233. DISCRETE LIMIT CYCLE CONTROLThis chapter describes our basic control approach and its application to the generation of bipedalwalking motions. Section 3.1 begins by describing the notion of limit cycles, on which ourcontrol formulation is based. Next, Section 3.2 presents the overall control strategy and developsa discrete system model to be used with a number of user-specified control elements to stabilizeperiodic open-loop motions. Section 3.3 discusses the application of this control system tobipedal walking. The underlying open-loop control, which serves as the basis for a desired gait,is discussed in Section 3.4. Sections 3.5 and 3.6 then go on to describe various possibleobserved and controlled variables for walking. Section 3.7 provides details on the application ofthe control elements introduced in earlier sections to the generation of balanced walks. Finally,minor variations on the basic control which are of particular use in improving the aesthetics of thehuman model�s motion are described in Section 3.8. While the basic formulation is applied tobipedal walking, it is not inherently tied to any particular model or motion and could potentially beapplied to the generation of limit cycles in other types of animated figures. Some of the terms wedefine in this and subsequent chapters have different meanings in the context of control systemtheory. While we make efforts to avoid such conflicts, we have chosen to sometimes givepreference to the colloquial usage of terms. Our relaxed definition of a limit cycle is one exampleof such usage.3.1 Limit CyclesOne common characteristic of many non-linear dynamical systems is the existence of system-widelimit cycles. Alimit cycle is a periodic, cyclic trajectory through the state-space of a system.Strictly speaking, a limit cycle involves the full state of the system. However, within the contextof this thesis we will use a relaxed definition in which only part of the full system state must cycle

24periodically. This definition is one of convinience since it allows periodic locomotion such aswalking or running to be discussed in terms limit cycles.

state spaceperturbation state spaceperturbation(a)(b)Figure 3.1 - Passive Limit Cycle Stability(a) Passively stable(b) Passively unstableLimit cycles may be stable or unstable. A stable limit cycle is one in which slight perturbations tothe state-space trajectory are driven back into the limit cycle as indicated in Figure 3.1 (a). Anunstable limit cycle is one in which slight perturbations to the trajectory result in the systemdeviating further from the limit cycle as shown in Figure 3.1 (b). We will call limit cycles that donot require explicit control forces to maintain them passive limit cycles. Note that this definitiondoes not preclude a system with active components (motors etc.) from exhibiting passive limitcycles. A motorized or windup toy is an example of such a system.We wish to attain similar stable limit cycles with passively unstable bipedal systems by applyingsuitable control forces to periodically drive the system back into an active limit cycle. We definean active limit cycle as one that requires corrective control forces to be applied to the system forthe explicit purpose of maintaining the cyclic trajectory. Figure 3.2 illustrates this idea.

25 state spaceperturbation correctivecontrol forces

Figure 3.2 - An Active Limit Cycle3.2 Control FormulationThe problem of choosing appropriate control perturbations to drive the entire state of a system to adesired value is a difficult one. Assuming a solution does exist, the number of parameters to bedetermined is large for all but very simple systems (a few DOFs or less). Non-linearities in asystem mean that over the course of a full cycle even small perturbations of certain state variablescan cause large changes in final state and/or result in almost no cycle at all. For example, a smallchange in the roll angle of the ankle in a walk might cause the next foot to miss the groundcompletely.The essence of our control approach is to begin with a passively unstable system, discretize it intoindividual cycles and stabilize each cycle in turn. Each cycle is stabilized by applying controlperturbations which drive its final state to a suitable state from which to begin the next cycle. Themotivation for using a discrete version of the system is that the discrete dynamics are muchsimpler to model than the continuous system and therefore, simpler to control, as we shall seeshortly.

26The continuous dynamic system which we eventually wish to control can be modelled by thefollowing system state equation:

x t + Δt

( ) = V x t( ),U ( )

.(3.1)where x is the system state and U is a set of applied control forces defined over [t, t+Dt].V is a highly complex function which involves the integration of the forward dynamics of theanimated model over time and includes the effect of both internal and external applied forces suchas gravity, ground collisions, and muscular control forces. Instead of working directly with thiscomplex continuous system, we assume that a strictly cyclic motion is desired and discretize Eq.3.1 into individual motion cycles to obtain

xi+1 = g xi,Ui ( )

.(3.2)Here, the subscript i denotes the cycle number. Ui is thesetof time-varyingcontrolforcesappliedovertheithcycle.Thefunctiong is a special case of V in which the sample times are notnecessarily regular1, depending on the definition of a motion cycle. For example, the end of amotion cycle could be defined as the time of a particular transition in a state machine. We furtherassume that a user-supplied open loop controller, Unom , produces anear-cyclicmotionwhenappliedtothesystem beingcontrolled. Todrivethefinalmotionintoacycle, additionalcontrolforcesarerequired.Wedenotetheseforcesas

ΔUi*

, which are the control perturbations requiredto drive each cycle of the nominal motion, toward a limit cycle. The discrete system then becomes

xi+1 = g xi,Unom + ΔUi* ( )

.(3.3)where

ΔUi*

are still to be determined. Figure 3.3 illustrates this discrete dynamical system.

1 Note that strictly speaking, g is a different function for each cycle since the size of the interval over which it isdefined may vary from one cycle to the next.

27.state space

end of one cycle, beginning of the nextcontrolled cycleUi = Unom + DUi

xixi+1xi+1*

uncontrolled cycleUi = Unom

*Figure 3.3 - Discrete Systemxiinitial state of the ith cycle/final state of the (i-1)th cyclexi+1final state of the uncontrolled ith cycle

xi+1*

final state of the controlled ith cycle/initial state of the (i+1)thcycleUnombasic cyclic control

ΔUi*

computed control perturbation for ith cycleWe will furthermore choose to express the corrective control forces,

ΔUi*

, as the linear sum ofseveral �basis� corrective actions:

Ui = Unom + kijj=1N∑ ΔUj = Unom + Ki •ΔU

(3.4)where DUjarefixedcontrolperturbationswhicharedefinedoveracycleandkijarelinearscalingfactors applied to DUj. Ki is the vectorof perturbationscalingfactorsandDU is a vector whoseelements are the fixed control perturbations, D Uj , which remainthesamefromonecycletothenext. N is the dimensionality of our control system and is equal to the number of state variableswhich we wish to observe (and control).Rather than using the complete system state, we choose to work with a small number of regulationvariables (RVs). Regulation variables are a projection of the system state and are the observed

28part of state in our control system. Using a reduced set of state variables greatly reduces thecomputational effort required to construct a model of the discrete system. We will use Q to denotethe vector of RVs and define g (x) to be the projection function such thatQ = g (x).(3.5)Note that choosing to work strictly in the reduced state space carries the imlicit assumption thatcontrolling the reduced state is sufficient to control the complete system state in a desireable way.For this to hold, g (x) and DU must be chosen appropriately. However, there is no guarantee thatsuch an appropriate choice exists.Replacing the full state in Eq. 3.3 with the reduced state, Q, and substituting the controlformulation of Eq. 3.4 yields the reduced-order system which we will control directly:

Qi+1 = h Qi,Unom + Ki •ΔU ( )

(3.6)For a given cycle, Qi, Unom, and DU are treated as apriori information. We will use Qi+1 = h(K)as a convinient short form of Eq. 3.6 when we are interested in discussing only the effect of K onthe system.Eq. 3.6 can be restated as

Qi+1 = Qnom + ΔQi+1 = h Qi,Unom + Ki •ΔU ( )

(3.7)where

Qnom = h Qi,Unom ( )

(3.8)We choose to approximate the response of this system about the nominal operating point Qnom(where K=0)usingthefollowinglinearpredictivemodel:

ΔQi+1 = J Ki

(3.9)

29where J is the NxN discrete system Jacobian, defined as

∂qi∂kj i, j ∈ 1,N[ ]

: ¶q1¶k1¶kN¶q1J=¶qN¶kN¶k1¶qN.(3.10)J relates the change in Qi+1overasinglecycletotheappliedperturbationscaling,Ki.Figure3.4illustratestherelationshipbetweentheparametersofthelinearmodelandtheperturbedsystem’s cyclic motion in state space for a 1D system. In this example, thelinearpredictivemodelis constructedusing two samplepoints on Qi+1 = h(k ), corresponding toappliedperturbationscalings of k1 andk2 . Thefigureillustratesthatwe canpredict(andhencecontrol)thevalueofQi+1.QiQi+1Qi+1k2k1Qi+10RVdimensionQ = 0QinomDkÆJiFigure 3.4 - Linear parameters of a 1D discrete system in state space.Here,

k = k2 — k 1

30Evidence supporting the use of a linear discrete system model for bipedal control and the details ofmodel construction are presented later in the thesis (Section 3.6), after the particular choices ofRVs and LPPs have been described.The key to using the linear predictive model for determining the correct control action is thefollowing. Once the linear discrete system model has been constructed, the control perturbationscalings required to drive Qi+1toadesiredvalue,canbecomputedusingtheinversemodel:

Ki = J− 1ΔQi+1d

(3.11)where D

Qi+1d

= Qnom —

Qi+1d

, the desired change in the RVs with respect to Qnom for thecurrentcycle.Figure3.5showsthelimitcycleviewedasstatetrajectorywithrespecttotime.Threeconsecutivecontrolledcyclesofa1Ddiscretesystemareshowninthisdiagram,T is the cycle period, kiistheperturbationscalingforcyclei, and Viistheresultingstatetrajectoryfor cyclei. In this example,

Qi+1d

, the desired RV value for each cycle, is held constant for all three cycles.

g(t)tg(V1(Unom))g(V2(Unom))g(V3(Unom))T2T3T

g(V2(Unom + k2Æ DU))g(V3(Unom + k3Æ DU))g(V1(Unom + k1Æ DU))

QdCycle 1Cycle 2Cycle 3

Q2dQ3dQ4dFigure 3.5 - Three cycles of a typical 1-dimensional system.In this case, each cycle has the same period, T.Our control formulation assumes the following apriori information, supplied by the user:1.the open-loop control, Unom.

312.the RV projection function, g.3.the fixed control perturbations, DU.4.the desired (target) values for the RVs,

Qi+1d

, for each cycle, i.The parameters of the discrete system model (QnomandJ) and therequired perturbation scalings,

Ki*

, are calculated automatically. These computations will be discussed in Section 3.7 after thevarious elements of the bipedal control system have been described.3.3 Application to Bipedal LocomotionIn attempting to generate balanced locomotion for a biped, we must first select the number ofcontrol dimensions to be used. For successful balance, the base of support must, on average,remain under the centre of mass and the torso should remain generally upright. Only two controldimensions are required to achieve this, one in each dimension of the horizontal plane. Thus tobalance each step, our bipedal control system will use two RV dimensions and require two LPPswhich span the RV space. Since we use pose control exclusively with our biped we will use Band DP to represent the pose control equivalents of UnomandDU respectively.The base PCG, B, describes one complete cycle of motion, or in the case of bipedal walking, twosteps. For bipedal walking we choose to split the cycle into two symmetric halves and apply ourcontrol formulation to each step. The PCG control perturbations, DP, affect the motionthroughout the cycle, rather than at a single point in the cycle. Figure 3.6 illustrates the overall pose control structure used for our bipedal systems. Thestructure is an expansion of Eq. 3.4, for N=2, with the left step and right step perturbationsspecified explicitly. In summary, each step is balanced by the choice of two scalar parameters, forexample, k10 and k20 for step 0. These parametersarecalculatedautomaticallyusing thediscretesystem model.

32

DPright1++++++++++++DPright1DPright2k20Æk22Æk24Æk26Æk11Æk21Æk13Æk23Æk15Æk25Æk17Æk27Æ

stepping with right footperturbation scaling constants

DPright2DPright2DPright2DPright1DPright1DPleft2DPleft2DPleft2DPleft2++++k10Æk12Æk14Æk16Æ

stepping with left footfixed PCG perturbations

DPleft1DPleft1DPleft1DPleft1

S1S2S3S4S1S2S3S4S1S2S3S4S1S2S3S4

S1S2S3S4

¥¥¥012354670123stridestep

base PCGB

tLPPsFigure 3.6 - Overall limit cycle control structure for a walking biped. The walkbegins with the left leg as the stance leg. B is the open-loop basePCG. C is the overall applied control for each step, consisting ofthe base PCG B and additional (left or right) stance leg perturbationsto balance the step. The Si are the states of B (four in this example).With suitable parameter choices, the control algorithm is able to generate stable walking limitcycles whose open loop motion is described by the base PCG.Appropriate parameter choices are crucial for successful control. The next few sections describeeach component of the control system for a walking biped. The process of choosing variousparameters will be described as they are introduced.3.4 Nominal Open-loop Control, UnomA base PCG provides the nominal open-loop control for the periodic motion of the biped. In thecase of a forward walk, the base PCG consists of a sequence of poses to generate a forward stepwith one leg followed by a forward step with the other leg. The base PCG for walking mustgenerate motion that is initially close to attaining a balanced walk when used without additional

33compensating perturbations. A base PCG producing an open-loop walk of a few steps is morelikely to be successfully stabilized than one that falls in the first step.Figure 3.7 shows a base PCG used to generate a forward walking motion for the simplest humanmodel along with its equivalent graphical representation. The base PCG has right-left symmetry,although PCG asymmetry can also be quite useful as will be demonstrated by the turningperturbations presented in Section 6.2.The base PCG consists of six states. The poses in states S1 and S2 are identical. The poses instates S4, S5, and S6 are identical to those of states S1, S2 and S3 respectively, with the left andright sides exchanging roles. Having a total of only four unique poses, the controller describes asimpler motion than a typical human walk. This relatively small number of poses simplifies thespecification of a base PCG as well as the creation of suitable parametric perturbations.Sensor-based transitions are necessary to synchronize the biped’s motion to the external world.The base PCG of Figure 3.7 uses such transitions to move from S1 to S2 and from S4 to S5. Atransition occurs when the swing foot for the current step (i.e. the next stance foot) contacts theground. If this has already happened before the state is entered, the transition occurs immediately.Actively ensuring ground contact at fixed points in the walk cycle is important in certain situationssuch as when starting from an initial resting state. While the sensors are typically no longernecessary once a walking limit cycle is reached, changing from one limit cycle to another canrequire sensor-based synchronization again.

34S1S2S3S4S5S60.2 sec0.2 sec0.2 sec0.2 secright foot inground contactleft foot inground contactP1P1P1’P1’P2P2’(a)transitionDOF:123:03:145:05:16:06:178:08:1 infoS1000-5060-500-100000RS2000-5060-500-10000.2stateS3000-200500-10000.2S4000-100000-5060-500LS5000-100000-5060-50.2S6000-100000-20050.2 (b)Figure 3.7 - Forward walking base PCG for a simple human model(a)State diagram (right foot dashed). Poses Pi and Pi’ are left-right symmetric.(b)Pose table. All DOFs are in degrees relative to reference position.Transition information is given as time (seconds) followed by an optionalfoot sensor type (left or right) for sensor-based transitions.StateDescriptionS1Right foot placed on groundLeft leg begins forward swing (knee bent for ground clearance)S2Right leg propels body forwardLeft leg continues forward swing (knee bent for ground clearance)S3Left leg extends in anticipation of ground contactS4Left foot placed on groundRight leg begins forward swing (knee bent for ground clearance)S5Left leg propels body forwardRight leg continues forward swing (knee bent for ground clearance)S6Right leg extends in anticipation of ground contact

35Figure 3.8 shows the open loop motion resulting when the base PCG alone is used for control.As expected, the biped falls over after several steps.Side viewRear viewSide view(continued)Rear view(continued)Figure 3.8 -Unbalanced motion of human model using base PCGshown in Figure 3.7.Surprisingly, the small number of poses is sufficient not only for walking, but also for a limitedform of running. Running can be achieved simply by replacing the 0.2 second time-basedtransitions of the walking base PCG with 0.1 second transitions. The flexibility of the posecontroller to accommodate the different motions is due to the ground sensors which are used instate transitions. The sensor-based transitions exist to ensure that the next stance foot is in contactwith the ground before proceeding into its stance phase. However, they do not constrain theinitial time of ground contact. In the case of running, ground contact typically occurs shortly afterentering state S1 or S4 as the new stance leg moves to propel the biped forward. In the case of

36walking, ground contact typically occurs in the previous state (S6 or S3) toward the end of theswing leg extension. These two scenarios are illustrated in Figure 3.9.

right foot ingroundcontactboth feetin groundcontact(double-stance)

S2S6left foot ingroundcontactS6S1->S2

left foot ingroundcontactflight(brief)right foot ingroundcontactS6S1S2S1->S2(a)(b)Figure 3.9 -Possible walking and running steps described by base PCG ofFigure 3.7. Related states and transitions are indicated.(a) walking(b) runningAn initial state must also be chosen for the walk. The initial state provides a starting position fromwhich a successful walking motion can begin. While the simplest initial state to use would havethe creature at rest in the reference position, it is easier to achieve a limit cycle when the initial statemore closely resembles a state on a balanced walk cycle. Finding an appropriate initial statecurrently requires trial-and-error on the part of the animator. Figure 3.10 shows the initial statewhich was generated manually for the simple human model controlled by the base PCG of Figure3.7. 37 Rear viewRight side viewDOF:123:03:145:05:16:06:178:08:1Value:0000000-5.1-205000Figure 3.10 - Initial configuration for simple human model.Right foot shown as two segments for clarity. Allvelocities are 0.3.5 Choice of Regulation Variables, QAs discussed earlier, the discrete balance control of Eq. 3.6 is applied only once per step. Thisimplies that each regulation variable must represent the behaviour of some part of the system stateover an entire step as a single scalar value. It is important to choose suitable functions of state andsampling times which give a reasonably smooth response to perturbations as we assume inSection 3.2 by using the discrete system Jacobian.All of the RVs presented in this thesis are projections of the system state at a specific point in thecycle as shown in Figure 3.11. The sample times correspond to the approximate time of footplacement for each step. Variations such as sampling an average or peak value of some functionof state over the whole step are also promising but unexplored possibilities.

38S1S2S3S4S5S6Q2nQ2n+1step2nstep2n+1n = 0, 1, 2, ...

Figure 3.11 - End-of-step sampling times for Qi.RVs must be chosen to be meaningful functions of the system state in order to improve thechances of attaining a limit cycle. A number of general criteria should be met:1.RVs should incorporate some key element(s) of the desired cycle and should reflectmovement or position relative to the world frame. An example that meets both criteriais �uprightness� with respect to the world vertical axis for the case of walking.2.The RVs should be easily controllable. It should be possible to reach a wide range ofRV values from various initial states by choosing an appropriate parametric controlperturbation. For example, the system must have DOFs which can affect the chosenRVs.3.RVs should vary smoothly around a reasonable range of interest. For example, in thecase of a walking biped, the range of interest might correspond to configurations witha relatively upright torso.4.We should be able to estimate a target value for each RV which will keep the motionclose to a desirable limit cycle. For example, to attain a walking limit cycle, we mustbe able to determine target RV values that will keep the biped balanced.

395.When multiple RVs are used, independence or near-independence of the RVs can beuseful. RV interdependencies can be complex (e.g. non-smooth), making it moredifficult to find parametric perturbations which cause only smooth variations over awide range of RV values. For our bipedal control, we assume near-independent RVs.

(a)(b)(c)

centre of massFigure 3.12 - Balance RV vectors(a) swing-COM vector(b) stance-COM vector(c) up vectorIn this thesis, we experiment with three choices of RVs, based on the vectors shown in Figure3.12. The first, the up-vector, is based on the notion of torso "uprightness". The up-vector isfixed to and runs along the length of the torso in the human model and the head in the robo-birdmodel. The swing-centre of mass (swing-COM) vector describes the position of the COM of thebiped with respect to the current swing foot. The stance-centre of mass (stance-COM) vectorindicates the position of the COM with respect to the stance foot. The sampling time for all threetypes of RV are at the end of states S3 and S6. For the purpose of computing RVs, the swing andstance legs do not exchange until after the last base PCG state of the step. The leg which is theswing leg for most of the current step is used to compute the swing-COM RV. The stance-COMRV is treated in a similar fashion.

40The RVs are two scalar components extracted from the given vector. The vector is sampled at theend of the current step, normalized, and projected onto the horizontal plane. The projection isthen decomposed into the two components as illustrated in Figure 3.13 for the up-vector case.The components provide an indication of the forward and lateral lean of the chosen vector. Theforward direction is defined as being orthogonal to the ground-plane projection of a line joiningthe biped’s hips.

forwardcomponentaxis

Up vectorHorizontal planeQfwdQlatlateralcomponentaxisFigure 3.13 - Decomposition of up vector projection into RVs3.6 Choice of Perturbation Parameters, DUThe balance control formulation of Figure 3.6 uses two linear parametric perturbations (LPPs) tocontrol each step in the base PCG cycle. Recall from Section 2.3 that each LPP consists of twobasic components, a fixed PCG perturbation, and a scalar multiplier. New values for each scalarmultiplier are automatically computed for each step to balance that step. The fixed part of the PCGperturbations remain the same throughout a given walk. This section discusses the choice of fixedPCG perturbations which must be supplied by the animator. Throughout this section, the term"perturbation" will be used to refer strictly to the fixed part of an LPP rather than an arbitrarilyscaled perturbation.

41As in the case of RVs, the choice of perturbations should meet a minimal set of requirements to beeffective. The criteria for good PCG perturbations are related to the criteria for suitable RVs,discussed in Section 3.5. In general, the following should hold:1.The scaled perturbation should be able to reach a wide range of desired RV valuesfrom a wide variety of initial conditions.2.Perturbations should provide smooth control over the RVs so that a suitable linearmodel of the discrete system can be constructed. The inverse of this model is used todetermine the appropriate scaling factors for each perturbation for each step. Forbipedal walking, the chosen perturbations provide near-linear control over each of thethree balance control RVs presented in Section 3.5.3.Perturbations should be designed to be as independent as possible in order to reduce oreliminate non-linear interactions between RVs.The control perturbations chosen in this thesis affect the stance hip pitch and stance hip roll DOFs.They are shown in Figure 3.14. Items (c) and (d) show the pose table form of the perturbationswhich are scaled and added to a base PCG pose table such as that of Figure 3.7 (b). In our case,each of the chosen PCG perturbations affects a single DOF. Unity-valued perturbations are usedso that the scalar multiplier units are in degrees. Each perturbation is applied to all poses (i.e. allstates) of the related step, left or right. This provides a smoother and more effective controlperturbation. Figure 3.14 illustrates the hip pitch and roll perturbations for a body in free space. When appliedto a body in contact with the ground, the perturbations primarily affect the biped as shown inFigure 3.15. Applying a stance hip pitch perturbation varies the torso angle in the sagittal plane.Applying a stance hip roll perturbation varies the torso angle in the coronal plane.

42(a)(b)transitionDOF:123:03:145:05:16:06:178:08:1 infoS10000000010000S20000000010000stateS30000000010000S40000000000000S50000000000000S60000000000000(c)transitionDOF:123:03:145:05:16:06:178:08:1 infoS10000000100000S20000000100000stateS30000000100000S40000000000000S50000000000000S60000000000000(d)Figure 3.14 - Right hip pitch and roll perturbations for a simplehuman model. During states S1 to S3, the rightleg is the stance leg. DOF 6:1 is right hip pitch.DOF 6:0 is right hip roll.(a) hip pitch (viewed from right)(b) hip roll (viewed from rear)(c) hip pitch (pose table)(d) hip roll (pose table)Figure 3.16 shows the relationship between the stance hip pitch perturbation and the forward andlateral component of each of the three types of RVs introduced in Section 3.5. Figure 3.17shows similar results for the stance hip roll perturbation. Each curve represents the value of the

43particular RV at the end of a single step for a range of applied perturbation scalings. For eachcurve, a different initial state is used. The initial state for step n was generated by first simulatingn-1 steps with the open-loop base PCG. By the fourth step, the figure is falling noticeably.

(a)(b)Figure 3.15 - Typical effect of stance hip perturbations when dynamics are considered(a) right stance hip roll(b) right stance hip pitchThe graphs illustrate that hip pitch varies nearly linearly with Qfwd for allthreechoicesof R V . Similarly,hiprollisnearlylinearwithrespecttoQlat.Theserelationshipsprovideevidencewhichsupportsourassumptionthatthediscretesystemcanbemodelledusingalinearmodel.Despitethefacthatheperturbationsthemselvesaremutuallyindependent, theireffecton theRVsis notcleanly decoupled. Thus, theydo notprovidetrulyindependentcontrolovereachRVdimensionas desired. In general, however, themagnitudesof theundesiredvariationsarenotexcessivelylargerelativetotheaccessiblerangeof RVvaluesinthedesiredcontroldimensions. Completelyindependentcontrolof theRVswould implyadiagonaldiscretesystem Jacobian. Therelativelysmalleffectsofeachperturbationonother’scontroldimensionmeanthattheoff-diagonalelementsofthediscretesystemJacobianwillbesmallcomparedtothediagonalelements.

44-0.20.20.40.60.8-20-15-10-505101520Qfwdhip pitch (deg.)-0.8-0.6-0.4-0.20.2-20-15-10-505101520Qlathip pitch (deg.)(a)(b)-0.4-0.20.20.40.6-20-15-10-505101520

Qfwdhip pitch (deg.)-0.8-0.6-0.4-0.20.2-20-15-10-505101520

Qlathip pitch (deg.)(c)(d)-0.20.20.40.60.8-20-15-10-505101520

Qlathip pitch (deg.)(e)(f)

step 1step 2step 3step 4Figure 3.16 -Balance RV components vs linearly scaled hip pitch perturbation(a) - (b) up vector(c) - (d) swing-COM vector(e) - (f) stance-COM vector

45-0.8-0.6-0.4-0.20.2-10-8-6-4-20246810Qlathip roll (deg.)-0.20.20.40.60.8-10-8-6-4-20246810Qfwdhip roll (deg.)(a)(b)-0.8-0.6-0.4-0.20.2-10-8-6-4-20246810

Qlathip roll (deg.)-0.6-0.4-0.20.20.4-10-8-6-4-20246810

Qfwdhip roll (deg.)(c)(d)-0.8-0.6-0.4-0.20.2-10-8-6-4-20246810

Qfwdhip roll (deg.)(e)(f)

step 1step 2step 3step 4Figure 3.17 -Balance RV components vs linearly scaled hip roll perturbation(a) - (b) up vector(c) - (d) swing-COM vector(e) - (f) stance-COM vector

46These relationships allow us to attain final values for Q close to the desired values for each stepusing a simplified form of the Jacobian, discussed in the next section. One interesting point to note is that the slope of the stance-COM curves in Figure 3.16 and Figure3.17 are opposite in sign compared to the corresponding slopes for the up vector and swing-COMRVs. This is due to the mechanism through which the stance-COM angle changes. Figure 3.18shows this effect exaggerated for clarity.

up vectorswing—C. of M.stance—C. of M.Figure 3.18 - Direction of change of forward RV components with hip pitch3.7 Linear, Sampled "Balance" ControlThis section describes how the base PCG, perturbations and various RVs discussed in earliersections can be used to compute and apply the discrete system model parameters (J and Qnom) togenerateabalancedwalk.The"balancing"is doneby choosing appropriateRVtargetvaluesforeachstepandfindingthescalingfactorstoapplytothePCG perturbationstoreachthem. Thescalingfactorsaredeterminedautomaticallyusing theinverseof thelineardiscretesystem model(Eq. 3.11). The balancing process is repeated,onestepatatime,for as manysteps as desired.In somecases, theresultingwalkis erraticandwanders. In others, awalkinglimitcycleisreached.

47Two separate problems must be solved in order to achieve the motions we seek:1.We must choose an RV target value, Qd, on thecycle, which is likelytodrivethesystemintoareasonablelimitcycle.2 . WemustconstructthediscretesystemmodelofEq.3.9andthenuseittocomputethefinalcontrolperturbationfor eachstep. ThisinvolvescalculatingthediscretesystemJacobian, J, and the nominal operating point, Qnom for each step.3.7.1 Desired RV ValuesThe desired (target) values for the RVs should be chosen each step to keep the system near a limitcycle. We choose to use a constant target value for all steps. The idea is that by forcing the RVsto the same desired value at the same point in each cycle, a limit cycle will be generated. Thisapproach is sufficient both to drive the system into a stable limit cycle initially and to maintain it.Allowing the RV targets to vary from one step to the next can be useful, but requires a way toselect them. This possibility is further explored in Chapter 5 where variation in Qd is used toprovide control over the biped�s walking speed. OncethechoiceismadetouseconstantRVtargets,theparticularvaluesmustbechosen. Thisisessentially a trial-and-error process. However, common sense and the behaviour of the open-loopsystemcanprovidevaluableclues.Forexample,ifastraightforward walkingmotionis desired,thelateralRVtargetcanbequicklyestimatedusing thefinalpose inonePCG stepas shown inFigure 3.19. Similarly,thefirst few steps of theopenloopmotion(such as thatinFigure 3 . 8 ) canprovideareasonableestimatefor theforward componenttargets. Finally, performinganumberof trialswithdifferentforward Qd valuesprovides asolution, ifoneexists, as wellasinformationontheusefulrangeoftargetvalues.Inthiscase,a�trial�is anattemptobalancethebiped�smotionbyapplyingourproposedcontroltechniquewithsomeparticulartrialvalueofQd.

48iiiiiiFigure 3.19 - Estimate of desired lateral RV components(based on S6 from Figure 3.7 (a) - rear view)i) up vector (vertical)ii) stance-COMiii) swing-COM3.7.2 Constructing and Applying the Discrete System ModelOnce an RV target has been chosen, the discrete system model is reconstructed and applied at eachstep as shown in Figure 3.20. In general, a single fixed model is not sufficient to represent allpossible steps. While RVs provide a reduced, low dimensional representation of system state,they are also an incomplete and ambiguous representation of the system state. For example, thechosen RVs use position information and no velocity information. Such unobserved parts of thesystem state cause variations in both QnomandJ. Figure 3.21 illustratesthisidea. Thisresultisevident in graphs of Figure 3.16 andFigure 3.17 where boththeaverageslope andtheoffset ofthecurves canvaryfromonesteptothenext. Thesevariationsareespeciallyapparentinthelateralcontroldimension.

simulatefinal step(1 simulation)use model inverseto compute finalcontrol perturbatiuondetermine modelparameters(4 simulations)

Figure 3.20 - Balancing process for each step.

49QABQ

QiABQi,

Qi+1ABQi+1

(t)(t)=xiABxi„Figure 3.21 -Unobserved state problem. Two unperturbed RVtrajectories beginning with identical values for Qibut different initial states. Because of the variation of QnomandJfromonesteptothenext,itis(unfortunately)necessarytoconstruct a new discrete system model for each step. This is done by sampling h(Ki) to determinethemodelparametersforthecurrentstep,

Qinom

and Ji . Theinverseof thislinearmodel, J-1, isthenusedtochoosetheperturbationscalingsnecessarytoreach

Qi+1d

. Figure 3.22 illustrates thisprocess for a one-dimensional system.

Qi+1 sample pointQd

Qi+1 = hi(ki)

linear model extrapolated perturbation value k*k1k2

JQnomFigure 3.22 -Model construction and extrapolation. k1 andk2 aretwo samplepoints used toconstructtheforwardmodel. TheinversemodelandQd yieldthenecessaryappliedperturbationscaling,k*

50In general, there is no guarantee that the discrete system Jacobian will be invertible for each step.However, with well-chosen choices of RVs and LPPs, singularities generally occur only fortrajectories far enough from useful limit cycles to be of little interest. Typical singularities for thehuman model, occur when it is lying on its side and when the current stance leg does not contactthe ground at all during the current step.The general form of the Jacobian for a 2D system is:

J = ∂q1∂k1 ∂q1∂k2

∂q2∂k1 ∂q2∂k2

(3.10)Using finite differences, a minimum of N+1 samples are required to construct the linear model ofh(K) for a control system of dimension N: one for the nominal operating point and one for eachcontrol dimension, each of which yields a column in the Jacobian. In this case, each �sample�consists of a simulation of one step with a different value of K. In practice, a greater number ofsamples may be required.For the two dimensions of our bipedal control system, we use four sample simulations, two foreach dimension. An additional simulation computes the final motion for the step after the finalPCG scalings have been chosen using the model. Rather than using the complete Jacobian, wechoose to work with two simplified forms:1. Assume independent control dimensions and observe only the primary RV. Thiscorresponds to the assumption of a diagonal Jacobian (i.e. ¶qi / ¶kj = 0, i„j). We willrefer to this form as superposition (SP) sampling.2. Assume near-independent control dimensions but allow the operating point to move aseach final perturbation scaling is determined. This corresponds to a form of triangular

51Jacobian which makes use the most up-to-date values of the model parameters in amanner similar to the Gauss-Seidel method for solving linear systems.For the first, two independent 1D models are constructed then combined in the final simulation.For the second, two variations are considered. In the first, a 1D model is constructed in theforward control dimension and inverted to obtain the required

Kfwd*

. A second 1D model is thenconstructed in the lateral control dimension making use of the known value of

Kfwd*

. We refer tothis as forward-then-lateral (F-L) sampling. Lateral-then-forward (L-F) sampling is similar butperforms 1D control in the lateral dimension first, then uses this result to construct a 1D model inthe forward dimension. We might expect that one or both of these approaches perform better thansuperposition sampling since they both incorporate additional knowledge of the perturbations tobe applied. Somewhat surprisingly, this turns out not to be the case as we shall see in Chapter 4.All three approaches give comparable results, with superposition slightly outperforming the othertwo. The three sampling strategies investigated are illustrated in Figure 3.23.

kfwd(0,5)(0,-5)klat(-1,0)(1,0)(k*lat*

, k )fwdklat

(0,5)(0,-5)(k*lat, k )*fwd

, k )*fwd(-1, k )*fwd(1kfwdklat

, -1)(k*lat, 1)(k*lat

(0,-1)(0,1)(k*lat, k )*fwd kfwdklat(a)(b)(c)

sample points interpolated points

final pointsFigure 3.23 - 2D sampling strategies(a) superposition (SP)(b) forward then lateral (F-L)(c) lateral then forward (L-F)The final parameters to consider in constructing a good linear model of the discrete system are theperturbation scaling factors used to sample h(K) (e.g. k1 andk2 inFigure 3 . 2 2 ) . Sincethe

52discrete system is quite linear, the precise location of the sample points is not critical. There are,however, a few potential pitfalls to be avoided in choosing them:1.Since we cannot necessarily predict the sign of the required perturbations from onestep to the next, it is often best to sample h(K) symmetrically about the nominaloperating point, K=0, rather than at the nominal point itself. Figure 3.24 (a) showssuch a case.2.Samples should span a sufficiently large range in order to avoid local distortions inh(K). A typical failure due to this problem can be seen in Figure 3.24 (b).3.Sample points should not consist of excessively large control perturbations. When thecurrent state is far from the limit cycle, large control perturbations can result in thebiped falling over. Including a fall as a sample can lead to a poor model. Thissituation is illustrated in Figure 3.24 (c).Sample scaling factors of kfwd = –5 degrees for hip pitch and klat = –1 degree for hip roll giveacceptable linear models for our biped models over a wide variety of gaits. 53 kiQi+10k1k2kiQi+10k1k2

(a)(b)kiQi+1

fall0k1k2(c) sample pointFigure 3.24 - Sampling point pitfalls in discrete model construction(a) sample scalings non-symmetric(b) sample scalings too small(c) sample scalings too large3.8 Torso ServoingWhile it is preferable for animation to have general control solutions, more specific controlsolutions are sometimes useful or necessary. The control described in previous sections can beused to generate successful walking gaits. However, the resulting walks exhibit a characteristicbobbing2 of the torso in the sagittal plane. This is due, in part, to the choice of simple stance hip

2 rocking back and forth.

54perturbations and, in part, to the fact that the motion is only constrained at a single point in thecycle for each step. One possible solution to this problem is to use the waist pitch degree-of-freedom of our humanmodel to continuously servo the torso to a desired angle from the vertical in the sagittal plane. Thetorso servoing control is applied to the biped’s waist pitch DOF. The applied torque for a planarexample is calculated as

τ = kp ⋅(ϕ − ϕ desired )− kd ⋅ϕ̇

wheret is the applied joint torque

ϕ desired

is the desired torso angle from vertical in the world frame (constant)

ϕ

is the torso angle with respect to world frame vertical

ϕ̇

is the time derivative of

ϕ

andkpandkdaretheproportionalandderivativegainsTheparameterst ,

ϕ desired

, and

ϕ

are shown in Figure 3.25

hip DOFwaistDOF

tfdesired fFigure 3.25 - Torso servo parametersWith continuously-applied torso servoing, the torso motion becomes considerably smoother.However, it also presents an additional problem when used with balance control. The applicationof a torso servo precludes the use of torso-based RVs since these will no longer vary with hip

55perturbations. Redefining the up vector using a vector fixed to the pelvis as illustrated in Figure3.26, rather than the torso, is sufficient to overcome this problem.

Figure 3.26 - Pelvis-based up vector balance indicatorTorso servoing ensures that the upper body of the biped remains upright, and provides increasedstability by damping large upper body movements. However, it should be noted that it doesnothing to prevent the biped from falling over since the legs must still support the upper body. Anexample of a fall with torso servoing applied can be seen in Figure 3.27.There are a number of benefits in addition to a more aesthetic result. Reducing the highly dynamicoscillations of the torso (a significant portion of the body mass) results in a successful limit cyclefor a larger range of Qd. As well, longer stride times and very slow walks become possible.Figure 3.27 - Falling with torso servoing enabled.

563.9 ConclusionsIn this chapter, we have described a control system capable of generating and controlling stable3D bipedal walking limit cycles from unstable open loop motions. A number of keysimplifications were made, leading to a well-behaved discrete system which is remodelled for eachstep using a discrete linear model. The details of each of the system components and their roles inthe overall system were described and examples were given for a walking human model. In the following chapter, we will present some of the results obtained by applying this controlstrategy to our dynamic models.