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Step Placement Swing Control for Powered Knee-Ankle Prostheses
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Abstract— Humans engage in alternating locomotion patterns
in daily life by continuously adjusting step placement. Step
placement control in powered prostheses could benefit pros-
thesis users by supporting speed-adaptation and improving
gait stability. This paper uses a data-driven predictive step
placement model and a task-space swing controller to achieve
human-like step placement patterns on a powered prosthesis
platform in simulation. We designed the predictive model to
estimate future desired step placement from current user-
prosthesis states by analyzing biological gait patterns from a
motion-capture dataset. We also present a novel 3D human-
prosthesis simulation for evaluating prosthesis controllers with
inputs from human walking experiments. In this simulation,
we demonstrate our step placement controller with 22 subject
models, each with 28 steady-state and 35 non-steady-state walk-
ing conditions. Simulation results show that this speed-adaptive
control framework achieves human-like step placement and
Margin of Stability patterns with respect to walking speed.

I. INTRODUCTION

The prevalence of major lower-limb amputation in the
United States is currently 1.1 million, and is projected to
increase by 145% by the year 2060 [1]. Prosthetic legs aim
to replace the function of the lost limb and assist the user in
various tasks. Humans engage in alternating locomotion pat-
terns in daily life, such as walking at different speeds in short
bouts [2], climbing stairs or inclines, turning, and running.
Step placement, the position of the leading foot at heel strike,
is constantly regulated to achieve these locomotion patterns.
For example, changing step placement and cadence directly
facilitates changes in walking speed [3], while adjusting step
placement can restore and maintain walking stability in the
face of variations in terrain [4], inclines [5], tripping hazards
[6], and external perturbations [7], [8]. However, the inability
for current commercial prostheses to actively modulate step
placement presents a challenge for lower-limb prosthesis
users. To achieve correct step placement during walking,
prosthesis users often compensate with asymmetric changes
in joint motion [9], which are associated with residual joint
injury and muscle overuse [10], [11].

Unlike commercial passive prostheses, powered prostheses
can intelligently adjust their assistance in response to their
user’s motion to enable various locomotion modes, im-
prove balance, and reduce user compensation [12]. Adaptive
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Fig. 1. Knee-ankle prosthesis demonstrating human-like step placement
patterns in human-prosthesis simulation across a range of walking speeds.

gait control is often implemented in lower limb prostheses
by modulating pre-defined joint-level trajectories [13]-[15],
impedance control parameters [16], or modeling muscle dy-
namics [17], [18] to replicate human biomechanics at differ-
ent walking speeds. Controllers focused on swing phase rely
on joint trajectory planning [19], [20], sometimes specifically
for trip avoidance [21]. These methods aim to reproduce
joint-level motions across walking speeds, but they rely on
independent controllers for each joint, without accounting
for how they influence step placement overall. Task-space
control allows regulation of system-level objectives [22],
and could provide a framework to coordinate multi-joint
prostheses with a unified objective to achieve human-like
step placement patterns.

Since human walking involves controlled forward falling,
step placement is an important method of controlling the
body’s motion through space [23], [24]. Step placement
specifically modulates ground reaction force (GRF) magni-
tudes and directions to stabilize the body’s center of mass
(CoM) [25]. Indeed, step placement is strongly linked to the
position and velocity of the pelvis or CoM prior to heel
strike [26] to the degree that simple mechanical walking
models, such as an inverted pendulum, effectively predict
and imitate human gait [27], [28]. Many accepted walking
stability metrics, most notably the Margin of Stability (MoS)
[29], are based on quantifying the effects of foot positions
on the CoM motion [27], [30], [31].

Bipedal gait is often modeled by an inverted pendulum,
which focuses on the relationships between the feet and
the CoM. Bipedal robotics control researchers have used
the step placement-CoM relationship to develop methods
for stable gait generation and control [32]. Full control
over all robot joints and real-time measurements of the
CoM allow the implementation of accurate CoM-based step
placement control. By contrast, this type of control cannot
be directly applied to prostheses since the user’s joints and
CoM cannot be measured without requiring the user to wear
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a cumbersome number of sensors, nor does the prosthesis
have full control over the human-prosthesis CoM.

Another challenge in developing speed-adaptive prosthesis
controls is a realistic simulation environment in which to
assess controller performance with human inputs at different
walking speeds. However, prior work on such simulators
is scarce and typically involves simplifying the human-
prosthesis system. The work of [33] optimized swing control
parameters with a 1 DOF prosthetic leg simulation, but did
not include human inputs at the socket. The work of [34]
forward-simulated the human-prosthesis system, but pre-
scribed the human motion based on optimized bipedal robot
dynamics. Similar work in [35] replayed human-prosthesis
motion capture data to calculate femur-socket interaction
forces for a single walking speed. Unlike these approaches
to prosthesis simulators, a speed-adaptive controller must be
tested with human inputs derived from the natural step-to-
step variations and speed changes seen in human walking.

Here, we address these challenges to develop a speed-
adaptive step placement controller and a novel human-
prosthesis simulation environment. Section II describes our
design of a predictive step placement model motivated by
human gait biomechanics and related work in bipedal robots.
This section also covers the development of a model-based
task-space controller for a knee-ankle prosthesis. In Section
III, we describe the simulation environment and our use
of human gait motion-capture recordings to realistically
simulate prosthesis motion. Section IV details extensive
simulation tests of our realized step placement controller, and
assesses its performance in the context of the MoS. Lastly,
we discuss our conclusions and future work in Section V.

II. STEP PLACEMENT CONTROL

The design of our step placement controller is inspired by
human gait models and their applications in bipedal robots.
We construct user-specific step placement models to predict
desired step placement from user states during stance phases.
We modulate human-like trajectories and design a task-space
controller to achieve this placement with a prosthesis.

A. Step Placement in Humans and Bipedal Robots

Prior work on bipedal robot control has used the inverted
pendulum as a model of bipedal gait to plan future step
placement from current CoM states. The recent work of [32]
generated and realized stable gait on a Cassie robot using a
hybrid variation of the linear inverted pendulum model (H-
LIP) as the basis for consistent step planning. Specifically,
the H-LIP model defined the “step-to-step” (S2S) dynamics:
how the CoM state and step length of the current step relate
to the CoM state of the next step. A high-level controller
could then reduce CoM state error by adjusting the next
step length through feedback control. During swing phase,
this was realized by controlling the relative motions of the
swing leg and CoM. To better capture the true nonlinear
S2S dynamics, such as the inertia of the swinging leg, [36]
designed a data-driven model to directly learn the S2S dy-
namics from walking robot data. This approach enabled the

authors to develop robust walking control capable of external
push recovery. Although directly adapting this approach to
prosthesis step placement control is appealing, two main
limitations prevent this: first, the prosthesis cannot measure
the relative positions of the sound leg and CoM, especially
during swing phase; second, the optimal human CoM states
to stabilize via feedback control are unknown.

B. Predictive Step Placement Model

To achieve speed-adaptive step placement control, we first
determine where and when the prosthesis foot should land at
the end of swing phase. Given a relationship exists between
human COM states and future step placement [26], we
seek to predict desired step placement from a prosthesis
user’s current state. Since most variations in states and step
placement are due to changes in walking speed, we aim to
capture this relationship across a range of speeds.

Note. Step placement in the sagittal plane is a function
of the hip, knee, and ankle of both legs. A knee-ankle
prosthesis can only affect the prosthesis-side’s hip-to-heel
step length through the contributions of the knee and ankle.
Our analysis of hip-heel positions revealed that knee and
ankle configuration at heel strike plays an important role
in step placement. First, we found that the sagittal plane
horizontal and vertical hip-heel positions at heel strike varied
considerably. These quantities are shown in Fig. 2b for one
subject [37]. While this could be due to only varying swing
hip flexion, we also computed the heel-knee positions at
heel strike in a frame oriented with the femur. This removed
the effects of the hip angle on step placement, and showed
that these also considerably change with walking speed (Fig.
2b). Comparable distributions of hip and knee angles at heel
strike confirm that the knee has a notable influence on step
placement with respect to walking speed (Fig. 2c).

The limited sensing information available on-board a
prosthesis does not allow measurements of the user’s CoM
or their foot positions, preventing using these user states as
inputs in our step placement predictor. However, the relative
distance between the user’s prosthesis-side hip and prosthesis
foot can be determined. Given the position of a human’s hip
is close to their CoM, we hypothesized we could also find a
relationship between the position of their hip and their foot
placement relative to the hip. We therefore formulated a step
placement model that uses the relative prosthesis foot-to-hip
distance in prosthesis stance as an input to predict the future
desired foot position and swing duration.

We employed a data-driven approach inspired by [36]
using data from able-bodied walking subjects to create the
predictive step placement model. Human motion-capture
walking data was sourced from the EPIC Lab dataset [37],
which comprises 22 able-bodied participants walking on a
force-plate treadmill, each with 28 constant speed conditions
distributed across 7 trials ranging from 0.5 to 1.85 m/s in 0.05
m/s increments, and 35 speed transition conditions. Speed
transitions were periods of constant treadmill acceleration
between different speed conditions, including accelerating
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(a) Simplified planar leg model defined by hip, knee, ankle, and global foot angles with global-oriented hip (solid green) and femur-oriented knee

(dashed green) reference frames, and hip-heel positions p.. /py. (b) Right leg hip-heel positions in the hip frame and knee-heel positions in the knee frame.
(c) Right hip and knee angles at right heel strike for all walking speeds for a single subject.

from O m/s and decelerating to 0 m/s at the start and end of
each trial. Leg bone segment lengths for each subject were
used to reconstruct a simplified planar leg model (Fig. 2a).
Hip, knee, and ankle joint angles, and global foot angle, were
applied to the leg model to derive the positions of the right
heel relative to the right hip in the sagittal plane. Hip-heel
velocity was calculated by differentiating hip-heel positions
with respect to time. To capture both steady-state and non-
steady-state walking, we included steps with and without
treadmill speed changes between toe-off and heel-strike.

To construct the step placement model, let p and v
represent the user’s states — the instantaneous sagittal right
hip-heel positions and velocities — and let the superscript
indicate the moments of current (—) and future (+) heel
strike. This model determines the predicted step placement
states pT, and takes the following form:

(D
)

where subscripts x/y indicate horizontal and vertical direc-
tion, respectively. We optimized scalar parameters agp_2 to
minimize the error between the pT extracted from human
data and the model output p* = f (p;/y, v, , ) via a least
squares minimization problem:

A+ _ — —
Py = Qz0Py + Qz1V, + A2,

At — —
py ayopy + aylva: + ay27

gy = argmin Y (7, (k) —p],,(k)?  3)

k=1

considering a subject’s n total step cycles across all trials.
This process was performed separately for the x and y
directions. We also developed a prediction model for the
duration of swing phase, or single-support phase (SSP),
denoted T'ssp, by constructing the following polynomial as
a function of p, and v,

Tssp = Bo + Bipy + Bavy + B3py vy
+ B4 (pgf)2 + Bs (U;)Z,

where the parameters [Sy_5 were optimized to fit TSS p to
Tssp. The resulting complete step placement model provides
user-desired values for ﬁ: and Tssp given user state
measurements at the previous heel strike (Fig. 3a).

“4)

C. Swing Foot Trajectories

To bring the prosthesis foot to the desired step placement,
we prescribe a trajectory to the prosthesis in swing phase.
We defined trajectories for p,,, and the global foot angle,
0 ¢oot, across the entire swing phase until TSS p. Importantly,
we wanted the trajectory to resemble human foot movement
across walking speeds to ensure smooth and natural motion,
provide adequate ground clearance, and achieve heel strike.
To accomplish this, we built normalized trajectories for each
subject from averaged foot motion, which we de-normalize
to generate a step-specific trajectory.

To construct these trajectories, we collected p,,/,, and 0 foot
during each right leg swing phase for a given subject. Each
resulting vector of different lengths was resampled to 100
data points. Vectors of p,,, were normalized by subtracting
the first index value and dividing by the last index value.
Vectors of 0., were normalized by dividing by the first
index value. We then fit a 7th order Bézier polynomial to
the average of each set of normalized vectors, such that
the resulting polynomials progress along time-based phase
variable 7 € [0 1].

Within our controller, a de-normalizing process is used to
generate prosthesis trajectories based on the predictor model
outputs p,, and Tssp. Each positional Bézier coefficient
is first multiplied by the difference between the toe off and
predicted heel strike hip-heel distances (p~ —p™), then offset
by adding pt. Bézier coefficients for 6., are multiplied
by the initial 6., value since we do not predict the final
value. We rescale 7 to span [0, Tssp] and evaluate the
de-normalized coefficients to form continuous polynomial
trajectories that progress from the toe-off value at time ¢ = 0
to the final value at t = Tss p (Fig. 3b). If heel strike does not
occur by t = Tssp, the final trajectory values are gradually
decreased to achieve ground contact.

D. Task-Space Control for Prosthesis Step Placement

Having created a model to predict desired step placement
and constructed human-like trajectories to reach this step
placement, we then formulated a tracking controller to enable
the prosthesis to follow these trajectories. This task-space
controller uses a rigid body dynamics model-based control
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Fig. 3. (a) The step placement model predicts future prosthesis heel strike
hip-heel positions and swing duration based on current heel strike stance
states. (b) De-normalizing method for scaling Bézier coefficients for swing
phase trajectory generation. (c¢) Prosthesis model with base coordinates gy,
knee coordinate 6, ankle coordinate 6, socket forces F', and output y,
(orange) tracking a desired trajectory y, (green).

approach that considers the real-time dynamics of the user
and the prosthesis.

A 3D three-link prosthesis model serves as the basis
for designing task-space control for a transfemoral pros-
thesis user (Fig. 3c). We define the joint configuration
q = [qf.¢)]" € R® as comprising six unactuated base
coordinates q;, € RS, representing the user’s hip position and
orientation, and two actuated prosthesis joints g, = [0k, HQ]T,
for the knee and ankle. The prosthesis socket is displaced
from the base by the length of the residual femur, and the
tibial pylon length is scaled such that the total leg length
matches that of the corresponding human subject. Prosthesis
component geometry, masses, and moments of inertia are
defined by the MyoSim Open Source Leg (OSL) model [38]
with the tibial pylon mass scaled by its new length. The
Euler-Lagrange dynamics equation [39] for this system is:

D(q)i+ H(q,q) = Bu+ J(q)"F, (5)

where D(q) is the inertia matrix; H(q, ) are gravitational,
centrifugal, and Coriolis forces; B = [0ax¢ Iax2]” is the
actuation matrix; v is the control input; and J(q) is the
Jacobian projecting the socket interaction forces and torques
F € RS into joint coordinates. We omit ground reaction
forces from the model since swing phase does not include
ground contact.

Task-Space Swing Control. Here, we formulate a model-
based feedback-linearization controller to achieve continuous
task-space trajectory tracking during swing phase using a
method similar to [34], [40]. Let y,(q) = [pz,py,ﬁfoot]T
represent the prosthesis’ planar hip-heel and foot angle
values as a function of joint configuration ¢ € RS, and
ya(7,b) represent the desired outputs defined by the de-
normalized swing trajectory Bézier polynomials and phase
variable 7. At time ¢, 7 is evaluated as 7 = —% where

T t—to’
to is the start of swing phase and t; = Tggp. We define

the output of the task-space controller as y = y, — yq. To
construct a control law that drives the output y to 0, we first
differentiate y(q) twice with respect to time, which yields
output accelerations as functions of ¢ and its derivatives:

o (dy 0y ..
=—|=2q¢ )4+ ==q. 6

aq(aqq)q+aqq (6)
Solving (5) for ¢ and substituting this into (6) provides
the mapping between heel acceleration and knee and ankle
input torques u through Lie derivatives L}y(q, d) € R3 and
LgLyy(q,q) € R%** [41]

. 0, 0y. . Oy

i(q) = %(%Q)q %

ii(q)

(D(@)"H(~H(q) + JTF))

L3y(q,9)
¥

7

ay @)

Jq

LgLyfy(q,q)

To track the desired trajectory, we define an auxiliary
feedback term p = —Kp(yo — ya) — Kv (o — ya) with
tunable gains Kp and Ky. We compute the prosthesis
torques v through:

w=LyLy(q,q)" " (=Ly(q.q) + p+§a)- (8

The above is an over-constrained problem with 3 outputs
and 2 inputs requiring a non-square matrix inversion of
Lie derivative LgyLyy. It also includes both translational
and rotational outputs of varying importance for our step
placement control. We therefore calculate L,L¢y~! using a
weighted damped Moore-Penrose pseudo-inverse: [42]:

LyLyy™' = Wiy (Jw Il + X)W, 9)
Jw =Wy LyLiyW,, (10)

+ —>D(¢q)"'Bu.

where W, € R? and W, € R? are input and output weights,
respectively, and X is the damping coefficient. Values for
Kp, Ky, W,, and X were tuned manually in the simulation
environment described in III. The resulting u calculated
by the task-space controller considers model dynamics and
input/output weighting to track our desired trajectories during
swing phase (Fig. 3c). Note that while the control output is
defined via a planar model, the task-space controller realizes
trajectory tracking with a 3D prosthesis model.

This control pipeline provides a general framework to
develop user-specific step-placement prosthesis controllers.
For a given user, a predictive step placement model and a
normalized set of trajectories could be generated based on
able-bodied data from a person with similar anthropomorphic
parameters to the user. The task-space tracking controller
accounts for real-time user dynamics through its inclusion of
the interaction forces and hip states in the dynamic model.
These measurements can be obtained via a socket-mounted
six-axis load cell and inertia measurement unit (IMU) on a
powered prosthesis platform [43]. While an IMU can only
measure the rotational components of the hip states, the
linear components can be set to O since they do not have
a meaningful effect on the model dynamics. The feedback
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swing phase task-space control. Human data provides inputs to a human-
prosthesis model that determines the current human-prosthesis interaction,
accounting for the current prosthesis dynamics. Based on the current human
states and interaction forces, the prosthesis controller calculates new torque
values and the prosthesis model dynamics are forward simulated.

linearizing controller can be realized on hardware through
an inverse dynamics quadratic program, which provides a
computationally feasible and numerically stable version of
this control law [43], [44].

III. HUMAN-PROSTHESIS SIMULATION

To test our step placement controller, we developed a novel
human-prosthesis simulation environment that integrates hu-
man data with a forward dynamics prosthesis simulation to
provide realistic human inputs and estimation of human-
prosthesis interaction dynamics. We specifically used this
simulation to evaluate the performance of our step placement
control approach over a range of walking speeds.

Human-Prosthesis Model. The human-prosthesis model for
the simulation consists of a 3D human skeleton spliced with a
powered prosthetic leg (Fig. 4). We created MuJoCo skeletal
models by converting the human models from [37] using
the converter provided by [45]. We replaced the human leg
segments distal to the right femur with the OSL model
described in II-D. The OSL socket was attached to the right
femur and positioned to match the hip-to-knee distance of
the biological leg. Contact points were added to the bottom
of the OSL foot.

During simulation, we prescribe positions, velocities, and
torques (¢7, ¢, u™) from motion capture data [37] at time
t to the human-prosthesis model’s human joints. GRFs from
force-plate data FgH are applied to the calcaneus of the sound
limb. The prosthesis positions and velocities (g, g), control
torques u, and GRFs Ff come from a forward simulation
of the prosthesis model. Based on this composition of
pre-recorded human data and current prosthesis simulation
data, the socket interaction forces F' are determined through
forward dynamics.

Prosthesis Forward Simulation. We perform a forward
dynamics simulation on a separate prosthesis model to test
our desired control. The global coordinates of the prosthesis
model are set to the position of the prosthesis in the human-
prosthesis model. The socket interaction forces determined
from the human-prosthesis model are applied to the socket
after being filtered with a first-order low-pass IIR filter to

attenuate sudden socket force changes. GRFs are determined
through a soft contact model at the foot contact points. The
desired control inputs are applied to the prosthesis joints and
then the prosthesis model is forward simulated for a single
timestep via 4th-order Runge-Kutta integration. A constant
time step of 10kHz is used to enhance simulation stability.
These control inputs and the resulting joint positions, joint
velocities, and GRFs are sent back to the human-prosthesis
model to define the prosthesis kinematics and kinetics.

Step Placement Controller Simulations. In this simulation
environment, we conducted extensive simulations of our
prosthesis swing-phase step placement controller to assess
its performance and ability to replicate the behavior of bio-
logical limbs. We defined a prosthesis heel reference point at
the same location relative to the hip as the heel marker on the
removed leg. This point was used to calculate p,/, and y,.
To determine our desired step placement, we calculated our
inputs p_- /y based on the human joint angles at left heel strike
and a planar prosthesis model. For steps beginning from
standing, the initial joint configuration was used. We then
used human data at right toe off to set the initial conditions
for the prosthesis simulation, and began forward simulation.
Task-space control inputs were calculated at each time step
and filtered with a first-order low-pass IIR filter to attenuate
any sudden changes. In the control calculation, we set the
Cartesian components of ¢;, and ¢y to O since these quantities
would be unknown on hardware. The simulation concluded
once prosthesis heel strike occurred or Tssp + 0.4s was
reached. We performed simulations for 22 subject models,
each with 28 steady-state and 35 non-steady-state walking
conditions [37]. Each of these 1,386 walking conditions
consisted of multiple steps, yielding a total of 20,571 swing
phase simulations.

IV. SIMULATION RESULTS

In this section we present the performance of our prosthe-
sis step placement control approach. We evaluated predictive
step placement model accuracy as the RMSE between the
measured and predicted values for p:/y and Tsgp. Task-
space controller performance was assessed by the tracking
RMSE at Tssp. We assessed gait stability by the Mar-
gin of Stability (MoS) at heel strike. We calculated the
RMSE between the MoS values from the human-prosthesis
simulation and the human data of each step. All RMSE
results were first computed per subject and then the mean
across subjects was computed. Results are separated into
means across all steps, only steady-state steps, and only non-
steady-state steps. Results are plotted for subject AB12 from
[37], who was chosen at random. The trends in controller
performance for this subject are reflective of the trends seen
across all subjects.

Predictive Step Placement Model Results. Our step place-
ment model horizontal position, ]5;, predictions were, on
average, within 1.9 cm of the ground truth hip-heel positions,
pr. This error slightly decreased for steady-state steps (1.5
cm), and was higher for non-steady-state steps (4.3 cm). The
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TABLE I
STEP PLACEMENT PREDICTION ERROR ACROSS SUBJECTS

Prediction with Human Data Input mean + s.d.

Step type pi leml  py [em] Tssp [s]

All steps 19+06 05+0.1 0.032 % 0.009
Steady-state 1.5+£05 0401 0.027 £ 0.008
Non-steady-state | 43 += 1.6 0.7 0.2 0.066 + 0.027

Prediction with Prosthesis Data Input mean + s.d.

Step type pi lem]  py [em]  Tssp [s]
All steps 19+05 05+01 0.033 £ 0.009
Steady-state 1.5+£05 04+£01 0.028 £ 0.008
Non-steady-state | 43 = 1.6 0.7 £ 0.2 0.066 + 0.027
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Fig. 5. Measured pi and predicted P for all steps for a single subject
using human input data. Dashed line marks the ideal 1:1 relationship.
hip-heel positions predicted by the model compared to the
ground truth for all walking speeds are shown for one subject
in Fig. 5. The model achieved vertical hip-heel distance
predictions, ]5;[, and swing phase duration predictions, Tssp,
within 0.5 cm and 0.032 s of the true values, on average.
These errors were slightly smaller across steady-state steps,
but increased for non-steady-state steps. All mean values and
standard deviations are given in Table I.

Increased errors for non-steady-state steps are likely due
to adjustments made by the subject during swing phase
in response to ongoing treadmill speed changes. Since the
predictive model does not update predictions during swing
phase, these adjustments are not accounted for in the final
prediction. Due to small segment length and joint orientation
differences between the human limb and the prosthesis,
predictions using the prosthesis model slightly changed the
prediction errors, as shown in Table I. These results demon-
strate the model’s ability to capture subject-specific step
placement patterns, thereby providing a systematic method
to generate user-specific prosthesis controllers.

Task-Space Controller Results. Next, we present the task-
space controller performance. Errors between the prosthesis
foot and desired task-space trajectories throughout swing
phase are depicted for all steps for a single subject (Fig. 6).
Mean trajectory tracking RMSE at Tssp is listed in Table
II. These errors were on average 0.4 cm for the horizontal
position, p,, and 0.9 deg for the foot angle, 0,,;. Slightly
smaller errors were seen in steady-state steps (0.3 cm, 0.7
deg) while higher errors were seen in non-steady-state steps

TABLE I
SWING TRAJECTORY TRACKING ERROR AT Tgsp ACROSS SUBJECTS

Tracking Error mean =+ s.d.

Step type P [cm] py [em]  Oro0; [deg]
All steps 04 +£03 04+0.1 09 £ 04
Steady-state 03£01 04£0.1 0.7 £0.2
Non-steady-state | 1.0 = 1.2 04 + 0.2 1.6 £ 1.5
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Fig. 6. Task-space controller tracking errors for horizontal/vertical heel

position and foot angle for all steps for a single subject.

(1.0 cm, 1.6 deg). The increased errors at non-steady-state
conditions is likely due to the higher error in step placement
prediction at these conditions. This prediction error could
have caused the trajectory to be more difficult to track,
especially at the end of swing phase. However, vertical
tracking error was much more consistent between steady-
state and non-steady-state conditions (0.4 cm), suggesting
this performance was less affected by the prediction errors
at non-steady-state conditions.

One issue that arose was occasional heel or toe scuffs,
where the heel or toe contact points went below the ground
height well before ng p. Heel strikes were considered heel
scuffs if they occurred before TSS p — 0.1 s. Successful heel
strikes without heel scuffing occurred in 98% of steps, and
on average occurred 0.007 s after Tss p. Heel strikes did not
occur in 0.005% of all steps. Heel and toe scuffs occurred
in 2.0% and 0.3% of steps, respectively.

This tracking performance across 20,571 different tra-
jectories highlights the ability of this model-based control
approach to generalize across users and walking speeds. By
only requiring updates to the physical prosthesis parameters
while accounting for human dynamics through socket force
and motion sensing, the controller adapts to various prothesis
users and walking speeds without redesign.

Margin of Stability. MoS [29] is a widely-used biomechan-
ical measurement of gait stability that considers the CoM
position and velocity with respect to step placement. Specif-
ically, it measures the relationship between the extrapolated
CoM position and the anterior base of support (BoS) defined
by the feet. In biomechanics research, sagittal plane MoS at
heel strike is often used to assess how different walking con-
ditions affect stability. While there is no discrete threshold
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Fig. 7. Human and prosthesis right heel strike MoS values for all steps

for a single subject.

that leads to falling, researchers use relative changes in the
MoS to measure how subjects adjust their level of stability
in response to walking conditions. For example, the MoS has
been observed to decrease linearly with respect to walking
speed [46]. The MoS is calculated as:

VCoM

MoS = ppos — (poons + —21), (11)
m

wo=+g/L, g= 9'81;2, (12)

where pcoons is the distance between the trailing foot and
the CoM, pp,s is the distance between the trailing foot and
the front foot, vo,ps is the CoM velocity, g is gravitational
acceleration, and L is the effective inverted pendulum length.

We assessed the performance of our prosthesis controller
by comparing the MoS achieved by the human right leg
and the prosthesis for the same steps. For both human
and prosthesis MoS, we estimated the CoM position as the
midpoint of the four sacroiliac markers on the pelvis filtered
with a 4th-order Butterworth filter at 6 Hz. Differentiating
the global CoM position yielded vcons. We measured L as
the mean CoM height during a static standing trial. Human
and prosthesis pp,s were defined as the distance between
the right foot/prosthesis heel marker and the left toe tip
marker at human/prosthesis heel strike, respectively. With
these values at the respective human or prosthesis heel strike,
we calculated MoS and compared the quantities for steps that
had a successful prosthesis heel strike.

Human and prosthesis MoS values are plotted against
treadmill speed at heel strike for a single subject (Fig. 7). For
all subjects, the human and prosthesis MoS follow similar
downward trends to one another with respect to walking
speed. Mean MoS RMSE across all subjects was 2.4 + 1.1
cm for all steps, 2.3 4+ 1.2 cm for steady-state steps, and 3.5
+ 1.3 cm for non-steady-state steps. The slightly higher MoS
errors for non-steady-state steps is likely a result of the step
placement prediction errors attributed to user adjustments
during swing phase. Overall, these similar MoS patterns
indicate that our prosthesis controller emulates human dy-
namic balance strategies, suggesting it may promote more
stable and efficient gait and could reduce user compensatory
behaviors.

V. CONCLUSION AND FUTURE WORK

This work achieved human-like step placement behavior
on a powered knee-ankle prosthesis in simulation. By con-
structing subject-specific step placement prediction models,
we modulated swing-phase task-space trajectories to yield
desired foot placement relative to the user’s hip. This frame-
work creates a unified objective for multi-joint prostheses,
yielding a coordinated control approach that modulates the
global quantity of step placement in response to whole-
body states. Additionally, we developed a novel human-
prosthesis 3D simulation environment that provides realistic
human inputs and estimation of human-prosthesis interaction
dynamics. Within this simulation, we assessed the perfor-
mance of our step placement controller for 22 subject models
and across a range of walking speeds and speed transitions.
Our controller achieved human-like step-placement and gait
stability patterns with respect to walking speed, as measured
by Margin of Stability. These results demonstrate this control
approach’s potential to systematically generate user-specific
controllers that enable stable, speed-adaptive prosthesis con-
trol, to support the daily activities of prosthesis users.

Future work will involve expanding the step placement
predictor by developing a model of perturbed walking,
enabling the prosthesis to react to more varied conditions
and prevent falls. To improve our step placement predictions
at non-steady-state walking, we will investigate methods
to estimate the CoM online to update our step placement
predictions during mid-swing. Additionally, we will consider
incorporating a phase-variable into our trajectory generation
to enable volitional control during swing-phase [13], [47].
The human-prosthesis model’s physical realism can also be
improved by adjusting the femur-socket interface constraint
to model second-order interaction dynamics. Finally, incor-
porating speed-adaptive stance phase control would complete
the framework to realize this controller on hardware and
evaluate with people with amputation.
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