis of the origin of LF must be situated at a higherlevel. In comparison, a sensory ambiguity also arises in identifying the actualmotion associated with linear acceleration sensed by the otoliths in the in-ner ear (Angelaki and Dickman, 2000; Fernandez and Goldberg, 1976). Theseinternal linear accelerometers respond identically during translational motionand gravitational acceleration. Remarkably Angelaki et al. (2004) identi�edmotion-sensitive neurons in monkeys that provide a distributed solution to the77



4.5 Discussionambiguous problem of di�erentiating inertial and gravitational accelerations asmeasured by the otoliths. This provides clear evidence that the dissociation isperformed in the brain, and not at the periphery.In the same vein, White et al. (2005) had the opportunity to perform asimilar experiment in parabolic �ights, when gravity could really be alteredin the LF expression. They generated combinations of gravity (0 g, 1 g, 1.8g), amplitude of oscillations (20 or 40 cm) and masses of the test object (0.2kg or 0.4 kg) so as to induce similar LF at the �ngertips. The experimentalconstraints allowed an investigation of only a limited number of conditions.More importantly, the microgravity (0 g) condition did not overlap with a 1 or1.8 g environment. However, data were su�cient to clearly conclude - at leastqualitatively - that inertial and gravitational forces are treated independentlyby the CNS. Further evidence that subjects are able to integrate the e�ectsof gravity on the LF is provided by the tight GF/LF coupling in micro- andhypergravity when an object is held stationary (Hermsdorfer et al., 1999) orrhythmically moved vertically or horizontally (Hermsdorfer et al., 2000). Insum, we described in a simple formalism how the CNS di�erentiates the sourceof the load in order to generate the appropriate grip motor command.Nevertheless, we have to acknowledge several limitations of our model.First, it is based on a limited range of LF. It should not be extrapolated toother values of LF. The impact of neglecting the friction coe�cient might bepartly responsible for the shift between predicted and actual GF, as illustratedin the last part of our results (Fig. 4.5). This parameter is largely idiosyn-cratic and should be adapted to each subject. In addition, a close look at thesame �gure reveals that load �uctuations were not symmetric around the ob-ject weight, as would be the case if the peaks in arm acceleration were equaland opposite at the upper and lower reversal points of the trajectory. Thise�ect has been reported for discrete point-to-point arm movements in terms ofhand-path curvature (Papaxanthis et al., 1998). Since this e�ect seemed to bepre-programmed and is really re�ected in the grip pro�le (White et al., 2005),future improvements should take these asymmetries into account.
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Chapter 5Grip-load force coupling andgaze-hand coordination inhigh impact loads Say you were standing with onefoot in the oven and one foot inan ice bucket. On average, youshould be perfectly comfortable.Bobby Bragan5.1 AbstractThe predictive basis of arm movement control is emphasised by the anticipatorynature of the adjustments of normal grip force (GF) used to stabilise an objectheld in precision grip against tangential load forces (LF) arising from inertiain accelerating and decelerating the object. In this study, we investigated thecontrol of GF when participants performed a targeted tapping task with ahand-held instrumented object toward an upper or lower target. Two phaseswere clearly identi�ed: the transport phase corresponded to the initial part ofthe movement and the collision phase covered the period around the impact. Inthe transport phase GF and LF were coupled in all conditions, but this was notthe case at collision as revealed by a clear dissociation between the two forces.At collision, participants produced stereotyped patterns of GF in all conditionscharacterized by a maximum in GF shortly after contact. We demonstrated79



5.2 Introductionthat this maximum in GF was pre-programmed independently of the force atimpact but was predicted by GF and GF rate before contact. We argue thatGF at contact was kept at a lower level than after impact in order to absorbthe high frequency component of the collision and that the GF maximum afterimpact served to stabilize hand-object posture. A detailed analysis of theoculomotor behaviour suggests that gaze was optimised to provide vision ofthe decelerating object in a target-centred reference frame and to allow visualfeedback of the collision phase, especially in the more challenging upward trials.5.2 IntroductionThe predictive basis of upper limb movement control is emphasised by theanticipatory nature of adjustments of normal grip force (GF) used to stabilisean object held in precision grip against tangential load force (LF) arising frominertia when accelerating and decelerating the object (Flanagan and Wing,1993, 1995; Flanagan et al., 1993; Wing, 1996). Such prediction involves amapping between arm motor commands and hand kinematics and dynamicsderived from an internal forward model (Flanagan and Wing, 1997; Wolpertet al., 1995). There is evidence for a systematic modulation of GF with variouschanges in LF including those dependent on position, velocity and acceleration(see for example Flanagan et al. (2003); Nowak et al. (2004b)).Hand-held objects can be involved in collisions with target objects presentin the environment. In such cases, where load duration is reduced, predictionbecomes more critical as the time available for sensory feedback is very short.Several studies have addressed the control of GF in collision tasks. One studyinvolved keeping a hand-held receptacle in position when a ball was droppedinto it (Johansson and Westling, 1988). When the participant dropped theball, an anticipatory rise in GF prior to collision was followed by an increasein GF after collision that was attributed to a re�ex. However, Turrell et al.(1999) showed that the post impact response may be absent in self-producedas opposed to imposed collisions induced by hitting or receiving a pendulumbob. Delevoye-Turrell et al. (2003) suggested the importance of visual factorsin determining the predictive GF in collisions. However, despite the under-lying importance of vision in dexterous manipulation, to our knowledge, gazemovements strategies and GF control in collision tasks have received little ex-perimental attention.Gaze and hand movements in reaching are highly correlated but also largelycontext-dependent (see Desmurget et al. (1998) for review). Interestingly, Jo-80



5.3 Methodshansson et al. (2001) investigated the role of gaze in the control of manipulation.Subjects transported a bar to contact a target, either directly or around obsta-cles. They found stereotyped patterns of gaze-hand coordination that broughtthe eyes on key positions, such as salient obstacles or targets to which thegrasped object was subsequently directed. They concluded that gaze assistedhand movement planning by marking positions on the forthcoming trajectory.In the present study, we investigated gaze-hand coordination in a verticalcollision task with stationary targets. We �rst addressed the question whetherGF is anticipatory or reactively coupled to collision. Does the feedforwardstrategy of GF-LF modulation in smoothly varying LF also hold at impact?More precisely, if subjects can predict the occurrence and the amplitude of theimpact, they should pre-program GF proportional to and synchronized withthe collision LF. In addition, we were interested in the information providedby vision to control an action for which grasp stability is an issue. Indeed,the consequences of a wrong GF adjustment especially in upward collisionsare likely to induce the drop of the object. Therefore, we might expect amore supportive strategy of gaze-hand coordination in upward compared todownward collisions. This study provides novel insights about how the braincoordinates gaze and hand movements in manipulations involving transportand impact loads.5.3 Methods5.3.1 EquipmentThe manipulandum comprised a cylindrical instrumented object (82 mm di-ameter, 30 mm wide, 212 g mass) equipped with two brass circular grip sur-faces (40 mm diameter) placed on two parallel lightweight force-torque sensors(Mini 40 F/T transducers, ATI Industrial Automation, NC, USA). The sen-sors measured the three force components (Fx, Fy , Fz) along the axes pass-ing through the centre of the corresponding grasp surface. Sensing rangesfor Fx, Fy and Fz were ±40, ±40 and ±120 N with 0.02, 0.02, and 0.06 Nresolution respectively. A PXI controller (PXI-8156B) equipped with a 12-bit PXI-6071E analog-to-digital converter, external triggering facilities and aSCSI interface PXI-8210 (National Instruments, Austin, TX, USA) recordedthe synchronized signals from the force sensors at a sampling rate of 1 kHz.Simultaneous two dimensional (horizontal and vertical) recordings of both eyeswere made with the Chronos head mounted video-based eye tracker (Clarke81



5.3 Methodset al. (2002), CHRONOS VISION GmbH, Berlin, Germany). Algorithms forthe calculation of eye position were based on the determination of the centreof the pupil (see e.g. Zhu et al. (1999)). The recording frequency was 200 Hz.The system was linear in the horizontal and vertical plane up to ±20o with aresolution of the order of 5'. A second video-based device (OptoTrak 3020 sys-tem, Northern Digital, Ontario, Canada) tracked three infrared-light-emittingdiodes (IREDs) on the Chronos helmet to reconstruct the gaze orientation(Ronsse et al., 2007) and three others on the hand-held device. The OptoTrakwas mounted on the �oor at a distance of 3 m in front of the participant, facingupward at an angle of ±18o relative to the �oor. The positions of the IREDswere expressed in a reference frame parallel to the �oor centred at the middlelens of the position sensor. The X , Y and Z axes pointed rightward, upwardand toward the participant, respectively. The position of the six IREDs weresampled at a frequency of 200 Hz with a resolution of 0.1 mm within the work-ing environment. The Chronos eye-tracker and the OptoTrak were triggeredby the PXI controller.5.3.2 Experimental procedureSeven right-handed volunteers (22 to 48 years old, 2 female), participated in thestudy. No participant reported sensory or motor de�cits. All participants gavetheir informed consent to participate in this study and the procedures wereapproved by the local ethics committee. The participant was secured by a seatbelt on a chair. At a signal provided by the experimenter, the manipulandumwas grasped between the thumb on one side and the index and middle �ngers onthe other side at about the centre of the grasp surfaces. The �ngers were alignedso that Fy was aligned upwards with the Y -axis of the reference frame (Fig. 5.1B). Participants performed a targeted tapping task with the manipulandum, oneach trial moving from a home position up or down to tap an upper or lowertarget and then return back to the home position. The two circular targets(75 mm diameter), cushioned with 17 mm thick high density foam to limit theimpact, were mounted 283 mm above and below the start position and parallelto the �oor on two horizontal crossmembers of a rigid square frame (Fig. 5.1A). A red mark, vertically midway between the two targets, indicated the homeposition. A brief auditory tone prompted movement toward the upper (hightone) or lower (low tone) target. The tone onsets occurred at random between300 and 500 ms after completion of the previous movement. Each participantperformed 5 blocks of at least 40 randomised up and down collisions.82



5.3 Methods
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Figure 5.1: (A) Lateral view of the experimental set-up. The participantequipped with the eye tracker produced collisions between the manipulandum(circle) and two targets (black rectangles). The horizontal elastic band (greytick on the vertical line) was equidistant from the targets and de�ned the hand'shome position. (B) Scaled enlargement of the manipulandum (solid circle) withits 3D reference frame centred on a sensor (dotted circle).
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5.3 Methods5.3.3 Data processingAll the signals were synchronized and linearly interpolated to the same samplingrate (1 kHz). Kinematic and eye position signals were low-pass �ltered usinga zero-phase digital �lter (autoregressive, forward and backward �lter, cut-o� frequency: 35 Hz). The force applied normal to each grasp surface wascalculated as −Fz . The total normal grip force (GF) was calculated as theaverage of the normal grip forces applied by the thumb and the �ngers on eachtransducer. The magnitude of the tangential load force (LF) was computed as:
LF = LF1 + LF2 (5.1)with:

LFi =
√

F 2
x,i + F 2

x,i (5.2)where Fx,i and Fy,i are the horizontal and vertical components of the loadforce of transducer i (i = 1, 2) respectively. The impact force was obtained byaveraging values of 3 samples centred on the maximum of LF.Saccades were detected using an acceleration threshold of 500 deg/s2 subjectto visual checking. For each trial, we determined the following timings: onsetfor the saccade towards the target (STonset) and time of arrival at the target(STland), and onset of the saccade from the target back to the home position(SHonset) and time of arrival at the home position (SHland). We computed theduration of target �xation by subtracting the time of saccade landing on thetarget from the time of saccade onset back to the home position (SHonset −
STland). Gaze position was reconstructed by combining independent eye-in-head and head-in-space positions following standard linear algebra operations(Ronsse et al., 2007).The geometric centre of the manipulandum was calculated from the threeIRED positions. Instantaneous velocity and acceleration were obtained using a5-point central-di�erence algorithm. Hand movement onset (HO) was de�nedat the �rst sample at which the absolute acceleration exceeded 2.5 m.s−2. Thecontact time (TC) was detected from the load force trace when the impact forcesharply increased during the compression of the high density foam covering thetarget. Kinematic measures included both the spatial location and time ofhand movement onset (HO), peak acceleration (PA) and peak velocity (PV ).The grip force and load force were averaged over 10 ms centred at each of thepreviously mentioned times (HO, PA, PV ) or over 10 ms preceding the contact(TC) to avoid artefacts. Additionally, the grip force maximum (GFM ) and its84



5.4 Resultstime of occurrence were measured. They corresponded to the maximum in GFoccurring at least 15 ms after the contact.A two-way analysis of variance was performed on variables of interest totest for the e�ects of direction (UP or DOWN) and repetition across the �veblocks. Main and interaction e�ects were further analysed using Sche�é posthoc procedure (alpha level was p < 0.05). All the statistical analyses wereconducted with Statistica 6.0 (StatSoft).5.3.4 Inertial and gravitational components of the loadBy Newton's second law:
∑

~F (t) = m~a(t) (5.3)During the transport of the object, this total force is the resultant of a constantgravitational term (mg) and the load force LF:
∑

~F (t) = m~a(t) = m~g + ~LF (t) (5.4)By projecting the vectorial quantities on the vertical axis, we get:
mg + ma(t) = LF (t) (5.5)Therefore, upward accelerations (a > 0) lead to larger load forces and down-ward accelerations (a < 0) result in decreased load forces with respect to theobject's weight.5.4 ResultsIllustrative collisions with the upper (left) and lower (right) target are shownin Figure 5.2.In the upward collision, the vertical position trace increased until the ma-nipulandum came into contact with the target at TC and then decreased about100 ms after contact to return to the starting position. The velocity trace exhib-ited a single peak (PV ) and a bell-shaped pro�le, truncated at target contact.In the collision the velocity dropped sharply to zero and was brie�y negativeindicating a cycle of compression and decompression of the high density foamcushioning on the target. Following hand onset (HO) the acceleration tracereached a maximum (PA) before decreasing to negative values, indicating theobject was decelerated just before contact. At collision the acceleration func-tion exhibited a large (o�-scale) negative value re�ecting foam compression and85



5.4 Resultsthe early phase of decompression followed immediately by a moderate positivevalue, re�ecting the late phase of foam decompression. This was followed bya smaller negative acceleration associated with initiation of the return move-ment. A �nal positive acceleration phase brought the movement to a halt backat the home position. The load force trace (LF) varied with acceleration in thetransport phase (Eq. 5.5). In the collision, LF increased sharply to a (o�-scale)value around 7 N. After passing through a negative peak terminating at end ofcontact the LF trace again paralleled the acceleration. With the exception ofa short period of artefact immediately after the collision, the grip force (GF)increased during transport, reaching a maximum after the collision (GFM ).An upward saccade (STonset to STland) was triggered to the target near handonset. After a period of �xation, a return saccade (SHonset to SHland) wasexecuted to foveate the home position. Downward collisions mirrored upwardcollisions in that the vertical position trace decreased until TC and increasedsome 100 ms after contact to return to the starting position and the velocity,acceleration, LF and eye positions appear inverted compared to those for theupward collisions. Grip force increased prior to impact reaching a maximumshortly after impact. Note that during the transport of the object, the max-imum in upward acceleration (and the downward minimum) contributed toincrease (or decrease) in LF some 200 ms before contact. In both directions,there is evidence of object deceleration prior to contact.5.4.1 Transport and collision phasesVertical movements induce a directional bias in the load at the �ngertips (seeEq. 5.5). We concentrated our analyses on the control of GF during transportand collision phases in both directions. Figure 5.3 presents the values of gripforce at di�erent epochs in the trajectory for upward and downward movements.Time zero de�nes the time of contact (TC). The grip force at movement onset(HO) was the same in both directions (p > 0.133). At peak acceleration(PA), the directional bias due to gravity induced a larger load force upwardscompared to downwards (p < 0.001) and yielded a larger GF upwards. Atpeak acceleration (PA) and peak velocity (PV ), which both occurred 20 mslater in downward collisions (p < 0.001), participants exerted a larger grip forceupwards. This was also the case at contact (TC) and at grip force maximum(GFM ) (p < 0.04). In both upward and downward collisions, GF was noticeablyelevated immediately prior to collision.In maintaining a stable grasp throughout the movement, participants, �rst,had to counteract inertial forces arising from the transport of the manipu-86



5.4 Results
UP

-0.3

0.0

0.3

-2

0

2

-15

0

15

DOWN

10

15

20

-5

0

5

P
o

s
it

io
n

(m
)

V
e
lo

c
it

y
(m

.s
)

-1

A
c
c
e
le

ra
ti

o
n

(m
.s

)
-2

L
o

a
d

 F
o

rc
e

(N
)

G
ri

p
 F

o
rc

e
(N

)
G

a
z
e

(m
)

Time to contact (ms)

-400 0 400

-0.3

0.0

0.3

Time to contact (ms)

-400 0 400

-0.3

0.0

0.3

10

15

20

-5

0

5

0

15

-15

-2

0

2

-0.3

0.0

0.3TC

PV

PA
HO

GFM

STonset

STland

SHonset

SHland

TC

PV

PA

HO

GFM

STonset

STland

SHonset

SHland

Figure 5.2: Records of a single collision upwards (left column) and downwards(right column). The following traces are shown as a function of time: thevertical position, velocity and acceleration of the object, the load force andthe grip force and the vertical gaze position. The left vertical dashed line isaligned with hand onset (HO). The middle dashed line is positioned at peakacceleration (PA). The right dashed line signals the contact with the target(TC). 87

./Chapter4/Chapter4Figs/F2.eps
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5.4 Resultslandum before the collision, and then, had to cope with the impact forces atcollision. The former are relatively low forces distributed over a moderatelylong period of time around peak of acceleration whereas the latter have im-pulse characteristics with large amplitude and short duration. On the onehand, in the transport phase, participants coupled their GF with the LF atpeak acceleration in upward movements (R = 0.64, slope = 3.4, p < 0.001).On the other hand, this GF-LF covariation was greatly reduced at impact(R = 0.39, slope = 0.27, p < 0.001). A similar reduction in correlation wasseen between transport and collision in downward trials. Therefore, this con-trasting behaviour suggests that participants adjust GF according to di�erentrules in the transport and collision phases of the action.5.4.2 Grip force maximum is pre-programmedA maximum in GF was observed in both directions following impact with thesame latency (mean ± SD = 64.2 ± 33.3 ms, p > 0.25). We therefore pro-posed that this maximum in GF might be pre-programmed and used multipleregression to determine its correlation with the grip force at contact and �rstderivative of grip force at contact (prior to impact):
GFM = 0.932GFC + 0.037

dGFC

dt
+ 0.533 (5.6)where GFM refers to the maximum GF, GFC to the GF at contact and

dGFC/dt to the rate of change of GF at contact. We found that GFM waswell predicted by two variables calculated before the contact with the target,i.e. independently of the value of the collision load force. The most signi�cantvariable in Equation 5.6 (partial R = 0.95) was GF at contact (gain = 0.93).The coe�cient that multiplies the �rst derivative of grip force at contact can beinterpreted as a duration (37 ms) and contributed secondarily in Equation 5.6(partial R = 0.84). Both terms contributed signi�cantly to the prediction of
GFM (p < 0.001). Interestingly, despite the intensive repetition of the collisiontask, we observed a large variability of collision LF (SD = 6.15 N). Equation5.6 shows that this variability is not taken into account in the programmingof GF since the correlation of GFM with impact LF was not statistically sig-ni�cant. The multiple regression analysis is illustrated in Figure 5.4 where thecomparison between panels A and B con�rms that data points are very well�tted by the regression plane. Altogether, these results suggest that GFM ispre-programmed and is not a simple reaction to the collision.89
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PA, PV and TC). We found signi�cant positive correlations in all cases (Rranging from 0.63 to 0.68, p < 0.001). In the following, we analyse gaze-handcoordination and duration of target �xation in more detail.As a �rst step, we investigated hand and gaze reaction times to the auditoryprompt (Fig. 5.5 A and B). We observed increased reaction times for hand onsetin upward collisions (Fig. 5.5 A, p < 0.001). However, gaze reaction times werenot in�uenced by the direction of movement (Fig. 5.5 B, p > 0.642). We de�nedgaze saccade latencies with respect to hand onset and peak hand acceleration:

∆G−HO = RG − RHO and ∆G−PA = RG − RPA (5.7)90
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5.4 Resultswhere RG and RHO stand for gaze and hand reaction times respectively and
RPA is the elapsed time between the tone and the instant when hand reachedits peak of acceleration. In the above expression, negative ∆G−HO and ∆G−PAmean that gaze leads the hand and peak acceleration, respectively. We �rstfocus on relative gaze and hand onsets (∆G−HO , Fig. 5.5 C). In both directions,gaze started to move ahead of the hand, as re�ected by negative delays up to -45ms. In addition, greater lead time for gaze (∆G−HO) was observed in upwardcompared to downward collision (p < 0.001). This direction e�ect is explainedby the increased hand reaction times upwards (Fig. 5.5 A). Interestingly, thedelays ∆G−PA between peak hand acceleration and saccade onset were thesame in both directions from the second block of trials (Fig. 5.5 D, ∆G−PA =

−125.4 ± 2.7 ms, p > 0.402). In the �rst block, delays in PA with respect togaze onsets induced longer ∆G−PA but these were similar in both directions(−170.3± 9.8 ms, UP and DOWN, p > 0.925). Importantly, this was only truewith respect to PA and not to any other event in the trajectory (HO, PV , TC,
GFM , p > 0.05). Hence, gaze saccade onset seems to be time-locked with peakof hand acceleration, from the second block of trials (Fig 5.5 D). time-locking5.4.4 Target �xation strategy is direction-dependentIn generating high impact loads, it seems likely that participants might seek tocollect information in order to maintain control of the hand-held object. Weexamined target �xation and hand position as a function of time to contact.Figure 5.6 shows that the movement duration of the hand in the transport phasewas signi�cantly longer in downward collisions (Fig. 5.6, HAND, Transportphase, p < 0.01). It shows also that the duration of contact between the objectand the target was longer for upward collisions (Fig. 5.6, HAND, Collisionphase, p < 0.001). The duration of target �xation is also shown in Figure5.6. Clearly, the duration of target �xation was signi�cantly longer in upwardcollisions, both before and after contact (Fig. 5.6, EYE, p < 0.001) and didnot decrease across trials (p > 0.05). In sum, participants used di�erent gazestrategies in the up versus down conditions: in upward movements, (1) gazearrived at the target more in advance of the hand contact, and (2) maintained�xation for longer; indeed gaze did not leave the target until after the handhad left.
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5.5 Discussionmaximum of GF shortly after the contact. We found that gaze led the handand arrived at the target long before the collision. In addition, gaze saccadeonset was triggered a �xed time before the peak hand acceleration in both di-rections. Finally, participants maintained longer �xations on the upper target,especially after the impact.5.5.1 Grip force/load force coupling in a collision taskThe primary goal of the participants was to collide with the target while keep-ing the object in the hand. In the transport phase, the tight coupling betweenGF and LF demonstrates predictive control of GF as a function of LF, what-ever the direction of movement. This is in agreement with previous studieswhere participants adjusted their GF according to the LF in vertical point-to-point and rhythmic movements (Flanagan and Wing, 1993, 1995). In thecollision phase, however, a dissociation between GF and LF contrasted withtheir tight coupling during transport. This suggests that the collision phasewas programmed di�erently from the transport phase. Indeed, GF increasedprogressively in anticipation of the occurrence of the impact and reached amaximum after contact. This observation is in agreement with Serrien et al.(1999) who reported a ramp-like increase of GF prior to impact paralleled by ananalogous build-up of EMG activity when opening a drawer to its mechanicalstop. Similarly, Turrell et al. (1999) found a maximum of GF occurring around100 ms after receiving an impact induced by a pendulum swing. In the samestudy, these authors reported that the maximum of GF was synchronized withthe impact when actively producing a collision with a pendulum in order togenerate a speci�c swing. This is a clear indication that the pro�le of GF afterthe impact is pre-programmed and is not a simple re�ex to the collision sinceit was absent in speci�c experimental conditions, in contrast with what was re-ported previously when unpredictable loads were applied to a hand-held object(Johansson and Westling, 1988; Johansson et al., 1992a; Nowak and Herms-dorfer, 2006). Pre-programming of GF is also supported by the latency of themaximum GF that occurs around 65 ms, which is too short a latency to berelated to the latencies typically observed for postural and grip re�ex responses(Johansson and Westling, 1988; Johansson et al., 1992a). Further evidence forpre-programming of the maximum of GF is provided by our �nding that GFMcan be predicted by GF and GF rate before contact (Eq. 5.6 and Fig. 5.4).If the GF pro�le after impact is accepted as re�ecting pre-programmingin our collision task, it is interesting to ask why the maximum of GF occurssome time after impact and not at the time of collision, when the LF and the94



5.5 Discussionrisk of slippage are the highest. To test whether there could be a functionaladvantage in applying a moderate GF at the time of impact, we quanti�edthe in�uence of GF on the integral of the tangential constraints exerted at the�ngertips after the collision, for a speci�c range of LF at impact. Followingthis analysis, we found that a larger GF at impact induced a larger integral ofLF after collision (see section 5.6 and Figure 5.7 C). This can be explained bythe fact that GF increases the sti�ness of the contact between the hand andthe manipulandum and consequently reduces the damping of the constraintsinduced by the collision. This hypothesis is validated quantitatively with asimpli�ed biomechanical model in the appendix. Within this context, thereis a clear functional advantage in rapidly absorbing the tangential constraints(moderate GF at contact) before increasing GF (GFM ) and stabilizing the handposture in order to prepare the return movement. Interestingly, when partic-ipants produced collisions by hitting a pendulum (initially stationary) with agrasped object, GF and LF peaks were synchronized (Turrell et al., 1999). Inthat speci�c context, participants controlled their movement to generate tar-geted pendulum swings. Therefore, there was a clear advantage to maximizehand-object sti�ness in order to control the transfer of kinetic energy fromthe hand-held object to the pendulum. Our hypothesis is further validatedby Lin and Rymer (1998) who studied biomechanical properties of are�exiveand re�exive muscles. Postural maintenance often requires that a perturbedjoint returns to its initial position (length regulation) and that transients bequickly damped out (velocity regulation). Are�exive muscle does not satisfythe �rst of these requirements but is very e�ective at satisfying the second one.In contrast, re�exively active muscle is more e�ective at position regulation,but not velocity regulation because of the emergence of high sti�ness. Theauthors suggest that the CNS regulates the system parameters as a trade-o�to generate an optimal mechanical impedance and damping according to thetasks requirements. Altogether, our results are compatible with the role offeedforward processes adapted to the dynamic properties of the environment(Burdet et al., 2001; Franklin et al., 2003).5.5.2 Gaze strategy in transport and collision phasesAlthough gaze strategy in daily activities is highly task-speci�c, a common �nd-ing is that participants control gaze shifts and �xations proactively to gathervisual information for guiding movements (e.g., Epelboim et al. (1997)). First,we found that in a majority of trials, gaze led the hand by 15-45 ms whichis similar to other values found in the literature (Angel et al., 1970; Prablanc95



5.5 Discussionet al., 1979). Vision of the hand at rest prior to movement onset has been shownto greatly improve the accuracy of movement by permitting a multisensorial(proprioception and vision) representation of the movement origin that mayfacilitate movement planning (Bedard and Proteau, 2001; Desmurget et al.,1998; Prablanc et al., 1979). Second, gaze arrived at the target around 250ms prior to the hand. This time di�erential allows the hand control systemaccess to vision of the end-e�ector from a target-centred frame of reference.Behavioural and neurophysiological evidence support the notion that, undermany conditions, including normal, unrestricted vision as in the current exper-iment, reaching movements are coded in eye-centred coordinates. The ParietalReach Area (roughly equivalent to MIP) is involved in comparing the targetand hand positions in retinal coordinates. It may be involved in computingan estimate of the state of the arm in eye-centred coordinates (Beurze et al.,2006; Buneo et al., 2002; Crawford et al., 2004). Third, we found that gazesaccade onset was time-locked time-locking with peak hand acceleration in allconditions, in agreement with previous �ndings reporting that the kinemat-ics of the hand movement determines when to shift gaze between landmarks(Johansson et al., 2001; Pelz et al., 2001). Namely, despite the shifts in theoccurrences of peak acceleration between up and down movements, a saccadewas triggered 125 ms before PA. Given that their durations did not exceed 70ms, gaze was already on target at the beginning of the deceleration phase ofthe arm movement. It is generally believed that closed-loop visual control inpointing deceleration takes place to guide the hand to the target and that the�rst part of the movement, when the hand is accelerating, is open-loop or pre-programmed (Neggers and Bekkering, 2002). It could be worth validating thistime-locking between saccade onset and PA when the kinematics is explicitlyvaried, for instance by asking subjects to move at di�erent velocities.Gaze movements may also play a role in the control of hand movement afterthe target has been identi�ed (Andersen et al., 1998; Carey, 2000). The collisionphase is an event that induces dynamic instabilities. We observed contrastingstrategies between the two directions: longer �xations both before and aftercontact with the up target. We suggest that this prolonged �xation re�ects themore challenging task of controlling an upward collision (larger LF integral,
p < 0.001) possibly coupled with a greater risk of dropping the object (Mroteket al., 2004). Similarly, Johansson et al. (2001) found that gaze entered thetarget zone before target contact and exited the zone after the initial contactoccurred. They hypothesized that this strategy is implemented to maintaincorrelation between visual and somatosensory information and e�erent copy96



5.6 Appendixsignals required for motor planning. Therefore, we suggest that closing thevisuo-manual loop by increasing the �xation after contact upwards is a strategyto speci�cally update the sensorimotor memory. We speculate that longer�xation times after contact would be required - at least in the �rst trials -in a collision task where critical parameters are altered such as sti�ness oftarget or dynamic environment in order to adjust the motor system to the newconstraints.5.6 AppendixIn the collision phase, a tangential reaction force is responsible for transientsignals measured in the transducers responses. We modeled the target-object-hand system with a mass-damper-spring system. The foam covering the target (coe�cient of restitution of about 0.75) and the elastic properties of the skin canbe modelled by a spring with sti�ness coe�cient k while viscous properties ofthe system are modelled by a dashpot with damping factor b (Fig. 5.7 A). Theequation of motion of this simple unforced system results from a second orderdi�erential equation with dependent variable y (displacement), independentvariable t (time) and system parameters m (mass), b and k:
m

d2y

dt2
+ b

dy

dt
+ ky = 0 (5.8)We solved Equation 5.8 to simulate the response of this overdamped system(initial condition y(0) = 0 and dy

dt (0) = 1 m.s−1) for di�erent values of k and
b. We then computed the integral I of the absolute resultant force during thetransient (a 70-ms window):

I =

∫ ∣∣∣∣m
d2y

dt2
dt

∣∣∣∣ (5.9)Figure 5.7 B shows that for a given damping factor b, the integral of restor-ing force increases as a function of sti�ness. Moreover, the stronger the damping(large b), the larger the absorbed energy and the smaller the released constraintsmeasured on I. By analogy, the increase of GF induced an increment of sti�-ness and a decrement of damping, compatible with our model (Fig. 5.7 C).From these observations, we conclude that a compromise between sti�ness anddamping is calculated so as to absorb high frequency vibrations in the forcesignal at impact while optimising stability after collision.
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5.6 Appendix
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Chapter 6Predictive grip for highimpact loads in alteredgravity Statistics may be de�ned as �abody of methods for making wisedecisions in the face ofuncertainty�. W.A. Wallis6.1 AbstractIn this study, we investigated the control of grip force (GF) when participantsperformed a targeted tapping task with a hand-held device toward an upperor lower target. The experiments were performed during parabolic �ights (0, 1and 1.8 g) where the inertial and gravitational components of the load could beseparated. The task comprised a transport phase corresponding to the initialpart of the movement and then a collision phase involving the period aroundthe impact. First, we showed that GF control is anticipatory both during thetransport and collision phases. There was a tight coupling between GF andload force (LF) in the transport phase. This coupling was based on predictivemechanisms and improved across parabolas. In the collision phase, there wasa clear predictive control of GF that anticipated the sudden increase in LFat impact but the tight coupling between GF and LF disappeared. Second,99



6.2 Introductionthe microgravity condition revealed that subjects changed the mode of con-trol of GF between the transport and the collision phases, around the time ofpeak hand acceleration. Third, the analysis of gaze-hand coordination revealedthat the gaze generally moved ahead of the hand and that saccades were time-locked to the peak hand acceleration in all conditions, despite variability in thetrajectories. Finally, the oculomotor strategy was adapted in order to provideoptimal visual feedback of the controlled object around the collision, as demon-strated by longer duration of �xation in challenging conditions. In conclusion,altered gravity environments allowed to shed light on the mechanisms used bythe Central Nervous System to coordinate gaze, hand and grip motor actionsduring a task that involves transport of an object and high impact loads.6.2 IntroductionWhen we interact with our close environment, we often produce collisions be-tween a hand-held object and the environment (e.g. cup - table). These ac-tivities involve �rst the transport of the mass and then the contact occurs. Insuch cases when load duration is very short as in impacts, prediction becomescritical. Several studies addressed the control of Grip Force (GF) when sub-jects had to cope with unpredictable or predictable collisions. In the �rst case,when unpredictable loads were applied to a hand-held object, an increase inGF after collision was observed and was attributed to a re�ex (Johansson andWestling, 1988; Johansson et al., 1992a; Nowak et al., 2001; Turrell et al., 1999).In contrast, in self-generated impacts, although the peak GF was delayed 60 to100 ms with respect to the collision Load Force (LF), there was clear evidenceof GF pre-programming (Serrien et al., 1999; Turrell et al., 1999; White et al.,submitted).In a recent experiment, we further investigated how the Central NervousSystem controls GF in a vertical collision task between a hand-held object and atarget (White et al., submitted). We identi�ed a transport phase during whichLF varied smoothly with acceleration and a collision phase that involved theperiod around the impact. Whereas GF and LF were coupled in the transportphase in agreement with previous studies (Flanagan and Wing, 1993, 1995;Flanagan et al., 1993; Wing, 1996), this relationship disappeared in the collisionphase. However, we evidenced a pre-programming of GF in the collision phaseand ruled out a pure re�ex mechanism. We also speci�cally studied the role ofvisual information in this task. In agreement with experiments that examinedeye movements in dexterous manipulation (Johansson et al., 2001; Pelz et al.,100



6.3 Methods2001), we found that gaze movements were triggered a �xed time before aprecise kinematic feature in the hand trajectory, both in upward and downwardmovements. In addition, participants maintained longer �xation in the morechallenging upward trials, where the object could drop from the grasp.All the above experiments have been conducted in the Earth environment,where the motor system is calibrated to 1 g gravitational forces. In the presentstudy, we extend this collision paradigm to microgravity (0 g) and hypergravity(1.8 g) to understand in greater depth how the central nervous system switchesfrom the transport to the collision mode. A change in gravity allows to decouplethe e�ects of acceleration (time-varying inertial force) and gravity (constantweight) on LF. Importantly, gravity a�ects more signi�cantly LF during thetransport phase than during the collision phase because the average level ofLF is much lower in the transport phase than at impact. In new gravitationalenvironments, we hypothesize that GF will still be pre-programmed both duringthe transport of the object and during the collision phase and we expect anadaptation of the feedforward GF control over trials. In addition, we test thein�uence of a change in the gravitational context on gaze-hand coordination byevaluating whether gaze and hand actions are coupled in the same way as theyare in normal gravity. In particular, we also assess the role of visual feedbackin this demanding collision task.6.3 Methods6.3.1 Manipulation of gravitational contextThe experiments took place in the Airbus A300 ZEROg aircraft on three �ightsout of Bordeaux (France) during which a total of ninety parabolas were per-formed. A single parabolic �ight pro�le generated a sequence of episodes ofnormal (1 g), hyper (1.8 g), micro (0 g), hyper (1.8 g) and normal (1 g) gravityof about 20 seconds duration each (Augurelle et al., 2003). Thirty parabo-las were performed in each of the three �ights blocked in three groups of tenparabolas with 2-minute pauses of 1 g �ight between each parabola plus anextra 5 to 8 minutes between each block. Three participants were tested oneach �ight, during the �rst, second and third blocks of ten parabolas. A threedimensional accelerometer �xed on the �oor of the aircraft recorded its ac-celeration along its fore-aft axis, its lateral axis and the axis normal to the�oor. 101



6.3 Methods6.3.2 Experimental procedure and equipmentNine right-handed volunteers (22 to 48 years old) 3 of whom were female, par-ticipated in the study. Their health was assessed by their various NationalCentres for Aerospace Medicine as meeting the requirement (�Jar Class II�) forparabolic �ight. No participant reported sensory or motor de�cits. None hadpreviously experienced parabolic �ight. All participants gave their informedconsent to participate in this study and the procedures were approved both bythe European Space Agency Safety Committee and by the local ethics com-mittee. Of the nine participants, two experienced nausea during the �ight andwere not included in the analyses as they did not complete data collection.The participant was secured by a seat belt on a chair. Brie�y, participantsgrasped a test object with a precision grip and performed a targeted tappingtask with the manipulandum, on each trial moving from a start position up ordown to tap an upper or lower target and then return back to the start position.A series of auditory tones prompted movement towards the upper (high tone)or lower (low tone) target and occurred at random between 300 and 500 msafter completion of the previous movement. The two circular targets (75 mmdiameter), cushioned with high density foam to limit the impact, were mounted283 mm above and below the start position on two horizontal crossmember ofa rigid square frame. A red mark, vertically midway between the two targets,indicated the start position (see White et al. (submitted) for details).The cylindrical test object (82 mm diameter, 30 mm wide, 212 g mass) wasequipped with two parallel force-torque sensors (40 mm diameter , Mini 40F/T transducers, ATI Industrial Automation, NC, USA) which measured thethree force components (Fx, Fy, Fz) along the axes passing through the centreof the corresponding grasp surface. A PXI controller (PXI-8156B) equippedwith a 12-bit PXI-6071E analog-to-digital converter (National Instruments,Austin, TX, USA) recorded the synchronized signals from the force sensorsat a sampling rate of 1 kHz. In addition, simultaneous horizontal and verticalrecordings of both eyes were made with the Chronos head mounted video-basedeye tracker at 200 Hz (Clarke et al. (2002), CHRONOS VISION GmbH, Berlin,Germany). A second video-based device (OptoTrak 3020 system, NorthernDigital, Ontario, Canada) tracked three infrared-light-emitting diodes (IREDs)on the Chronos helmet to reconstruct the gaze orientation (Ronsse et al., 2007)and three others on the hand-held device. The positions of the six IREDswere sampled at a frequency of 200 Hz with a resolution of 0.1 mm withinthe working environment. The Chronos eye-tracker and the OptoTrak weretriggered by the PXI controller. 102



6.3 MethodsThe experiment was �rst carried out on the ground in order to train theparticipants. Each participant performed 5 blocks of at least 40 randomisedup and down collisions. Then each participant performed the task over 10complete parabolas in the aircraft. The data analysed corresponded to the�rst 1 g and 1.8 g phases, plus the 0 g phase, of each parabola.6.3.3 Data processingAll the signals were synchronized and linearly interpolated to the same samplingrate (1 kHz). The total grip force (GF) was calculated as the average of thenormal forces applied by the thumb and the �ngers on each transducer. Themagnitude of the tangential load force (LF) was computed as:
LF = LF1 + LF2 (6.1)with:

LFi =
√

F 2
x,i + F 2

x,i (6.2)where Fx,i and Fy,i are the horizontal and vertical components of the loadforce of transducer i (i = 1, 2) respectively. The impact force was obtained byaveraging values of 3 samples centred on the maximum of LF.Saccades were detected using an acceleration threshold of 500 deg/s2 subjectto visual checking. For each trial, we determined the following timings: onsetfor the saccade towards the target (STonset) and time of arrival at the target(STland), and onset of the saccade from the target back to the home position(SHonset) and time of arrival at the home position (SHland). Duration of target�xation was computed by subtracting the time of saccade landing on the targetfrom the time of saccade onset back to the home position (SHonset − STland).Gaze position was reconstructed by combining independent eye-in-head andhead-in-space positions following standard linear algebra operations (Ronsseet al., 2007).The geometric centre of the manipulandum was calculated from the threeIRED positions. Instantaneous velocity and acceleration were obtained using a5-point central-di�erence algorithm. Hand movement onset (HO) was de�nedat the �rst sample at which the absolute acceleration exceeded 2.5 m.s−2. Thecontact time (TC) was detected from the load force trace when the impact forcesharply increased during the compression of the high density foam covering thetarget. Kinematic measures included both the spatial location and time ofhand movement onset (HO), peak acceleration (PA) and peak velocity (PV ).103



6.4 ResultsThe grip force and load force were averaged over 10 ms centred at each of thepreviously mentioned times (HO, PA, PV ) or over 10 ms preceding the contact(TC) to avoid artefacts. Additionally, the grip force maximum (GFM ) and itstime of occurrence were measured. They corresponded to the maximum in GFoccurring at least 15 ms after the contact (on average 71.8 ± 32.7 ms).A three-way ANOVA was performed on variables of interest to test thee�ects of direction (UP or DOWN), gravity condition (0 g, 1 g, 1.8 g) andrepetition across the ten parabolas. Main and interaction e�ects were furtheranalysed using Sche�é post hoc procedure (alpha level was p < 0.05). All thestatistical analyses were conducted with Statistica 6.0 (StatSoft).6.3.4 Inertial and gravitational components of the loadBy Newton's second law:
∑

~F (t) = m~a(t) (6.3)During the transport of the object, this total force is the resultant between aconstant gravitational term (mg) and the load force LF:
∑

~F (t) = m~a(t) = m~g + ~LF (t) (6.4)By projecting the vectorial quantities on the vertical axis, we get:
mg + ma(t) = LF (t) (6.5)Therefore, in 1 g and 1.8 g phases, upward accelerations (a > 0) leadto larger load forces and downward accelerations (a < 0) result in decreasedload forces with respect to the object's weight. The 0 g phase is a particularcase: since the gravitational component (mg) disappears, LF is now directlyproportional to acceleration.6.4 ResultsIllustrative collisions with the upper (left) and lower (right) target in micro-gravity (0 g) are shown in Figure 6.1. In the upward collision, the verticalposition trace increased until the manipulandum came into contact with thetarget at TC and then decreased 100 ms after contact to return to the positionat the start. The velocity trace exhibited a single peak (PV ) and was truncatedat target contact, where the velocity dropped sharply to zero. Following HO,104



6.4 Resultsthe acceleration trace reached a maximum (PA) before decreasing to negativevalues, indicating that the object was decelerated just before contact. At col-lision the acceleration exhibited a large (o�-scale) negative value followed by�uctuations re�ecting interaction with the target. Then, a smaller negativeacceleration was associated with the initiation of the return movement. A �nalpositive acceleration phase brought the movement to a halt back at the homeposition. The load force trace (LF) varied with acceleration in the transportphase (Eq. 6.5). In the collision, LF increased sharply to a (o�-scale) valuearound 21 N. After passing through a negative peak terminating at end ofcontact, the LF trace again paralleled the acceleration. With the exception ofa short period of artefact immediately after the collision, the grip force (GF)increased during transport and reached a maximum after the collision (GFM ).An upward saccade (STonset to STland) was triggered to the target near handonset. After a period of �xation, a return saccade (SHonset to SHland) wasexecuted to foveate the home position. Downward collisions mirrored upwardmovements in that the vertical position trace decreased until TC and increasedsome 100 ms after contact to return to the starting position.Importantly, the acceleration pro�les in microgravity (Fig. 6.1, acceler-ation) appeared symmetric between upward and downward movements. Inparticular, the absolute value of PA were the same (Fig. 6.1, acceleration, PA,
p > 0.999). Consequently, the LF at PA were also equivalent in both directions(Fig. 6.1, LF, LFPA, p > 0.178).6.4.1 Grip force strategy in transport and collision phasesIn order to ensure a stable grasp through the collision task, participants, �rst,had to cope with inertial forces arising from the transport of the object, andsecond, had to counteract the impact forces at collision. The former are rela-tively low forces distributed over several hundreds of milliseconds around PA.The latter have impulse characteristics with large amplitude and last an orderof magnitude shorter. Figure 6.2 shows the relationship between GF and LF at
PA in the transport phase (Fig. 6.2, A-B) and at impact in the collision phase(Fig. 6.2, C-D) in upward (closed disks) and downward (open disks) movementsin 0, 1 and 1.8 g. A fourth factor (GF or LF) was included in the ANOVA toquantify the degree to which patterns of GF and LF were statistically similar.In the transport phase, we observed similar PA in both directions, for agiven gravity level (p > 0.987). Since ma and mg are additive and subtractivein upward and downward movements respectively (see Eq. 6.5), the LF at
PA was larger upwards than downwards in 1 and 1.8 g (Fig. 6.2 A, 1 and105



6.4 Results
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6.4 Results1.8 g). In contrast, in 0 g, equivalent PA and the absence of weight led tosimilar LF (Fig. 6.2 A, 0 g). Remarkably, we found that the e�ects of directionand gravity on GF at PA (Fig 6.2 B) were broadly parallel to those for LF(4-way ANOVA, p > 0.288). Moreover, there were reliable within-conditioncorrelations between GF and LF at PA in every gravity �elds (R = 0.52 to
R = 0.66, p < 0.001).
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6.4 Resultsand LF at PA improved across parabolas during the transport phase (p < 0.05).In contrast, no reliable learning was found between GF and LF at collision(p > 0.662).Since the GF must counteract the constraints during both transport andcollision phases in the three gravitational �elds, it would be interesting toextend our analysis to other kinematic events than PA and collision.6.4.2 Microgravity dissociates transport and collision phasesFigure 6.3 presents the values of GF at di�erent epochs in the trajectory forupward and downward collisions in microgravity (left panel, 0 g), normal grav-ity (middle panel, 1 g) and hypergravity (right panel, 1.8 g). Time zero de�nesthe time of contact (TC).
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6.4 ResultsIn 1 g (Fig. 6.3, central panel), GF at hand onset (HO) was the same inboth directions (p > 0.971). At peak acceleration (PA), the directional bias dueto gravity induced a larger LF upwards compared to downwards (p < 0.001)and led to proportionally larger GF upwards (p < 0.001). Then, participantsexerted a larger GF upwards in the remaining part of the trajectory (at PV ,
TC and GFM , p < 0.001).The behaviour in 1.8 g (Fig. 6.3, right panel) was close to the behaviourin 1 g: GF was similar at HO (p > 0.999) and then remained larger upwards(GF at PA, PV , TC and GFM : p < 0.03). Note that the PA occurredearlier in upward compared to downward movements (p < 0.001) which re�ectsdi�erences in the kinematics of opposite movements.In 0 g, participants also exerted similar GF in both directions at handonset (Fig. 6.3, HO, left panel, p > 0.884). Since trajectories were symmetric,similar LF were generated in opposite movements at PA (p > 0.178) and GFwas the same in both directions (at PA, p > 0.959). Interestingly, the two GFpro�les diverged signi�cantly starting from 150 ms before TC (p < 0.05, seeenlargement in Figure 6.3). Then, the GF remained larger in upward trials (at
PV , TC and GFM : p < 0.008). It is also worth to report that as in 1.8 g,
PA occurred later with respect to movement onset for downward movements(p < 0.001).In sum, a common characteristic in the GF pro�le across the three gravi-tational �elds resides in a dramatic increase of GF prior to collision with GFsystematically larger in upward movements, even in microgravity. In addi-tion, the divergence in GF after PA between up and down movements in 0 ghighlights a dissociation between the transport and the collision phase.6.4.3 Pre-programming of grip forceA maximum in grip force (GFM ) was observed in all conditions following im-pact. We also tested whether GFM was pre-programmed by using a multiplelinear regression to determine its correlation with the grip force at contact(GFC) and �rst derivative of grip force at contact (dGFC/dt):

GFM = aGFC + 0.037b
dGFC

dt
+ c (6.6)We found that GFM was accurately predicted in all conditions by these twovariables calculated before the contact (p < 0.001). While the coe�cientsdepended on the condition (a = 0.83 to 0.89, b = 0.03 to 0.05 and c = 1.92109



6.4 Resultsto 5.05), the most signi�cant term was always proportional to GFC (partial Rranged from R = 0.83 to 0.95) and the second term contributed secondarily inEquation 6.6 (partial R ranged from 0.59 to 0.81).6.4.4 Gaze saccades onsets are time-locked to peak handaccelerationIn this section, we investigate whether the oculomotor strategy is also in�uencedby the experimental context by analysing gaze-hand coordination and durationof target �xation.Firstly, we tested how gaze and hand reaction times to the prompted tonevaried with direction and gravity. We observed increased hand reaction timesin upward collisions in 1 and 1.8 g but also in 0 g despite the absence of gravity(Fig. 6.4 A, p < 0.04). For a given direction of movement, no di�erence wasfound across 0, 1 and 1.8 g (Fig. 6.4 A, p > 0.3). In addition, since we measuredshorter gaze latencies than hand reaction times in the majority of trials, thegaze led the hand by some 80 ms on average.
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6.4 Resultsvalues of ∆G−PA mean that the gaze initiated a saccade before the hand reachedits PA. Strikingly, we observed a constant gaze lead across all conditions (Fig.6.4 B, ∆G−PA = 132.6±83.5ms, p > 0.108). Thus, the saccades were triggereda constant amount of time before the hand reached PA, despite variability inits occurrence. Moreover, further analyses reported that this time-locking didnot hold with any other kinematic characteristics in the trajectory (HO, PV ,
TC or GFM ). In conclusion, the gaze moved ahead of the hand in the majorityof conditions and saccades were time-locked to PA in all conditions.When generating high impact loads, collecting information is essential tomaintain a control on the hand-held object and is strengthened by the newgravity conditions. Thus we concentrated on target �xation as a function oftime to contact (Fig. 6.5). Participants elicited a gaze movement to the targeton average 241.1 ± 84.1 ms before the collision. In contrast, two clear e�ectscan be highlighted in the durations of �xation after contact. First, in everygravity �eld, the duration of �xation after contact in upward movements waslonger than downwards (p < 0.001). This duration increased by an equivalentamount in the three gravity levels (56 ms, p > 0.26). Second, for a given direc-tion of movement, this duration of �xation was the shortest in 1 g, comparedto 0 and 1.8 g (p < 0.05). Therefore, participants coordinated their gaze inorder to allow vision of the collision: the gaze landed on the target in advanceof the contact, and maintained �xation until after the impact occurred. In ad-dition, the duration of �xation after contact increased in the more challengingconditions, in particular, in new gravity �elds and in upward movements Inter-estingly, this duration of �xation did not decrease with repetition of the task(p > 0.05). Altogether, we showed that the oculomotor strategy was in�uencedby the experimental context.
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6.5 Discussion
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6.5 Discussiontransport and the collision components from the whole GF pro�le. We demon-strated that the two strategies diverged some 150 ms before contact (aroundpeak hand acceleration, PA). Third, the analysis of gaze-hand coordinationrevealed that the gaze generally moved ahead of the hand and that saccadeswere still time-locked to PA in all conditions, despite variability in the trajec-tories. Finally, participants adapted their oculomotor strategy to the contextby increasing the duration of �xation in the most challenging conditions.6.5.1 Microgravity highlights a switch from transport tocollision modesIn the transport phase, the tight coupling between GF and LF evidences pre-dictive control of GF as a function of LF, whatever the direction of movementand gravity level. This is in agreement with previous studies obtained in alteredgravity where participants adjusted their GF according to the LF in verticalpoint-to-point (Nowak et al., 2001) and rhythmic movements in steady grav-ity phases (Augurelle et al., 2003) and even during abrupt gravity transitions(Hermsdorfer et al., 2000). However, participants programmed the collisionphase di�erently from the transport phase as revealed by the clear dissociationbetween GF and LF which contrasted with their tight coupling during trans-port. Indeed, GF increased progressively in anticipation of the impact andreached a maximum after contact, whatever the direction of movement and thegravity environment. Further evidence for pre-programming is supported byour regression analysis which predicts GFM on the basis of GF and GF ratebefore contact (Eq. 6.6).The microgravity conditions allowed us to further investigate how the CNSprogrammed GF in the transport and the collision phases. On the one hand, inopposite movements performed in 0 g, participants exerted similar GF againstsimilar LF generated by a mass being moved at equivalent magnitude of ac-celeration. Therefore, the GF pro�le contained the same transport componentin up and down trials. On the other hand, the impacts were asymmetric up-wards and downwards (see Fig. 6.2 C, 0 g), leading to di�erent collision phases.Therefore, the divergence in GF pro�les between the two directions some 150ms before contact highlights the transition between the two phases. Indeed,since LF monotonically decreased between PA and TC in both directions (seeLF on Fig. 6.1) the increase in GF can only be explained by a change inthe strategy to anticipate the high impact loads and not by solely a transportstrategy, where GF and LF should be coupled.113



6.5 DiscussionA striking observation in altered gravity (0 and 1.8 g) is the larger collisionLF downwards. Surprisingly, our results demonstrate that participants didnot adjust GF with collision LF but exerted larger GF upwards. It could behypothesized that participants anticipated eventual symmetric impacts in bothdirections, and predictively adopted GF patterns as in 1 g. Although it can beargued that larger GF in upward collisions is a strategy to minimize a higherrisk of dropping the object (Mrotek et al., 2004), it is however questionableas to why this GF asymmetry still persists in 0 g where potential slips areequally probable in both directions. We suggest that participants did not trainenough to learn to control their actions, which is supported by conclusionsreported in similar paradigms (Papaxanthis et al., 2005). Therefore, similarexperiments are required in long term weightlessness environment to assesslong term learning of GF-LF coupling during collisions.6.5.2 A conceptual internal model of eye-hand coordina-tion during a collision taskFigure 6.6 proposes a hypothetical model to describe how the CNS coordinatesgaze, hand and GF motor actions during the transport of the object and at thecollision.First, given an estimate of gravity and an intended direction of movement(Target), a hand action is prepared together with a gaze saccade. It is wellestablished that pre-programming hand actions is completed during the reac-tion time (Dubrowski et al., 2000). We reported that hand reaction times werein�uenced by direction. A similar e�ect has already been shown in horizontalarm movements at di�erent eccentricities (Flanagan and Lolley, 2001) and alsoduring collision (White et al., submitted). However, it is unlikely that this re-�ects a neuromuscular delay due to an increased gravitational torque upward,because it persisted in 0 g and did not increase in 1.8 g, (see Fig. 6.4 A). Wetherefore suggest that these longer latencies in upward movements might be asign of preparation of a more complex motor program.Second, participants calibrated their hand and gaze actions so as to invari-ably have a constant delay of about 130 ms between the peak hand accelera-tion and gaze saccade onset, despite important variability in their occurrences.Such a strategy allows visual feedback of the hand approaching the target inthe slowing down part of the movement (Binsted et al., 2001). In addition, thisconstant time-locking across conditions strongly supports that arm and eyemovements are closely coordinated by the CNS (Nanayakkara and Shadmehr,114



6.5 Discussion2003; Saunders and Knill, 2003).Third, provided an e�erence copy of the arm motor command, a forwardmodel predicts the LF that will be generated at the �ngertips as a consequenceof kinematics. This forward model must also have access to an estimate ofgravity. Indeed, two equivalent motor commands will induce di�erent LF atthe �ngertips in, say, 1 and 1.8 g environments. A central representation ofgravity in the CNS is also supported by a recent study analysing kinematicand dynamic features of arm movements (Gentili et al., 2007). The role ofthis forward model is to predict the required GF according to the phase of themovement, i.e. transport or collision. This distinction depends on current timewith respect to the occurrence of PA. Therefore, if current time is before timeof PA, then, a reliable linear relationship can predict the required GF from LFduring transport. In contrast, after time of PA, GF could not be predictedfrom LF anymore near the collision. In sum, the CNS is able to predict whena switch between transport and collision strategies has to be operated, takinginto account the occurrence of PA, which is embedded in the e�erence copy ofthe arm motor command.Finally, feedbacks are necessary to control the movement and for learning,especially in new conditions. A classical view of reaching movements consistsof two phases: a fast initial phase that is primarily open loop, and a sloweradjustment phase under the guidance of sensory feedback (Jeannerod, 1988).Direct visual control of the hand may be of particular interest in manipula-tion tasks executed under vibration (Martin et al., 1991) that can be inducedby collisions, for instance. Indeed, high frequencies perturb tactile and pro-prioceptive information (Lackner and DiZio, 1992; Roll et al., 1989). On theone hand, visual feedback can be used to update the motor program duringthe movement since gaze lands on the target some 250 ms before the contactoccurs (Kawato, 1999; Saunders and Knill, 2003). On the other hand, longerduration of �xation after collision (especially upwards) can update the mappingbetween motor commands and their consequences in the collisions (Johanssonet al., 2001; Sailer et al., 2005; White et al., submitted). The fact that in allconditions, the duration of �xation did not decrease with trials supports theidea that the role of visual feedback is not diminished with practice. Indeed,Starkes et al. (2002) suggested that participants learn to make better use ofvisual information and use online processing to optimize movements in term ofphysical energy and stability.
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Chapter 7Conclusions and perspectivesThere are three kinds of lies: lies,damned lies, and statistics.Mark TwainThe ability humans have to perform skilled actions is the result of adaptivechanges in hands, feet, limbs and by the elaboration of the motor control systemof the brain that evolved during several millions of years (Mountcastle, 2005).For instance, observing one's hands in action reveals the adroit manipulativecapacity of the human, a skill of a di�erent order from that any monkey dis-plays. An important feature of the human hand is its muscled thumb. One ofthe most obvious manipulations is the opposition of thumb and �ngertips - pre-cision grip - which is regarded as an important structural adaptation in humanevolutionary history (Napier, 1956). The analysis of grip force is powerful: itprovides a window into the working of the human nervous system dedicated tothe control of movement. Since the control of grip force is largely anticipatory,the in�uence of movement kinematics and dynamics on this control gives anindication of what the nervous system can and cannot anticipate.7.1 Main �ndingsDuring their life, people learn to interact with their surrounding Newtonianenvironment and then calibrate their sensory motor system by experiencingcausality between movements and sensory inputs. The omnipresence of gravi-tational attraction is deeply integrated in our everyday actions.In this work, we had the unique opportunity to break the very strong link be-tween weight and inertia by modifying the gravitational attraction in parabolic117



7.1 Main �ndings�ights. We were able to test the robustness and versatility of internal modelsthat control the grip force on an hand-held object when faced with new dynamicenvironments in a variety of dexterous manipulations. Rhythmic movementsinvolve di�erent neural mechanisms than discrete movements although theirformal separation still remains unclear (Schaal et al., 2004). In the �rst threechapters we focused on GF/LF modulation in rhythmic movements as well ason more general aspects linked to e�ciency of upper limb periodic motion. Inthe last two chapters, we turned to discrete tasks.Before entering into more details, let us brie�y summarize the main contri-bution of this work. In the �rst study (Chapters 2), we investigated a generalissue related to the control of rhythmic upper limb movements in the light ofmechanical properties of oscilators. In particular, altered gravity environmentsallowed us to draw an hypothesis to explain why movements are slowed downwhen gravity decreases. In the next two experiments (Chapters 3 and 4), weanalysed GF/LF modulation when participants performed cyclic upper limbmovements with an hand-held device. We investigated how the gravitationaland inertial components of the load are treated by the internal models used topredictively control the grip force. The last two paradigms investigated howsubjects controlled GF in a discrete task that involved the transport of a masstoward a target in a normal Earth environment (Chapter 5) and then in 0 and1.8 g (Chapter 6). In this context, they had to cope with slow varying inertialforces arising from the transport of the object, and then, had to counteractthe abrupt impact forces at collision. The extension to altered gravity environ-ments allowed to shed light on the mechanisms used by the Central NervousSystem to coordinate gaze, hand and grip motor actions during a task thatinvolves transport of an object and high impact loads.Central Pattern Generators (CPG) are known to be involved in low-levelactivities like walking or chewing in humans whereas rhythmic upper limbmovements are much more controlled by higher brain centres than in othermammals (Marder, 2000). Like oscillators, CPG generate antiphase oscillationsin the electrical activity of two groups of neurons, which alternately drive apair of antagonist muscular groups, to induce periodic motion. A periodicsystem that runs at resonant frequency exchanges energy with the environmentoptimally. We provided evidence that CPG behave like a simple pendulum todrive e�ciently the rhythmic movements, except in 0 g, where a higher levelstrategy takes over. Overall, we showed in Chapter 2 that changes in gravity aretaken into account by the central nervous system to sustain e�cient rhythmic118



7.1 Main �ndingsmovements. Our hypothesis reconciles contradictory �ndings regarding theslowing of movements in microgravity (Fisk et al., 1993; Mechtcheriakov et al.,2002).The robust GF/LF coupling is described by a framework that contains bothinverse and forward models of the arm. The inverse component predicts therequired motor command to generate the intended kinematics. The forwardmodule estimates the magnitude of the LF at the �ngertips, in order to pro-gram an adequate GF (Flanagan and Wing, 1997; Kawato, 1999). Our �rststudy gave more insights into the working of these internal models. First,we showed in Chapter 3 that hand and arm motor commands are indepen-dent, a result that has recently been con�rmed (Danion, 2004; Descoins et al.,2006). Second, we provided further evidence that the forward model predict-ing the load can be adjusted to account for various physical contexts. This iscompatible with the fact that given a context, we select the most appropriateinverse-forward module (controller-predictor) (Haruno et al., 2001) followingBayesian rules (Kording and Wolpert, 2004). Third, the controller that regu-lates GF is so precise that it takes into account even the subtle asymmetriesin kinematics of vertical arm movements that are transmitted to LF. Finally,although shown qualitatively, the GF controller discriminates the source of theload (gravitational versus inertial) as reported by di�erent GF exerted againstsimilar LF but that were generated with di�erent combinations of inertial andgravitational contributions. Our second study in Chapter 4 quanti�ed theabove results in 1 g in a simple model. Current investigations exploit data inparabolic �ights to re�ne this model with real gravity as an input.Whereas rhythmic movements constitute a signi�cant proportion of our ac-tivities (e.g. handling a hammer, stirring into a pan, brushing our teeth), wealso perform many discrete movements (e.g. displace an object), or a combina-tion of the two. In addition, we interact with the close environment by inducingsmooth or straight contacts, that sometimes challenge grasp stability. In Chap-ter 5, we designed a control experiment to characterize the task in a normalgravitational environment (1 g), to investigate the control of GF during activecollisions. We identi�ed two distinct phases in its planning. On the one hand,low forces generated during the transport phase were counteracted by the GFfollowing similar rules as previously shown (Flanagan and Wing, 1993, 1995;Flanagan et al., 1993). However, during the collision phase that involved theperiod around the impact, GF was programmed to reach its maximum shortlyafter impact and was therefore not coupled to peak LF anymore. We suggestedthat the optimal adjustment of GF results from a compromise to avoid slip-119



7.1 Main �ndingspage and to damp the vibrations following impacts. This has been justi�edwith a mass-damper-spring system modelling the �nger/object interface. Inaddition, gaze behaviour was optimised to provide vision of the deceleratingobject in a target-centred reference frame and to allow visual feedback of thecollision phase, especially in the more challenging upward trials, by increasingthe �xation after contact. We concluded that participants adopted a strategyto update the correlations between motor out�ows (e�erence copies) and theirsensory consequences in order to re�ne their GF pattern in subsequent trials.In Chapter 6, we conducted the same experiment in parabolic �ights and re�nedthe dissociation between the transport and the collision phases in microgravity.In addition, the oculomotor strategy was strongly in�uenced by the directionof movement and the gravitational environment. Increased duration of gaze�xations in 0 and 1.8 g as well as longer hand reaction times in upward move-ments re�ected the di�culty to perform upper collisions in unknown gravityenvironments. Finally, we showed that the timing of peak acceleration mightplay an important role in coordinating gaze and hand movements, and in delim-iting the transition between the transport and collision modes. This stronglysuggests that the eye motor system has access to an internal representation ofthe motor command of the arm, taking into account the action of gravity. Weproposed a hypothetical model to describe how the CNS coordinates gaze, handand GF motor actions during the transport of the object and at the collision.The obtained results clari�ed how the CNS coordinates arm and gaze actionsto control GF in more natural dexterous manipulations.The overall contribution of this work is to stress the importance of gravityin the neural mechanisms that guide our actions. Despite the fact gravity isusually a constant parameter throughout our lives for most of us, it is centrallyrepresented in motor programs (Indovina et al., 2005; Papaxanthis et al., 1998).Humans learned to make the most of this force �eld when performing accurateskilled actions. In that sense, gravity is not a perturbation but takes an activepart in the optimization process that governs our movements. Finally, it isworth mentioning that our experiments in hypergravity (1.8 g) could usuallybe viewed, after some adaptation, as an extrapolated version of behaviour in1 g, by applying a gain. In contrast, microgravity (0 g) led to completely newobservations. In the �rst case, the gravitational term is still present in theexpression of the constraints. In microgravity the consequences of an accel-eration induced to an object has to be learned without the action of gravity.Therefore, structurally di�erent equations must be integrated in the nervous120



7.2 Future prospectssystem. Illustrating this assertion, the Chinese Astronaut1 reported during hisrecent visit to Brussels that when confronted with the problem of manipulatingmassive objects in a weightless environment: �You don't move the object; it isthe object that moves you�.7.2 Future prospectsFrom this point, it is tempting to suggest further experiments to address openquestions that are directly linked to this thesis in order to further understandthe strategies implemented in the CNS to perform ubiquitous manipulationactivities. Many behavioural paradigms can be imagined to address issuesrelated to the control of movement in general.7.2.1 Rhythmic movementsThe central nervous system has the capacity to sustain very robust and com-petitive rhythmic movements. The pattern of GF/LF modulation is well es-tablished in cyclic upper limb movements (Blank et al., 2001; Flanagan andWing, 1995). Therefore, this provides control conditions that can be comparedto experiments in various contexts. In addition, in demanding experimentalenvironments like parabolic �ights where each second is important, rhythmicmanipulations provide a larger quantity of data.Several improvements can be envisaged in order to re�ne how and how fasthumans integrate normal and altered gravity environments when manipulatingobjects. Beyond fundamental theoretical questions, it would be interesting tosee how astronauts can adapt their motor strategies for such tasks to novelconditions of gravity, in the perspective of lunar missions and distant Marsexploration.First, while it is clearly impossible to simulate altered gravity on the Earth,it is however possible to vary the contribution of gravity - which is alwaysvertical - along the direction of movement, by tilting the whole experimen-tal context, including the subject. In the extreme case, we can generate theinteresting condition of −1g, by positioning the volunteer upside down, a con-text that should not make them sicker than during parabolic �ights... Thisadditional condition can be used to test the model presented in Chapter 3.Manipulating objects in such a posture is unusual. Therefore, we speculatethat kinematic patterns would be very asymmetric. Would subjects integrate1A Chinese Astronaut is a called a Taikonaut.121



7.2 Future prospectsthese asymmetries in the GF pro�les, as they do in +1g? If it is not the case,how much time is needed to converge to a reliable control?Second, parabolic �ights induce stable gravity phases but also fast transitionperiods, that are predictable when the atmospheric conditions are clear. Theserapid periods were successfully exploited to validate our model in the CPGstudy (see Chapter 4). It could be interesting to focus on these transitionsto answer to speci�c questions regarding the duration of learning processes.To our knowledge, one study analysed how subjects controlled an object heldstationary, during these rapid gravitational transitions and showed that theycould anticipate the change in gravity, as measured by their GF (Hermsdorferet al., 1999). However, in that case, (1) the inertial component remained zerobecause no acceleration was induced to the object and (2) they conducted theexperiment with two subjects only.Finally, one should be aware that the applied GF on a given object is id-iosyncratic. Namely, subjects will adjust their grasp according to personalfactors but also in function of physical properties of the �ngertips and the ob-ject. Consequently, the static coe�cient of friction should not be negligiblein the model. It is not reasonable to assume di�erent functions that imple-ment internal models dedicated to the same control. Therefore, the coe�cientof friction - which does not follow Amonton's law1 - should be parameterizedin the model in a more realistic manner. Indeed, �ngers are made of com-pliant, living material. As a consequence, static friction which is at the basisof grasp stability, diverges from mechanics of rigid inert bodies (Kogut andEtsion, 2004). First, asperities, which are microscopic projections from the�average surface� play a major role in determining the coe�cient of frictionbetween materials. The pressure on an asperity may deform the contact areaplastically. Therefore, frictional resistance arises from sliding objects breakingand creating bonds through asperities. Second, decreasing the temperatureproportionally a�ects the amount of frictional force. Third, Bowden (1953)proved that Amonton's law strictly applies when there is a lower load. Thereason for this independence at lower loads is that there is less pressure for theasperities in contact to deform. A PhD thesis has been started in our lab toinvestigate those tribological2 aspects of prehension.1The coe�cient of friction is de�ned as the ratio between the magnitude of the frictionalforce and the normal force. Amonton's law states that the coe�cient of friction is independentof the normal force.2Tribology is the science of the mechanisms of friction, lubrication, and wear of interactingsurfaces that are in relative motion. 122



7.2 Future prospects7.2.2 Discrete movementsIn our collision experiments, we did not �nd evidence of any scaling of GFaccording to expected momentum or impact forces, which was quite surprisinginitially. For example, Turrell et al. (1999) found a scaling between GF and themagnitude of the produced impacts. In addition, GF peaks were synchronizedto the collision LF. In that context, subjects had more information only ahaptic feedback of the impact: they could estimate the collision by viewingthe swing of the pendulum and subsequently use this estimate to adjust theircontrol in subsequent trials. In contrast, the targets in our experiment werestationary. Therefore, participants triggered a saccade to the target so as to bewell in advance of the collision and they did not leave it until after the impactoccurred.We suggest a modi�ed paradigm to test whether the mechanical propertiesof the target alter the GF strategy, for example, by replacing the foam on thetarget by a spring with an adjustable sti�ness coe�cient. In addition, we couldtest the subject side of the system by instructing them to apply di�erent levelsof GF, quanti�ed as percentage of Maximum Voluntary Contraction (MVC)levels. The larger the GF, the sti�er the system. Would this maximum in GFstill be delayed with respect to the impact?Another interesting e�ect lay in the asymmetry in GF pro�les between up-ward and downward collisions, even in microgravity. We hypothesized thatparticipants would generate larger GF in upward movements to minimize therisk of dropping the object. We speculate that similar GF would be exertedwhen performing horizontal collisions in 1 g. This should further demonstratethat (1) gravity de�nes verticality and (2) that the internal model of normalgravity is robust to changes. Strikingly, larger GF in upward movements per-sisted in 0 g, even at the last trial. Learning movements in con�icting dynamicenvironments as during repeated exposures to 1, 1.8 and 0 g during parabolic�ights, interferes with the consolidation of previously learned models of move-ments of the same type (Krakauer et al., 1999). Regarding this second point,it would be very interesting to evaluate whether the strategy applicable inshort term 0 g eventually disappears in favour of a behaviour better suitedto the long-term weightless environment. This experiment has been proposedas part of the �Dexterous Manipulations in Microgravity� project to �y in theInternational Space Station and has been selected for a de�nition phase.The experiments we conducted in the present work led us to a major conclu-sion. All these results suggest that adaptable internal models of arm dynamics123



7.2 Future prospectsare available to a variety of motor systems, like the eye plant (Ari� et al., 2002;Nanayakkara and Shadmehr, 2003) and the grip controller. Further studies arerequired to reveal whether this re�ects broad access to a common representa-tion of arm dynamics or multiple, possibly redundant, representations withineach motor subsystem (Davidson and Wolpert, 2005). Finally, prediction mightbe at the basis for the coordination of multimodal movements.
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Appendix AExperimental equipmentA.1 ObjectivesIn this work, we was interested in multiple aspects of human motor behaviour.First, we had to design a manipulandum capable of measuring forces andtorques under each �nger during a precision grip task. Second, some exper-iments required the measurements of eye movements. Third, we wanted tointerface the whole system with a 3D position tracking system. Finally, theexperimental platform had to meet design constraints since it was mostly ded-icated to parabolic �ight experiments.In this section, we �rst cover the technical description of the equipment,from the instrumented hand-held device to the end-user software, with a spe-cial emphasis on the simplicity of usefulness. Some aeronautical details will bepresented on the particular environments induced by parabolic �ights man÷u-vres. we conclude this appendix with some suggestions for improvements ofthe set-up.A.2 Mechanical design: the manipulandumA.2.1 AbstractFine prehension is ubiquitous in everyday skilled hand manipulations. Theanticipatory nature of the control of normal grip forces exerted against tan-gential loads has been extensively used to provide insights into the working ofneural control of movements. We designed a new versatile device to measurethe three dimensional forces and torques during a broad panel of precision griptasks. The instrument measures constraints exerted independently on two gripsurfaces by the thumb and the opposing �ngers. In addition, the device can125



A.2 Mechanical design: the manipulandumbe loaded to increase the weight and/or induce torques and can be easily in-tegrated in a variety of experimental contexts. Its compactness improves itsstability during movement and allows an ergonomic manipulation for impairedpersons or children.A.2.2 IntroductionA precision grip occurs between the thumb and index �nger during precise andskilled hand manipulations. In order to lift an object aloft without translationaland/or rotational slips, the grip force (GF) applied normal to the grip surfacesmust be large enough to counteract the destabilizing tangential forces androtational torques acting on the �ngertips (Johansson and Westling, 1984).Since the control of grip force is largely anticipatory (Flanagan and Wing,1997), many behavioural paradigms can be imagined to address issues relatedto the control of movement in general.The parallel co-ordination between grip forces (GF) and load forces (LF)applied to each contact surface of an object has been initially studied by Jo-hansson and Westling (1984) during a motor task consisting in gripping, liftingand holding an object. Since then, the parallel change in GF and LF has beenestablished as a general control strategy during prehension requiring grasp sta-bility. For instance, studies reported that the GF was modulated with the�uctuations in inertial loads that arise from moving a grasped object in spaceas the object is accelerated and decelerated by the arm (Flanagan and Wing,1993; Flanagan et al., 1993). Another study showed that the GF modulatedapproximately in phase with changes in LF induced by whole body jumping(Flanagan and Tresilian, 1994). This robust coupling between GF and LFemerges from a variety of grip con�gurations, like in multidigit grips (Gaoet al., 2005) and for di�erent forms of LF including those dependent on posi-tion, velocity and acceleration (Flanagan et al., 2003; Nowak and Hermsdorfer,2004) as well as in normal or altered gravity conditions (Augurelle et al., 2003;Hermsdorfer et al., 2000).Most studies involving precision grip (i.e. not involving the whole hand)were limited to tasks in which LF where unidirectional, as in horizontal orvertical movements. However, in our daily activities, objects are often graspedsuch that multidirectional constraints are induced between the �ngers, includ-ing torques (Goodwin et al., 1998; Kinoshita et al., 1997). The objective ofthis study is to design a new versatile instrument capable of measuring thethree dimensional forces and torques under the thumb and index �nger duringa variety of manipulative tasks and experimental contexts.126



A.2 Mechanical design: the manipulandumA.2.3 MethodsA.2.3.1 Instrumented deviceThe device has a cylindrical shape of 80 mm diameter and 30 mm height (Fig.A.1 A). It is equipped with two lightweight (50 g each) force-torque sensors (Mini40 F/T sensor, ATI Industrial Automation, Garner, NC) mounted back-to-back in an aluminum frame (112 g). Each sensor measures the three orthogonalforce (Fx, Fy , Fz) and torque (Tx, Ty, Tz) components along the correspondingaxes intersecting the center of the grasp surface. The sensing ranges for Fx,
Fy and Fz are ±40, ±40 and ±120 N with a 0.02, 0.02 and 0.06 N resolution,respectively. The sensing range for Tx, Ty and Tz is ±2 Nm with a 0.001 Nmresolution. The area of each sensor is 12.5 cm2 and distant 30 mm apart. Thebasis weight of the instrument is 212 g and its centre of mass is located at themiddle of the line joining the centre of both grip surfaces. The device can beloaded with 6 semi-rings that are either made of tungsten carbide (84 g each)or of Ertalon (8 g each) for a loaded weight ranging from 260 g (with 6 Ertalonsemi-rings) to 716 g (with 6 tungsten carbide semi-rings) (Fig. A.1 A). Thesemi-rings can be placed either symmetrically, so that its center of mass is atthe center of the grasp surfaces or asymmetrically, so that the center of massis o�-centered from the center of the grasp surfaces. When the center of massis o�-centered, an adjustable torque can be applied by rotating the device atvarious angles relative to the direction of the eccentricity of the center of mass(±90o no torque, 0o maximal torque). A nylon opaque cover (22 g) gears themasses interlocking and hides the con�guration so that its appearance is alwaysvisually the same.A.2.3.2 Signal processingThe sensors are mounted back-to-back with sensor S2 rotated 22o around its
Z-axis to avoid cable congestion while minimizing distance between the twosurfaces. Since the common coordinate system is centered on S1 (Figure A.1B), the values measured by S2 are corrected according to:




cos 22◦ sin 22◦ 0 0 0 0
sin 22◦ − cos 22◦ 0 0 0 0

0 0 −1 0 0 0
0 0 0 cos 22◦ sin 22◦ 0
0 0 0 sin 22◦ − cos 22◦ 0
0 0 0 0 0 −1







Fx

Fy

Fz

Tx

Ty

Tz




(A.1)The total grip force (GF) was calculated as the average of the normal grip127



A.2 Mechanical design: the manipulandum

Figure A.1: The instrumented device. (A) Fragmented view with three tung-sten carbide (t) and three Ertalon (e) semi-rings. (B) A precision grip taskwith the nylon cover. (C) The common coordinate system used to measure theload force (LF), the normal torque Tn around the Z-axis and the coordinates(Px, Py) of the center of pressure.forces applied by the thumb and the �ngers on each transducer. The forcetangential to the grasp surface is a vector with two components:
(

Fx,S

Fy,S

) (A.2)where S denotes the sensor (S1 or S2). The total tangential force acting on thedevice is calculated as follows:
~Ft,S = (~Fx,S1 + ~Fx,S2) + (~Fy,S1 + ~Fy,S2) (A.3)Therefore, its magnitude (in N) and direction (in deg) with respect to thereference X-axis are:

LF =
∥∥∥ ~Ft,S

∥∥∥ =
√

(Fx,S1 + Fx,S2)2 + (Fy,S1 + Fy,S2)2 (A.4)
α =

180

π
arctan

(
Fy,S1 + Fy,S2

Fx,S1 + Fx,S2

) (A.5)In addition to the forces, torques can also be measured. The normal torquethat tends to rotate a sensor around its Z-axis (Tn,S) is computed as the128
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A.2 Mechanical design: the manipulandumdi�erence between the torque measured around the Z-axis (Tz,S) and the torquedue to an o�-centered grip, if any:
Tn,S = Tz,S − (Fy,SPx,S − Fx,SPy,S) (A.6)where (Px,S , Py,S)T are the coordinates of the center of pressure on each graspsurface, and are computed as:

(
Px,S

Py,S

)
=

(
−Ty,S

Fz,S

Tx,S

Fz,S

) (A.7)The total normal torque (Tn) is calculated as the average of the normaltorques applied to each sensor.A.2.3.3 Data acquisitionThe signals from both sensors are synchronized and digitized in a PXI-chassis(National Instruments c©, Austin, TX). The controller is an AMD 333 MHzembedded processor that samples the signals at up to 1 kHz after an analoglow pass second order Bessel �lter at 235 Hz. The signals are then digitallylow-pass �ltered using a zero-phase digital �lter (autoregressive, forward andbackward �lter, cuto� frequency: 15 Hz).A.2.3.4 Experimental procedureThe new device has been tested in a grip-lift task comparable to those inprevious studies (see for example Johansson and Westling (1984)). An informedvolunteer (male, 26 years old) was asked to grip the device, lift it 5 cm verticallyo� a table, hold it still in the air for 3 seconds, and then replace the objecton the table. The procedure was repeated in two loading conditions: withor without generated torque. In both conditions, 3 semi-rings in tungstencarbide (heavy) and 3 in Ertalon (light) were inserted in the body, leading toan equivalent mass of 510 g. In the symmetric load condition (Torque = 0N.mm), the heaviest rings �lled the lower half-body, so that the center of massof the object and the point of application of GF were aligned with vertical. Theasymmetric condition was obtained by rotating the symmetric con�guration by
90o (Torque = 23 N.mm). The participant was asked to apply a spontaneousGF during the task.A force is de�ned by its magnitude and direction but it is often useful toidentify its point of application, commonly called the center of pressure, forexample to investigate whether a slip occurs. Therefore in order to validate129



A.2 Mechanical design: the manipulandumEquation A.7, we repeated the following procedure for each sensor. We appliedcontinuous forces with a sharp pen along four equivalently spaced diameters(45o per section) of the circular area of the transducer, from one edge to theopposing edge. The diameters were grooved on brass surfaces covering thesensors.

Figure A.2: Typical traces of one grip lift trial in the symmetric (left panel)and asymmetric loading conditions (right panel, Tn = −20.7 ± 1.11 N.mm).Are presented as a function of time: the projection of the load force on the
X-axis (A) and the Y -axis (B), the load force magnitude (C) and direction(D), the normal torque (E) and the grip force (F).130
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A.2 Mechanical design: the manipulandumA.2.4 ResultsTwo typical traces of �ngertip forces and torques are presented in Figure A.2,either with a symmetric load (left panel) or with an asymmetric load generat-ing a torque of -20.7 ± 1.11 N.mm around the Z-axis (right panel). In bothconditions, the mass of the device is equal to 510 g (weight of 5 N). The totaltangential force (LF) is primarily due to its vertical component (Fy) becauseits horizontal component (Fx) was close to zero throughout the lift. Lift-o� oc-curs when Fy reaches the device's weight (Fig. A.2, vertical dashed lines). Thedirection of the tangential force vector (a) is equal to 270o after lift. While theLF are the same in both conditions, a large torque tends to rotate the objectabout the Z-axis in the asymmetric load condition (right panel). Consequently,the GF increases in order to prevent a rotational slip.

Figure A.3: Reconstructed center of pressure of a contacting force applied alongfour equivalently spaced diameters on the transducer's plate (circle).Figure A.3 depicts the center of pressure in the 2D space of one sensor,calculated according to Equations A.6 and A.7. The reconstructed point ofapplication of the force followed very closely the exact diameter (R2 > 0.92,
SEM < 0.8 mm). In addition, it is worth to note that the procedure tocompute the center of pressure is insensitive to an arbitrary pro�le of constraintapplied on the transducer. 131
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A.2 Mechanical design: the manipulandumA.2.5 Discussion and conclusionA new device has been developed for the measurement of 3D forces and torquesto study the dynamics of precision grip. It also avoids to make assumptionsabout the direction of the load as required when using devices measuring forcesalong a single axis. The holes manufactured in its circumference allow aneasy integration to external equipment, like robots or motors. This versatileinstrument has already provided valuable results in parabolic �ights (Whiteet al., 2005), in a TMS study (Davare et al., 2006) and in weight-droppingtasks.
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A.3 ImplementationA.3 ImplementationThe electronic devices and the software implemented to control the acquisitionprocess are detailed in the two following sections.A.3.1 HardwareIn order to be as �exible as possible, we used standard products from NationalInstruments (Austin, TX). The acquisition system was organized on a hard-ware kernel (PXI-8150B) with an AMD 333 MHz embedded controller runningWindows98 OS. Three additional data acquisition (DAQ) boards were pluggedinside the chassis:1. a PXI-6071E DAQ board with 64 single ended analog input channels and2 single ended analog output channels,2. a PXI-6533 high speed digital I/O DAQ board and3. a PXI-8210 ethernet/SCSI adapter.Simultaneous two dimensional (horizontal and vertical) recordings of bothright and left eyes were made with the Chronos head mounted video-based eyetracker (CHRONOS VISION GmbH, Berlin, Germany). This standalone sys-tem can be triggered with a TTL low gate signal. A second video-based device( OptoTrak 3020 system, Northern Digital, Ontario, Canada) tracked in spaceinfrared-light-emitting diodes (IREDs) that can be positioned on points of in-terest. This system is fed in by a clock signal to ensure synchronization. Anyother custom measurements can be performed by plugging other devices on afree analog input channel on the PXI-6071E board. The two above synchro-nization signals (Chronos and OptoTrak) are delivered by digital outputs of thePXI-6533 DAQ. Alongside providing network access, the third one ( PXI-8210)was dedicated to real-time communication with the OptoTrak system (systeminitialization and data download among others). Figure A.4 depicts the threemain parts of the platform: the PXI controller, the Chronos and the OptoTraksystems.A substantial development (hardware and software) was necessary to ac-quire data from the sensors (Mini 40 F/T transducers, ATI Industrial Au-tomation, NC). Indeed, these were delivered with 2 standalone controllers (oneper sensor), connected to a standard PC through RS-232 interface. Anotheralternative consisted in using ATI ISA boards plugged into (older) PC whichprovided signals in physical units in a proprietary software. However, on the133



A.3 Implementation
ATI transducers

Chronos
eye tracking system

OptoTrak positioning system

PXI-1000B

Figure A.4: The PXI-1000B chassis contains 3 DAQ boards controlling theacquisition from the force sensors, the Chronos and the OptoTrak devices.
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A.3 Implementationone hand, sampling frequencies were too low to meet our needs. On the otherhand, our concern was to maximize integration by piloting all the process withonly one system. Therefore, we decided to program the sensors outputs withthe NI materials, bypassing ATI software and a part of electronic circuitry.Figure A.5 sketches the logics to command the sensor's outputs.
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A.3 Implementationhighly reliable and user friendly. It has been tested following �white boxes� pro-cedures and speci�ed with �ow charts. On the other hand, the software had tobe used by experimenters involved in various experimental contexts. Flexibilityand rapid adaptation without modi�cations of the code were important.When we execute Microgravity, we get a splash screen o�ering 5 GraphicUser Interfaces (GUI) modules, from the lowest level (hardware) to the highestlevel (logical):1. Con�guration: Front end panels re�ecting the underlying hardware.This module allows experimenters to con�gure hardware connections (volt-age range, sampling frequency, etc) on arbitrary chosen analog inputchannels of the boards. The con�guration is done only once per experi-ment and can be saved in an ini �le.2. Acquisition: De�nition of the experimental protocol and data recording.A protocol ini �le contains subjects information and duration of eachtrial among other details. The acquisition also initializes the OptoTrakthrough an integrated API and DLL. Importantly, the experimenter hasthe possibility to monitor arbitrary signals to check the system. Eachtrial is triggered by a push on a START button. This event, in turn,starts acquiring data following the loaded con�guration �le, triggers othersystems (Chronos and OptoTrak), displays a countdown. When the timehas elapsed, all the data are transparently saved in a �le indexed by thetrial number. An abortion is possible at any time if something wronghappens.3. View: Visualization of raw traces. This module allows a quick qualitycheck on the data. It is possible to dispatch any signal on 1, 2 or 3stripcharts. Working cursors and zooming tools are available. An au-tomatic preprocessing of the data (software �ltering, rotating one of thetwo transducers (see A.2.3.1) can optionally be launched before saving apart or the whole traces in another �le for analysis or simply in ASCII�le.4. Analysis: A deep introspection of the traces can be achieved here.Among other possibilities, this module allows to dispatch signals in phys-ical units on up to 6 charts on both vertical axes (see Figure A.6), changethe scales, X-Y plot any signal, compute cross-correlations or FFT, etc.Obviously, it is also possible to export all or a subset of the data (possibly136



A.3 Implementationdownsampled) to ASCII text �les for further analysis in other softwareslike Matlab.5. Options: Allows customization of all paths for data and ini �les as wellas color of traces.

Figure A.6: Analysis module of Microgravity with in a working session.The module n (≤ 5) needs information from module(s) < n. Hence, as aprecondition, at least one ini �le created by each of the lower modules mustexist in order to run the current one. A default ini �le per module can bespeci�ed to be automatically loaded on start of the program. These ini �leshave a clear structure and can easily be edited.As introduced in the hardware section (A.3.1), a substantial work was tocontrol the acquisition of the two ATI transducers. Figure A.7 depicts theprocedure based on a stimulus-response cycle as follows. I had to output atexactly the same time 2 bias output voltages +V1 and +V2 (one per sensor)and one code of 6 bits (3 bits per sensor). Then, the software had to read theresponse of each sensor. However, two problems arose:1. We needed to synchronize 2 boards. The �rst one ( PXI-6071E) per-formed analog output while the second one ( PXI-6533) delivered thedigital code with hard real time constraints.137
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A.3 Implementation2. The software could not read the two inputs exactly at the same momentthe code and bias voltages were provided. Indeed, any electronic systemneeds a minimum delay to stabilize its circuitry. The reading processcould only start after that transient phase.The following solutions were implemented to solve each of these problems.1. Synchronization of 2 boards in a PXI chassis was done by sharing acontrol signal on the real time backpane bus ( RTSI lines) by con�guringthe circuitry.2. A counter (GPCTR0) was started exactly at the time the code and thebias voltages were sent. After a programmed delay (50 ns resolution -20 MHz onboard clock source), the counter generated a single pulse usedas a read signal. By programming the delay, one can thus bypass thetransitory zone, measured with an oscilloscope.
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A.3 Implementation2. This pulse is received from the RTSI0 at the gate of GPCTR0 and, si-multaneously, at the �Out Update� clock.3. The counter starts counting 1000 pulses of 50 ns each from its internalsource (50 µs).4. At the same time, 2 bias voltages are sent.5. When the counter reaches the programmed delay, it emits a single pulseon RTSI1.6. The �In Convert� then initiates an A/D conversion of 2 analog values.The next cycle (to read Fy) starts with the next REQ pulse. Therefore, toacquire logical (forces and torques) signals at 1000 Hz, one physical channel ismutiplexed between 7 signals (3 forces, 3 torques and 1 measure of tempera-ture). Consequently, real sampling frequency is seven times larger (7 kHz).
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A.3 ImplementationA.3.3 Parabolic �ights logistics and mechanicsA.3.3.1 Campaign organizationIn addition to drop towers, sounding rockets, recoverable satellites and cap-sules, space shuttles, and space stations, parabolic �ight has become a full-�edged means of accessing microgravity. Parabolic �ight was �rst introducedfor astronaut training; but today it is mainly used for testing of space technol-ogy and for short duration scienti�c experiments. Moreover, it also provideshypergravity periods that can be exploited in physical and life science studies.Such �ights are conducted on the specially-con�gured aircraft A300 ZeroGand o�er a period of up to 20 seconds of weightlessness. The aircraft is aprototype #3 of Airbus A300. Its �rst �ight occurred in 1973 but it has fewhours of mission. In fact, it is still a relatively young aircraft. It has alwaysbeen used for test �ights, never for transport. Structural transformations havebeen carried out to complain with parabolic �ights: a structural follow-up ofcritical parts is ensured by strain gauges, hydraulic bells allows circulation ofoil in 0 g phases and cabin has been accommodated for experiments.A �ight campaign originates in Bordeaux (Mérignac airport) and normallyconsists of three individual �ights with 31 parabolas �own on each �ight. Oneach parabola, there is a period of increased gravity (1.8 g) which lasts for 20seconds immediately prior to and following the 20-second period of reducedgravity (see Fig. A.8).The French company Novespace is contracted by ESA to provide the cam-paign logistics and supervision of the experiment technical preparation. TheCentre d'Essais en Vol (CEV) provides all of the in-�ight support and �ightpersonnel. The aircraft technical support is provided by the Bordeaux-basedSogerma company.A typical ESA campaign is normally scheduled for a period of two weeks,with the �rst week dedicated to experiment receipt, followed by installation,test and calibration within the aircraft. The second week is assigned to theparabolic �ights themselves. At the start of the second week (on a Monday), at-tendance at a medical and safety brie�ng is mandatory by all persons planningto �y. Three �ights of 31 parabolas are nominally scheduled for the Tuesday,Wednesday and Thursday mornings, with a �ight duration of approximatelytwo-and-a-half hours. In the case of inclement weather or technical problemwith the aircraft, a �ight is delayed to the afternoon of the same day or morningof the next day. The Friday of the second week is reserved as a back-up �ightday. 140



A.3 ImplementationA.3.3.2 Parabolic �ight man÷vreFrom a steady horizontal �ight, the aircraft gradually pulls up its nose andstarts climbing at an angle of approximately 45 degrees (Fig. A.8). This�injection� phase lasts for about 20 seconds, during which the aircraft experi-ences an acceleration of around 1.8 times the gravity level at the surface of theEarth. The engine thrust is then reduced to the minimum required to com-pensate for air-drag, and the aircraft then follows a free-fall ballistic trajectory(a parabola) lasting approximately 20 seconds, during which weightlessness isachieved. At the end of this period, the aircraft must pull out of the parabolicarc, a man÷uvre which gives rise to another (noisier) 20-second period of 1.8g on the aircraft, after which it returns to normal level �ight attitude.

Figure A.8: A single parabolic �ight pro�le in function of time. Gravity is onthe left axis and altitude is on the right axis.According to the free-fall state de�nition (see 1.5), various �ight parametersmust be controlled by two �ight engineers in order to have only the weightas resultant force. During the microgravity period, 4 forces are continuouslymonitored. On the one hand, the weight (W ) and the thrust (T , produced bythe engine) depend on the aircraft:
W = mg (A.8)
T = ma (A.9)On the other hand, the drag (D, resistant force parallel to the relative wind)and the lift (L, perpendicular to the relative wind) are 2 aerodynamical forces:141
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A.3 Implementation
D = ρ

v2

2
ACD(α) (A.10)

L = ρ
v2

2
ACL(α) (A.11)where ρ is the air density, v is the true airspeed, A is the relevant area (typicallytaken to be the wing area) and CD and CL are the lift and drag coe�cients,respectively. These two parameters are mainly function of α, the angle ofattack of the wing, and are remarkably insensitive to physical parameters liketemperature. Figure A.9 contrasts a horizontal 1 g-�ight with a 0 g-portion of�ight.In 1 g, since the velocity of the plane is considered constant, we have:

~W + ~T + ~L + ~D = ~0 (A.12)In a 0 g-�ight, the aircraft is controlled so that the resulting force is equalto the weight:
~T + ~L + ~D = ~0 (A.13)These pro�les are �own repeatedly, with a period of 3 minutes betweenthe start of two consecutive parabolas (a 1-minute parabolic phase resultingfrom 20 seconds at 1.8 g + 20 seconds of weightlessness + 20 seconds at 1.8 g),followed by a 2-minute �rest� period in 1 g. Throughout the �ight, all personnelare kept continuously informed of the campaign status (countdown to the nextparabola, number of minutes of rest period, etc.).
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A.4 Future improvementsA.4 Future improvementsSince the beginning of its service in 2000, our experimental setup �ew 8 parabolic�ight campaigns which represents around 750 parabolas or 4 hours 30 minutesof microgravity and was transported on 16000 km. Our setup had a hard lifethese last �ve years. Electronic systems and particularly embedded systemstechnologies evolve rapidly. Therefore, it is often a better strategy to createa new device, taking into account past experience rather than updating thecurrent one.Several improvements can be made on the current system. First, the ma-nipulandum should be further miniaturized in order to ease manipulation bychildren and especially children who have motor de�cits. Second, closed-loopprotocols should be envisaged. More and more interesting paradigms addressthe study of human behaviour but adapting the task in function of an onlineevent. A real-time operating system (QNX or real time Linux kernel (Lillicrapand Katerine, 2004)) could be more reliable than a general purpose one. Theavailability of the DAQ drivers reduce the choice of OS.As we mentioned in the conclusion of this work, some of these improvementsare currently implemented in a new prototype that already �own in a recentparabolic �ight campaign to qualify for �ight in the International Space Station(ISS).
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Appendix BA model of the upper limbIn this appendix, we show that more complex versions of periodic systems,namely double compound pendulums and spherical pendulums, present thesame variations in function of gravity as the model presented in Chapter 3.First we create a model of the upper arm and forearm with a double compoundpendulum. Then, the assumption to con�ne motion in a plane will be raised byapproaching the trajectory performed by our subjects with a mono-segmentalspherical pendulum. The system of di�erential equations will be derived andresolved in both cases. The normal mode of the system will be calculated asa function of gravity. We expect that the principal frequency increases withgravity, as is re�ected in our data, in both models.B.1 Problem statementThe following �gure describes how the upper limb is modeled. Two rods as-sumed cylindrical (upper arm with mass mu and length Lu ; lower arm withmass ml and length Ll) are free to move in the X, Y plane around two joints(shoulder and elbow). The centers of mass of each rod are positioned at ru and
rl from the nearest joint and are not centred in the limb. The two unknowsare the angular displacements qu(t) and ql(t).B.2 Resolution with Lagrange's equationsThe problem will be resolved in the framework of Lagrangian dynamics. Thisformalism reduces to Newton's law and treats problems from rather generalviewpoints. The Lagrangian is given by:145



B.2 Resolution with Lagrange's equations

Upper arm
L , mU U

X

Y

Lower arm
L , mL Lq (t)L

q (t)U

r (t)U

r (t)L

Figure B.1: A double compound pendulum model of the upper limb. Lengths,masses and positions of the center of mass of the segments are denoted by
Li,Mi and ri and angular displacements with respect to Y are given by qU (t).The index i denotes the upper (U) or lower (L) segment.
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B.2 Resolution with Lagrange's equations
d

dt

(
∂T

∂q̇)− ∂T

∂q = Qf (B.1)where q is a generalized coordinate, Q is the generalized force, and T is thekinetic energy. Bold values denote vectors. In the following developments, theindices u and l refer to the upper and lower limbs respectively.B.2.1 KinematicsThe position vector of the center of the mass of the upper and lower limbs are:ru = xu x̂+ yu ŷ (B.2)ru = ru sin qu x̂+ ru cos qu ŷ (B.3)where xu, uu are the coordinates of the upper center of mass. Similarly for thelower link, we have:rl = xl x̂+ yl ŷ (B.4)rl = Lu + rl sin ql x̂+ rl cos ql ŷ (B.5)rl = (Lu sin qu + rl sin ql) x̂+ (Lu cos qu + rl cos ql) ŷ (B.6)By simple derivation with respect to time, we get the velocities:vu = ruq̇u cos qu x̂− ruq̇u sin qu ŷ (B.7)vl = (Luq̇u cos qu + rlq̇l cos ql) x̂− (Luq̇u sin qu + rlq̇l sin ql) ŷ (B.8)These velocities will be used to compute the kinetic energies in the Lagrangian.B.2.2 DynamicsIn this section, we mainly focus on the procedure to follow in order to get themoments of inertia of the system which is a necessary step to compute thekinetic energy involved in the Lagrangian. The forces due to gravity are alsodescribed.
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B.2 Resolution with Lagrange's equationsB.2.2.1 Forces due to gravityIn this system, only the gravitational force is constraining the movement. It isacting on both links following:Gu = muσg ŷ (B.9)Gl = mlσg ŷ (B.10)The parameter σ will be used to vary the gravity arbitrarily in order to testthe model and to confront its prediction with our read data.B.2.2.2 Moments of inertiaWe consider the two links as cylinders with known dimensions (radius R, length
L and mass m) and position of centers of mass (r). However, the inertialbehaviour of the links are quite di�erent since the lower arm is assumed torotate about the shoulder (at the extremity of the cylinder) while the upperlimb is allowed to rotate about its centre of mass.By de�nition, the inertia of a body with density ρ and total mass M is:

I =

∫ M

0

r2dm (B.11)Since M = ρdV ,
I = ρ

∫

x

∫

y

∫

z

r2dV (B.12)Let us consider �rst the lower link which rotates about an axis parallel to the
z-axis (see Fig. B.1) passing through its center of mass CM). By symmetry,the integration of the whole cylinder is eight times the inertia of the volumeshown on the Figure B.2:The bounds of the above integrals (Eq. B.12) are explained in the followingexpression:

I = 8ρ

∫ L
2

x=0

∫ R

y=0

∫ √
R2

−y2

z=0

(x2 + y2) dx dy dz (B.13)After some manipulations, we get the inertia of the lower limb around the
z-axis: 148



B.2 Resolution with Lagrange's equations
x

y

z

R

L /2

CMFigure B.2: Domain of integration to get the inertia of a cylinder
Il =

mlL
2
l

12
+

mlR
2
l

4
(B.14)However, for the upper limb, we assumed that it turns about the shoulderjoint. The parallel axis theorem states the following property. Let I be themoment of inertia about axis AB and Ic be the moment of inertia about anaxis parallel to AB and passing through the center of mass. Then, if ru is thedistance between the center of mass and AB, we have I = Ic +Mr2

u. From theapplication of this theorem, it follows:
Iu = Iu,Cu

+ Iu,A (B.15)
Iu =

muL2
u

12
+

muR2
u

4
+ Iu,A (B.16)Since Iu,A = mur2

u:
Iu =

muL2
u

12
+

muR2
u

4
+ mur2

u (B.17)The term dependent on the radius R of the cylinder in (B.16) and (B.17)is very small compared to the others.B.2.3 Kinetic energyTo evaluate the Lagrange's equations, the kinetic energy for both links has tobe calculated. The upper link is only in rotational motion. Hence:
Tu =

Iuq̇2
u

2
(B.18)149

./Appendix2/inertia.eps


B.2 Resolution with Lagrange's equationsThe kinetic energy of the lower link is due to the translation and rotationand can be expressed as:
Tl =

Ilq̇
2
l

2
+

ml~v
2
l

2
(B.19)

Tl =
Ilq̇

2
l

2
+

ml

2

(
Lu2q̇2

u + r2

l q̇2

l + 2Lurlq̇uq̇2

l cos(ql − qu)
) (B.20)The total kinetic energy of the system writes:

T = Tu + Tl (B.21)B.2.4 Lagrangian formulationIn this section, we combine all the above developments to formulate the twoLagrange's equations that lead to the equations of motion.B.2.4.1 Left hand side: kinetic energyThe left hand sides of Lagrange's equations for the upper limb are:
∂T

∂q̇u
= Iuq̇u + mlL

2

uq̇u + mlLurlq̇l cos(ql − qu)

d

dt

(
∂T

∂q̇u

)
= Iuq̈u + mlL

2

uq̈u + mlLurlq̈l cos(ql − qu) −

mlLurlq̇l(q̇l − q̇u) sin(ql − qu) (B.22)Similarly, for the angular displacement of the lower link:
∂T

∂q̇l
= Ilq̇l + mlr

2

l q̇l + mlLurlq̇u cos(ql − qu)

d

dt

(
∂T

∂q̇l

)
= Ilq̈l + mlr

2

l q̈l + mlLurlq̈u cos(ql − qu) −

mlLurlq̇u(q̇l − q̇u) sin(ql − qu) (B.23)The partial derivatives with respect to angular displacements are easily com-puted from above:
∂T

∂qu
= mlLurlq̇lq̇u sin(ql − qu) (B.24)

∂T

∂ql
= −mlLurlq̇lq̇u sin(ql − qu) (B.25)150



B.3 The equations of motionB.2.4.2 Right hand side: generalized forcesUp to now, we only took into account the gravitational forces. Their expressionswere given in Section B.2.2.1. The generalized forces associated to q are:Q = ~Fcu

∂~rcu

∂q + ~Fcl

∂~rcl

∂q (B.26)The evaluation of (B.26) both for qu and ql yields the two generalized forces
Qu and Ql:

Qu = σg(muru − mlLu) sin qu (B.27)
Ql = −σgmlrl sin ql (B.28)In the two above expressions, g = 9.81 ms−2 and σ ∈ [0; 2] is a parameterused to vary gravity.B.3 The equations of motionIf we integrate all the previous steps, the Lagrange's equations lead directly tothe equations of motion:

(
Iu + mlL

2

u

)
q̈u + mlLurlq̈l cos(ql − qu)−

mlLurlq̇
2

l sin(ql − qu) + σg sin qu (mlLu − muru) = 0 (B.29)
(
Il + mlr

2

l

)
q̈l + mlLurlq̈u cos(ql − qu)+

mlLurlq̇
2

u sin(ql − qu) + σgmlrl sin ql = 0 (B.30)It is worth to note that if we simplify the model assumptions by consideringtwo identical links, well established equations in the simpli�ed case are found.B.4 Finding the normal modesB.4.1 Assumption of small oscillationsIn the following, we �nd the normal modes under assumptions of small oscil-lations. More precisely, sin θ ≈ θ, cos θ ≈ 1. Moreover, the second order terms151



B.4 Finding the normal modesare neglected θ̇2θ ≈ 0. Applying these simpli�cations, (B.29) and (B.30) reduceto:
(
Iu + mlL

2

u

)
q̈u + mlLurlq̈l +σg (mlLu − muru) qu = 0 (B.31)

(
Il + mlr

2

l

)
q̈l + mlLurlq̈u +σgmlrlql = 0 (B.32)Let qu(t) = Au cosωt and ql(t) = Al cosωt. Since the angular variablesappear in the above equations only on even order of derivation, the time de-pendence can be canceled. Hence, it follows a system of two equations wherethe amplitudes Au and Al are the unknown, for a �xed ω:

[(
Iu + mlL

2
u

)
+ σg (muru − mlLu)

]
Au+ ω2mlLurl Al = 0

ω2mlLurl Au+
[(

Il + mlr
2

l

)
ω2 − σgmlrl

]
Al = 0In order to avoid the trivial solution Au = Al = 0, we must ensure that thedeterminant of the following (symmetric) matrix be equal to 0:

det

∣∣∣∣
Iuω2 + mlL

2
uω2 + σg (muru − mlLu) ω2mlLurl

ω2mlLurl Ilω
2 + mlr

2

l ω2 + −σgmlrl

∣∣∣∣ = 0This leads to a bisquarred equation in ω:
[(

Iu + mlL
2
u

) (
Il + mlr

2

l

)
− m2

l L
2
ur2

l

]
ω4 +[

σg (muru − mlLu)
(
Il + mlr

2
l

)
− σgmlrl

(
Iu + mlL

2
u

)]
ω2 −

σ2g2mlrl (muru − mlLu) = 0If we denote the coe�cients by a, b and c, we get:
aω4 + bω2 + c = 0 (B.33)Since ω = 2π

T , the normal modes follow directly:
T = 2π

√
2a

−b ±
√

b2 − 4ac
(B.34)The evolution of the principal mode in function of gravity is shown on FigureB.3. Note that values of the period rise toward in�nity when g decreases to

0ms−2. 152



B.5 Resolution of the equations
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Gravity [g]Figure B.3: Natural frequency of the upper limb in function of gravity underassumption of small oscillationsB.5 Resolution of the equationsIn order to solve the equations of motion (B.29 and B.30), we have to reducethe system to a �rst-order set of equations, following the form:
ẋ = f(x, t) (B.35)B.5.1 Reduction of the systemLet de�ne the following auxiliary variables:

x1 = qu yl = ql

x2 = q̇u y2 = q̇lBy plugging the above de�nitions in the equations of motion, we can isolate�rst-derivative in the left-hand side:




(
Iu + mlL

2
u

)
ẋ2 + mlLurlẏ2 cos(y1 − x1) = mlLurly

2
2 sin(y1 − x1)−

σg (mlLu − muru) sinx1(
Il + mlr

2
l

)
ẏ2 + mlLurlẋ2 cos(y1 − x1) = −mlLurlx

2
2 sin(y1 − x1)

−σgmlrl sin y1153
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B.5 Resolution of the equationsDe�ning the right-hand side of the above expression by f(x1, y1, x2, y2), andadapting matrix formalism, we can write:
( (

Iu + mlL
2
u

)
mlLurl cos(y1 − x1)

mlLurl cos(y1 − x1)
(
Il + mlr

2

l

)
)(

ẋ2

ẏ2

)
= f(x1, y1, x2, y2)Therefore, we meet the requirements for the equation of motion to be solvedin Matlab (ode45 function, since the problem is non sti�):

(
ẋ2

ẏ2

)
=

( (
Iu + mlL

2
u

)
mlLurl cos(y1 − x1)

mlLurl cos(y1 − x1)
(
Il + mlr

2

l

)
)

−1

f(x1, y1, x2, y2)The two other variables follow from de�nition:
(

ẋ1

ẏ1

)
=

(
x2

y2

)B.5.2 SimulationsIn this section, we present some numerical simulations of our double compoundpendulum model. On the �gure below, we depict the evolution of qu and qlover time for the following initial conditions:



qu

ql

q̇u

q̇l


 =




π/8
π/5
0
0


The two links are initially displaced to the right at di�erent swing angles.Then the system is let free to oscillate. Since there is no damping, the am-plitudes of oscillations remain constant over time. Note that although thebehaviours of both links are periodic, the lower one adopts a more complicatedpattern. We were interested to see how gravity in�uences the natural frequencyof the system for a given initial condition. Therefore, we resolved the equationsof motion for a range of gravity parameterized by σ. The range covered 0.1 gto 3 g. The period reaches in�nity in microgravity. In order to calculate theperiod, we applied a FFT over the upper link signal. At this point, we see thatthe assumptions of small oscillations (red trace) is a good approximation of thereal system (blue dots) and that this model reproduces the trend we observedin our data. 154



B.5 Resolution of the equations
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Figure B.4: Simulation of the double compound pendulum during 10 seconds.The upper panel presents a 2D diagram of the system. The two panels belowshow the positions and velocities for the upper (UL) and lower (LL) links,respectively. Positions are depicted in dark blue and red. Velocities are plottedin light blue and magenta.
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B.6 The spherical pendulum
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Figure B.5: Period and natural frequency in function of gravity. Assumption ofsmall oscillations in red. Unsimpli�ed system with blue dots. The dash-dottedcurve shows the frequency.B.6 The spherical pendulumIn this section, we modeled the upper limb with a spherical pendulum underthe action of gravity (g) in order to approach the real system more closely.Because its motion takes place on a sphere, we used spherical coordinates toderive the equations of motion (Fig. B.6). The dynamics of motion can bedescribed by the Lagrangian L = T − V where T and V represent the kineticand potential energies respectively. Kinetic energy is always given by:
T =

1

2
mv2 (B.36)with v = ẋ+ ẏ + ż. Assuming the system reaches a maximum potential energywhen θ = 0 and a minimum potential energy when θ = π, then:

V = mgz = mgl cos θ (B.37)The Lagrangian is then given by: 156
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B.6 The spherical pendulum
L =

1

2

[
(lθ̇)2 + (lφ̇ sin θ)2

]
− mgl cos θ (B.38)The angular momentum pθ and pφ of the pendulum with respect to θ and

φ are introduced using the Lagrangian:
pθ = ∂L

∂θ̇
= ml2θ̇

pφ = ∂L
∂φ̇

= ml2φ̇ sin2 θConservative systems can be modeled using Hamilton's equations: −∂pi

∂t =
∂H
∂qi

and ∂qi

∂t = ∂H
∂pi

, where pi and qi are the canonical conjugates state variables,and the Hamiltonian H = T +V = const. After substitution of the momentumsinto the Lagrangian, we obtain the Hamiltonian:
H =

1

2m

[
p2

θ

l2
+

p2
φ

l2 sin2 θ

] (B.39)In our problem, we have q1 = θ, q2 = φ, p1 = pθ and p2 = pφ. Applyingthese conditions, we derive the equations of motion of an undamped free spher-ical pendulum:
θ̇ = pθ

ml2

ṗθ =
cos θp2

φ

ml2 sin3 θ
+ mgl sin θ

φ̇ = pθ

ml2 sin2 θ
ṗφ = 0In practice, the pendulum is recalled to its rest position (collinear withthe Y -axis) by either passive (muscular sti�ness) or active (muscular force)mechanisms. Therefore, we implemented restoring torques around the X-axis(θ) and Z-axis (φ) proportional to angular displacements. We solved the systemnumerically using a Predictor-Corrector method with Runge-Kutta of orderfour as the predictor (MATLAB, Mathworks Inc.).
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B.6 The spherical pendulum
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