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Fall Prediction of Legged Robots Based on Energy State and Its Implication of Balance Augmentation: A Study on the Humanoid Zhibin Li, Chengxu Zhou, Juan Castano, Xin Wang, Francesca Negrello, Nikos G. Tsagarakis, and Darwin G. Caldwell Abstract—In this paper, we propose an Energy based Fall Prediction (EFP) which observes the real-time balance status of a humanoid robot during standing. The EFP provides an analytic and quantitative measure of the level of balance. Both simulation and experimental studies were conducted and compared with the previously proposed indicators, such as Capture Point (CP) and Foot Rotation Indicator (FRI). The EFP also suggests the balance augmentation by active foot tilting to create larger potential barriers. As a proof of concept, a hybrid balance controller was designed to stabilize the robot including under-actuation phases so the robot can also balance with shoes. Our study reveals that both EFP and CP successfully predict falling about 0.2s in advance for the tested robot, while the FRI fails due to the light weight of the foot and limited resolution of the force/torque measurement.



I. I NTRODUCTION Legged systems gain tremendous versatility over the wheeled ones but trade off the stability and risk tipping themselves. Therefore, the physical quantities for the realtime measurement of the balance status of legged robots, particularly humanoids, are critical. As analyzed in the work of Hofmann [1], the zero moment point (ZMP) [2] is a powerful feasibility criterion for validating the dynamic gaits, however, it does not indicate a balance status while the robot is in action. A paradox was proposed by Hofmann that a robot could have its center of mass (COM) falling while the ZMP is still inside the support polygon. To address this issue, some physical quantities were proposed for describing the balance state of the legged systems. Pratt et al [3] proposed the Capture Point (CP), where if the point support would be instantaneously placed, the robot would eventually come to a complete stop. The Capture Point resolves the issue by examining the zero orbital energy at an instantaneous point foot based on the linear inverted pendulum model (LIPM). Another quantity, the foot rotation indicator (FRI), examines the stability from the wrench applied on the foot [4]. Regarding the nearest edge of the foot as the pivot, if the ankle torque is larger than the net torque created by the ankle force and the gravitational torque, then the foot starts rolling since it is not glued on the ground. The control issue arises since the rolling foot creates one underactuated degree of freedom (DOF) around the pivot, where the torque is zero, and the center of pressure (COP) diminishes into an uncontrollable point. From the perspective of control theory, the boundary of the control effort reduces to zero, thus the system becomes uncontrollable. Therefore, to ensure the preconditions of classical control, both CP and FRI shall be constrained within the size of the foot.



It should be noted that both the Capture Point (CP) and FRI point are the intersection points on the terrain surface. Though both are the two dimensional quantities which can be compared to the physical size of the foot, their nature determines that a range of variation is needed for these points to vary if they are employed to be the controlled variables. In general, this implies that a certain size of foot is required and the controlled variable must be inside the polygon of support which suffices the classical control methodology. The only exception is that the CP can potentially move out of the support foot for a very limited time if hip torque is applied. During our previous study on the standing balancing of COMAN [5], it was found that the robot did not necessarily fall while feet were tilting, and the proposed strategy in the following work [6] successfully handled the under-actuation coming from the foot tilting without losing balance. Moreover, the study of bio-mechanics also shows that the stance foot rolls around the toe during walking [7] [8]. This leads to our hypothesis that there might exit another physical index that reflects a more generic balance indication. Most importantly, a better understanding of the stability of a legged system could place a correct design and control requirements. We are motivated to evaluate the energy state to determine the global stability to allow the legged system to perform a diversity of movement without balancing all forces at every instant as long as the system’s energy is globally bounded. This is also an underlying principle for many passive dynamic walkers [9] [10] [11]. The common groundwork of their control captures the physics of controlling the kinetic energy to avoid falling. Previous work based on the energy state was studied in [12]. A similar work to ours was also reported in [13] where a rimless wheel model was used for the instantaneous falling prediction. In this paper, the principle of controlling kinetic energy for the fall prediction is elaborated and demonstrated with the focus on the standing case that the robot can be stable as long as the total mechanical energy is bounded. Hence, there is no necessity that the COP must be controlled inside the support foot, thus no restriction of keeping feet flat. Rather, the COP is allowed to move to the narrow strip at the edge of the contact polygon. The paper is organized as follows. Section II presents the principles of the balance state prediction and its implication of balance augmentation, and also explains the sensor fusion and the hybrid controller for proving our concept. Section III and Section IV shows the results of successful push recovery, falling prediction, and the comparison of the energy
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kinetic energy of the robot can still be measured through the kinematics of the robot combined with the IMU sensor. Denote r0 the virtual leg, d the foot segment, ω the angular velocity, and rf the virtual pendulum pointing from the frontal foot to the COM, thus



based falling prediction (EFP) with other balance indicators in simulations and experiments respectively. We summarize and conclude our study in Section V. II. P RINCIPLES OF FALL P REDICTION AND I TS C ONTROL I MPLICATION



rf = r0 − df .



When under strong pushes during standing, the robot tips around the edge of the foot in an inverted pendulum manner. Therefore we use inverted pendulum model (IPM) to represent better the system’s behavior rather than the linear inverted pendulum model (LIPM). The dynamics of the system is hence formulated in the polar coordinate since the physics law is the same regardless of the coordinate system. The use of IPM has several advantages as follows: 1) avoids the constant COM height constraint and resembles a ballistic COM motion during push recovery; 2) all the external forces/torques appear in an unified manner as torque inputs around the pivot. We focus on the case of balancing without the assistance of upper limbs, and define balance is a set of states where the robot’s COM could maintain above the support polygon within a future time horizon. The current kinetic energy of the robot is measured based on the IPM dynamics for determining weather or not the robot is losing balance. Fig. 1 shows the model where r˙com denotes the COM velocity. The vector r˙com together with the gravity defines a plane of motion, which intersects the boundary of support polygon. This intersection is the instantaneous pivot. Therefore, given a perturbation, there always exits a pivot and an equivalent pendulum pointing from the pivot to the COM, that allows applying the simplified IPM to analyze the balance state. If the total mechanical energy is lower than the maximum potential energy apex created by the current support polygon, then the robot is allowed to have an under-actuation phase, in other words, tipping around the edge of the foot.



(1)



Similarly, the virtual pendulum rb pointing from the rear foot to the COM is rb = r0 − db . The inertia tensor I¯ around an instantaneous pivot is   2 0 0 ry + rz2   0 , rx2 + rz2 I¯ = Ic + m  0 0 0 rx2 + ry2



(2)



(3)



where r is the virtual pendulum rf or rb . Hence, the kinetic energy of the system Ek around an instantaneous pivot can be approximated by Ek =



1 T ¯ T ω RIR ω, 2



(4)



where R is the rotational matrix of the robot by approximating the whole system as one rigid body. The gravitational work from the swept angle θ0 to θf is Wg = mgr (cos(θ0 ) − cos(θf )) ,  1 ≈ mgr θf2 − θ02 , 2



(5) (6)



where r is the norm of krk. Since the angles are limited inside the friction cone, the approximation in (6) is valid. We are interested whether or not the COM could cross the apex (θf = 0) of the potential energy, as shown in Fig. 2. Regarding the potential apex as the zero baseline, the potential energy is



A. Mechanical Energy Based Balance Prediction



1 Ep ≈ − mgrθ02 . 2



Fig. 2 shows the simplified model consists of a rigid body with mass m, inertia tensor Ic , a massless inverted pendulum and a foot. When an impact applies at the robot, the delivered momentum is difficult to be measured due to the lack of tactile sensors on the surface of the robot. However, the



(7)



Define the total mechanical energy as E = Ek + Ep , 2



(8)
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the foot tilting angle is about 5 − 15◦ , thus the resulted ankle torque reduction is insignificant (0.38% − 3.4%). Fig. 3 (a) shows a horizontal impulse J that produces an initial linear velocity of v = J/m. The velocity component perpendicular to the virtual pendulum is v cos β, where β is the initial angle of rf with respect to the vertical line
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β = atan2 (rf (x), rf (z)) .



(c)



The velocity component v sin β will damp out eventually. So the effective kinetic energy received by the robot is



The implication of balance argumentation by active foot tilting.



Ek = J 2 cos2 β/2m. then by examining E, it can be quantified whether or not the energy injected by the external disturbance could topple the robot over the edge of the support foot:   E < 0, return before the potential apex; E = 0, rest exactly at the potential apex;  E > 0, cross over the potential apex.



(12)



The initial potential energy is Ep = mg(r0 (z) − rf ).



(13)



Hence, the critical impulse to tip over the robot can be analytically predicted by setting Ek + Ep = 0, yields q m J= 2g(rf − r0 (z)). (14) cos β



When E < 0, the robot will return before the potential apex. Substitute (4) and the current angle θ0 into (6) and let (8) equal to zero, we obtain the angular position θf where the COM has zero angular velocity before the potential apex. s 2Ek . (9) θf = θ02 − mgr



A reasonable case study for the COMAN humanoid is to set r0 = [0.04, 0, 0.55]T m, df = [0.13, 0, 0]T m and m = 34 kg. Without active foot tilting, the critical impulse is 13.05 Ns. By setting the foot pitch from 0◦ to 15◦ incrementally by 5◦ into (10) and (14), the critical impulses are 20.7 Ns, 26.1 Ns, and 30.5 Ns respectively at the ankle joint rotation θp of 5◦ , 10◦ , and 15◦ . Hence, the energy based balance criterion suggests that active foot tilting can enlarge the potential apex of the system so that the impulse rejection can be augmented by 58% upto 133% by sacrificing only a few percent of the maximum ankle torque. Fig. 4 demosntrates one successful balance recovery by very large foot tilting similar to humans. For the LIPM, define zc the constant height of the COM, and x the initial COM position with respect to the instantaneous pivot, the normalized mechanical energy E [14] is



The prediction using (9) can be used when E < 0 for determining the stability margin δ in terms of angular position, for example, keeping kθf k < δ. B. Balance Augmentation by Enlarging Potential Apex The principle of bounded mechanical energy as a balance criterion implies the augmentation of disturbance rejection by increasing the potential apex. Fig. 3 (a) illustrates a forward push narrative for the analysis and other cases can be ruled out by the same principle. In Fig. 3 (b), the robot locks all joints as one rigid body, then the virtual pendulum is rf = r0 − df . So the kinetic energy to overcome the potential apex is mg(rf − r0 (z)) in this planar case. Then, assume another scenario as in Fig. 3 (c) where the ankle joint actively pitches downward by θp , then the virtual pendulum becomes rf = r0 − Rpitch (θp )df .



(11)



1 2 g 2 x˙ − x . (15) 2 2zc q The critical COM velocity is x˙ = zgc x by setting (15) = 0. So the LIPM can reject the maximum impulse of r g J = mx˙ = m x. (16) zc E=



(10)



Substitute the aforementioned parameters, the critical impulse is 12.9 Ns, which is slightly smaller than that of the IPM without foot tilting. This is logical because the constant COM height constrained by the LIPM does not redirect the velocity produced by the impact.



Undoubtedly, by rotating two vectors r0 and df away from each other, the norm of the vector rf increases. So the elongated virtual pendulum rf creates a larger potential barrier, as the two red horizontal lines indicate in Fig. 3, for the disturbance to overcome. As a consequence, actively tilting the foot trades off the maximum ankle torque when the vertical acceleration is zero. In the flat footed case, the maximum ankle torque is τmax = mgdf . However, if the foot tilts by angle θ with respect to the horizon, the maximum ankle torque becomes τmax = mgdf cos θ. In our simulation and experimental study,



C. Analysis of Convergent and Divergent Phases In this work, the convergent phase is defined when the COM is approaching the pivot, and the divergent phase is defined when the COM is departing from the pivot. Taking the frontal virtual pendulum for example, there are two convergent phases and two divergent phases. For each convergent phase, there are 3
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Fig. 4. Balance augmentation by large foot tilting (spaced at 0.2s interval) with no restriction of a flat footed behavior.
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The COM estimation compared to COP during static motion.
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E0



encoder position combined with the orientation of the pelvis measured by the inertial measurement unit (IMU) in order to compute the current COM state of the robot. The local COM of each limb is obtained from the estimation in the mechanical design software Pro/E with reasonable precision, only the torso’s COM vector needs to be identified due to the imprecise COM data of the battery, on-board PC and other accessories. The COM vector of torso was identified via least square fitting by correlating the COP and overall COM during very static movements. The WBS feedback is used to obtain the virtual inverted pendulum vector when the robot is pushed to a direction during standing. Fig. 1 illustrates geometric relation for calculating the virtual inverted pendulum vector F rpcom . The local pelvis frame ΣH is attached at the center of the pelvis, and its orientation is measured by the IMU. A base frame ΣF is located at the geometric center of the support polygon with its vertical axis aligned with gravity and the heading direction the same as ΣH . Then the origin of ΣF in ΣH is calculated as follows, H rf l + H rf r H rFo = , (17) 2
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Deterministic cases in convergent and divergent phases.



two possibilities depending on the energy state. Therefore, for one tilting virtual pendulum, there are totally six cases. Fig. 5 (a) shows the convergent and divergent phases while the COM’s horizontal projection is inside the support polygon. In the convergent phase (Fig. 5 (a)-1), the COM either passes over the pivot (E > 0) and becomes unstable, or returns back before the apex (E < 0). In the divergent phase (Fig. 5 (a)-2), the COM goes away from the pivot and falls into the polygon, which is stable. To sum up, when the ground projection of COM is above the polygon, only E > 0 in the convergent phase (marked by red) is unstable. Fig. 5 (b) shows the convergent and divergent phases while the COM’s horizontal projection lies outside the support polygon. During the divergent phase (Fig. 5 (b)-1 marked by red), the system is unstable. During the convergent phase (Fig. 5 (b)-2), only the case E > 0 (Fig. 5 (b)-3) allows the COM to cross over the apex and returns to the support polygon. Otherwise, the COM cannot cross the apex and falls eventually (Fig. 5 (b)-4). To sum up, when horizontal COM projection lies in the support polygon, only E > 0 in the convergent phase is unstable; when horizontal COM projection lies outside the support polygon, only E > 0 in the convergent phase is stable. Similar analysis can be done for the virtual pendulum formed by the COM and the rear edge of the support polygon. The above analysis provides the definite classification of balance status in different cases.



where the left superscript denotes the reference frame. The COM in ΣF is obtained using (18), F



rcom = F rHo + F RH H rcom ,



(18)



and 



F H



rHo rcom



= −F RH H rFo , = Σmi H ri /Σmi ,



(19)



where mi is the mass of ith link and H ri is the position vector of ith link’s COM in ΣH . Hence, the virtual inverted pendulum vector is given by F



rpcom = F rcom − F rpivot ,



(20)



where the vector F rpivot is the pivot of rotation when the robot tilts in one direction. Fig. 6 shows the validation of the calibrated COM estimation where the hip position x moved almost statically. Hence the COP and COM position shall be nearly identical during this static movement. The error of the COM estimation is small enough to be used in the following feedback control.



D. Whole Body COM Estimation The Whole Body Sensing (WBS) module is developed to compute the forward kinematics of the robot using the link 4
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(a) Recovery from forward push (spaced at 0.3s interval)
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Simulation of balance state prediction under different pushes.
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Simulation of balance prediction during successful push recovery.
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E. A Hybrid Balance Controller Our proposed balance state prediction aims to prove the concept that a legged robot can be considered stable by evaluating the mechanical energy, and further, it implies the allowance of under-actuation that is beyond the conventional restriction of keeping feet flat on the terrain. Apart from the balance augmentation, an additional advantage of the underactuation (foot tilting) is the good foot-ground clearance, so the GRF always resides in the frontal foot, keeping the maximum ankle torque for balance recovery. Certainly, in theory, one can also control the COP to be exactly at the frontal edge of the foot without tilting up the foot. However, this is fairly difficult to control in practice since any external force disturbance or internal dynamical coupling can press the foot down thus move the COP away from the edge when the foot-ground clearance is zero. This means that the ankle torque is no longer the maximum. As a proof of concept, a hybrid balance controller is designed for balancing the robot involving under-actuation phases. It consists of a Cartesian impedance controller at the COM, the virtual spring damper placed at the foot using virtual model control concept [15], and a velocity controller for regulating the upper body in an upright posture. An impedance control loop is placed at the COM level using the COM estimation feedback presented in Section II-D, and the ankle of the robot is torque controlled for generating the control effort. To produce the under-actuation, the torque limit is set higher than the counteracting torque created by the weight of the robot. The torque limit is increased until the foot tilting appears. To prevent over tilting of the foot and instability, virtual spring-dampers placed at the feet generate unilateral torque based on the feedback of the pitch angle of the feet to reduce the desired ankle torque. The virtual stiffness and damping are tuned to ensure that an equilibrium can be reached when the feet have reasonable clearance off the ground, for instance, 10◦ or 20◦ . The torso attitude is regulated by the velocity controller that commands the velocity reference in proportional to the orientation error.
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(b) Falling from large forward push (spaced at 0.1s interval) Fig. 7.
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(c) Fig. 9.
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Simulation of balance prediction during forward falling.



Two types of studies were carried out: balance recovery without falling, and falling prediction under large forward pushes. The force impulse was designed with half sinusoidal shape and applied at the center of the pelvis, which was close to the COM. So the momentum transferred to the robot was approximately 2A∆t π Ns, where A was the magnitude of the impulse, and ∆t was the pulse width. In the first case, the impulse had A = 250N and ∆t = 0.1s, resulting in delivered momentum of 50 π Ns. In the second case, the impulse had A = 400N and ∆t = 0.1s, resulting in delivered momentum of 80 π Ns. The accompanied video will show that the balance state prediction is being displayed in real-time when the robot is under different pushes. Fig. 7 (a) shows the snapshots of balance recovery under the disturbance of 50 π Ns momentum. Fig. 8 (a) shows the estimation of mechanical energy of the robot that was always smaller than zero which predicted a stable state. For the comparison with other indicators, the Capture Point was also computed and it never exited the area of support polygon, as shown in Fig. 8 (b). However, the FRI data in Fig. 8 (c) shows that the FRI approached very close to frontal and rear edges of the foot during the under-actuation phase, but never



III. S IMULATION The balance state prediction was studied on the simulated COMAN humanoid [16] in the Open Dynamic Engine (ODE). 5
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went beyond the limit. The occurrence of under-actuation was clearly indicated by the absolute orientation of both feet as shown in Fig. 8 (d). Fig. 7 (b) shows the snapshots of falling under a large impulse of 80 π Ns, which started at 0.5s and ended at 0.6s. Fig. 9 (a) shows that the mechanical energy was already larger than zero at 0.555s, so the EFP detected falling at 0.555s before the impulse finished. The Capture Point detected falling at 0.565s. The COM reached at the edge of support polygon at 0.754s, so the time margins after the fall detection were 0.199s and 0.189s for the EFP and the CP respectively. The FRI had two overshoots beyond the size of the foot in Fig. 9 (c): the first was due to the push, and the second was due to the rapid forward falling acceleration after crossing the potential apex. The first FRI detected a value greater than the size limit of foot from 0.6s to 0.644s for a very short time. The magnitude of the first FRI overshoot was 0.1324 m, which was only 2.4 mm beyond the edge of the foot. So the best measurable FRI deviation from the foot edge was only 1.2% of the foot size (0.2m). Our revealed limitation of FRI was in agreement with previous study in [4]. Note that in simulation, the sensor feedback can be obtained more accurately than in practice, so this indicates the difficulty to use FRI measurement as an indicator. In fact, even in the first simulation without falling (Fig. 8 (c)), the measured FRI was no greater than the maximum size of the foot despite the foot indeed rotated. It was because of the small mass of the foot plate (0.2kg) that a very small net torque applied on foot could already generate sufficient angular acceleration to rotate the foot.
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To further validate our EFP concept and its comparison with CP and FRI, we carried out experiments on the COMAN humanoids: moderate forward pushes without falling, large forward pushes with falling. During the experiments, the EFP was computed in real-time and streamed into an independent thread for displaying on the screen. The performance could be better understood by the accompanied video. Fig. 10 (a) and (b) shows the successful balance recovery from the forward/backward pushes, and Fig. 10 (c) shows a forward falling after a strong push. Note that during the falling experiment, the human intervention occurred before the robot fell on the ground. The time of this intervention was marked in the following data plots. Fig. 11 presents the data of EFP, CP, FRI and the orientation of the feet during the balance recovery (Fig. 10 (a) and (b)). The mechanical energy was always below zero, predicting a stable balance state which was true. During the forward push, the EFP was marginally below zero, and the feet had been significantly lifted off the ground for more than 1.0s as Fig. 11 (d) shows. In this stable case, EFP and FRI were all within their regions of stability, but CP had an erroneous prediction of falling for a short moment. Fig. 12 presents the same type of data during forward falling. The push was applied at 0.88s. The EFP and CP
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(d) Experimental data of successful push recovery.



predicted fall at 1.11s and 1.1s respectively, and the COM went out of the support polygon at 1.39s in reality. Thus, the time margin of predicting ahead was 0.28s for EFP and 0.29s for CP. Unfortunately, the FRI was not able to predict fall with the equipped F/T senors in our robot. Fig. 13 shows an additional experiment of standing balancing of COMAN robot that wears shoes. As previously discussed and proved that the system is stable as long as the mechanical energy is bounded by the potential apexes (one in the front, the other at the back), a variety of control actions that attenuate the mechanical energy can be applied to stabilize the standing posture. In this experiment, the change of balance controller was only the equilibrium offset of the virtual springdamper for the feet, because the real feet started with an initial 6
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have shown the consistent results. The time difference between EFP and CP are 0.01s (simulation), 0.01s and 0.02s, which are only at 10−20ms time scale. The FRI only predicts falling in simulation with very marginal values. To conclude, the physical quantity of fall prediction should be measurable via feedback. Both CP and EFP satisfy this requirement and provide a time margin about 0.2s before the robot enters the divergent phase of falling. The CP does not always predict correctly at the marginal case, as shown in Fig. 11 (b). Hence, for increasing the successful rate, it is sensible to fuse of the CP and the EFP together for the robust and reliable balance state estimation and fall prediction. Thus, a more complex control framework can be made based on this balance indication, for instance, to apply ankle or hip strategy [17] to keep stance balance. In our future work, we will explore the time margin permitted by the EFP to activate the stepping strategy developed in [18] with smooth transitions of activating different controllers.
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(b) Balance recovery from backward push Fig. 13.



The COMAN robot that balances with human shoes.



pitch angle of 4◦ inside the shoes. All the rest of the control parameters were the same. Our preliminary balance controller was made to create potential apexes by tilting feet actively, which was a preliminary attempt to prove the concept that mechanical energy is the balance indicator. Therefore, in the future, more sophisticated controllers that comply with this principle could be further designed for an optimal performance. V. C ONCLUSION Our study proves that both the proposed Energy based Fall Prediction (EFP) and Capture Point (CP) successfully predict the falling in advance, while the FRI does not in the experiments because of the light feet and limited resolution of the force/torque measurement in feet. Particularly, the EFP and the CP have similar prediction timing in both simulations and experiments. The time margins counting from the prediction to the entry of the divergent phase are 0.199s (simulation), 0.28s and 0.25 for the EFP, and 0.189s (simulation), 0.29s and 0.23s for the CP. Both the simulations and experiments 7
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