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Energetic Passivity of the Human Ankle Joint
Hyunglae Lee, Member, IEEE, and Neville Hogan, Member, IEEE

Abstract—Understanding the passive or nonpassive behavior
of the neuromuscular system is important to design and control
robots that physically interact with humans, since it provides
quantitative information to secure coupled stability while maxi-
mizing performance. This has become more important than ever
apace with the increasing demand for robotic technologies in
neurorehabilitation. This paper presents a quantitative character-
ization of passive and nonpassive behavior of the ankle of young
healthy subjects, which provides a baseline for future studies
in persons with neurological impairments and information for
future developments of rehabilitation robots, such as exoskeletal
devices and powered prostheses. Measurements using a wearable
ankle robot actuating 2 degrees-of-freedom of the ankle combined
with curl analysis and passivity analysis enabled characteriza-
tion of both quasi-static and steady-state dynamic behavior of
the ankle, unavailable from single DOF studies. Despite active
neuromuscular control over a wide range of muscle activation,
in young healthy subjects passive or dissipative ankle behavior
predominated.

Index Terms—Dissipativity, human ankle dynamics, joint me-
chanical impedance, passivity, physical human-robot interaction.

I. INTRODUCTION

T HE demand for rehabilitation services for people with
neurological disorders is rapidly increasing with an aging

population. For example, nearly 800 000 Americans experience
a new or recurrent stroke each year [1], and according to the
World Health Organization, 15 million people worldwide suffer
stroke annually [2]. The potential to use robotic technologies to
aid in the treatment of neurological disorders has grown tremen-
dously in recent decades [3], and robotic movement therapies
for restoring arm function to stroke survivors is now recom-
mended by the American Heart Association [4] and the Depart-
ment of Veterans’ Affairs [5]. Robotic methods for lower-ex-
tremity rehabilitation are a critically important research area for
enhancing mobility and independence. Although robotic ther-
apies for lower-extremity rehabilitation have been extensively
performed and evaluated (e.g., using Lokomat [6], [7], Gait-
Trainer I [8], and HapticWalker [9]), these technologies are still
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in development and recommendations for clinical use have not
yet been achieved [4]. Much remains to be done before the great
potential of robotic therapies for lower-extremity rehabilitation
can be realized to the level of upper-extremity rehabilitation in
clinical settings.
In addition, a number of exoskeletal devices have recently

been introduced as assistive technologies for rehabilitation
or to augment unimpaired human performance, for example,
Cyberdine HAL [10], Ekso Bionics exoskeleton [11], ReWalk
Robotics ReWalk [12], Indego [13], Sarcos XOS [14], Lock-
heed Martin HULC [15], MIT Exoskeleton [16], and Harvard
soft exoskeleton [17]. There also have been many recent
advances in the design and implementation of active pros-
thetic legs to restore lower-limb function in amputee patients
[18]–[21].
One of the most important requirements in all of these appli-

cations in which robotic technologies operate in close physical
contact with humans is to guarantee coupled stability while
maximizing performance. One way to guarantee coupled sta-
bility between a robot and an arbitrary passive environment is
to design and control the driving-point mechanical impedance
1 of the robot to be that of an energetically passive system [22],
[23]. Driving-point impedance is the dynamic relation between
input velocity (angular velocity) and output force (torque),
where the scalar product of force and velocity (torque and
angular velocity) determines power into the interaction port
defined thereby. While most physical environments are passive,
we cannot assume a priori that human limbs or joints are fun-
damentally passive, as they are controlled by active feedback
neuromuscular mechanisms [24], [25]. This is especially true
for individuals with neurological impairments, who commonly
exhibit abnormal reflex feedback and altered muscle mechanics
[26].
On the other hand, designing a robot's control system to

achieve passive driving point impedance may be excessively
conservative and limit performance. Less conservative designs
may be achieved if a quantitative knowledge of human inter-
active dynamics is available [27]. In fact, as we show in the
following, the ankle impedance of unimpaired humans is not
merely passive, it is strongly dissipative in certain frequency
ranges. This may permit even fewer conservative controller
designs for physically interactive robots [28].
The human ankle plays a key role in lower-extremity motor

functions [29], [30]. The objective of the study reported here
was to characterize the passive (or nonpassive) behavior of the
ankle, with a view to provide a baseline for future studies in
persons with neurological disorders and also provide design
data for exoskeletal devices and powered prostheses. In 2
degrees-of-freedom (DOF)—dorsiflexion-plantarflexion (DP)

1For brevity, we often omit the “mechanical” prefix.
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and inversion-eversion (IE)—the energetic passivity (or non-
passivity) of the ankle of young healthy subjects in response
to external position or torque perturbations was quantified by
curl analysis [31] and passivity analysis [22], [32]. Previous
work by the authors showed that the quasi-static ankle behavior
of young healthy individuals with relaxed muscles is passive,
evidenced by a negligible curl field [33]. In the study reported
here the characterization was extended to active muscle con-
ditions, and both quasi-static and steady-state dynamic ankle
behaviors were quantified. Given the ability of healthy individ-
uals to stably control the ankle in a variety of lower-extremity
functional tasks requiring physical contact, we hypothesized
that energetically nonpassive behavior of the ankle of young
healthy individuals is significantly smaller than its passive or
dissipative behavior even when muscles are active. A part of
this work has appeared in the proceedings of a conference [34].

II. METHODS

A. Subjects
In this study, two different sets of experiments were per-

formed to characterize both quasi-static and steady-state
dynamic ankle behaviors. Two groups of ten healthy individuals
with no reported history of neuromuscular disorders or ortho-
pedic limitations were recruited. One group (seven males, three
females; age 19–31; height 1.55–1.80 m; weight 55.8–81.6 kg)
participated in the quasi-static ankle experiment and the other
group (five males, five females; age 21–37; height 1.58–1.90
m; weight 48.0–80.0 kg) participated in the steady-state dy-
namic ankle experiment. All protocols were approved by MIT's
Committee on the Use of Humans as Experimental Subjects
and written informed consent was obtained from all subjects.

B. Experimental Setup
Details of the experimental setup have been provided pre-

viously [35]. In summary, a wearable ankle robot (Anklebot,
Interactive Motion Technologies Inc., Watertown, MA, USA)
was used in both experiments. The robot is highly backdrivable
with intrinsically low mechanical impedance and allows normal
range of motion in all 3 DOFs of the foot, and 2 DOFs (IE
and DP) are actively controlled. A surface electromyographic
(EMG) system (Myomonitor IV, Delsys Inc., Natick,MA,USA)
was used to measure activity of the ankle muscles. In addition,
a visual feedback display showing the target and current levels
of muscle activation was provided to help subjects voluntarily
activate a specific muscle and maintain it at the target level.
Subjects were seated wearing an appropriately sized knee

brace and a custom designed shoe with a mounting bracket. The
robot actuators were mounted to the knee brace and their ends
were connected to the shoe bracket. During measurements, the
ankle was held by the robot in a neutral position, set as a right
angle between the sole and the tibia. In addition, a right angle
between the thigh and shank was maintained and the weight of
the robot and leg was supported against gravity (Fig. 1).
Bipolar surface EMG signals were recorded from the tibialis

anterior (TA), peroneus longus (PL), soleus (SOL), and medial
gastrocnemius (GAS). EMG signals were amplified with a gain
of 1000 and band-pass filtered between 20 and 450 Hz using

Fig. 1. Experimental setup. Subject wearing Anklebot in a seated posture.

fourth-order filters. Amplitudes of the EMG signals were calcu-
lated using a root-mean-square filter with a moving window of
200 ms after removing any dc component.

C. Experimental Protocol
At the start of the experiment, a series of maximum voluntary

contractions (MVCs) were performed based on standard muscle
testing procedures [36]. The MVC level of each muscle was
used as a reference to calculate normalized EMG amplitudes
and set target muscle activation levels in the main experiments.
In this study, two different types of measurements were made
while subjects maintained nominally constant muscle activation
at different target levels of TA and/or SOL.
In the quasi-static ankle experiment, the nonlinear torque-

angle relationship at the ankle was identified to enable curl anal-
ysis. Measurements were made under three different muscle ac-
tivations; in two of them subjects were instructed to maintain
constant activation of TA or SOL at 10% MVC, and in the third
condition subjects were asked to co-contract both TA and SOL
at 10%MVC. SOLwas selected over GAS, since GAS is a bi-ar-
ticular muscle that crosses both the ankle joint and the knee
joint, which may induce motions at the knee. When subjects
maintained the selected target activation level, the robot applied
slow ramp perturbations to the 2 DOFs of the ankle with nom-
inal displacement amplitude of 15 . A simple impedance con-
troller with proportional gain 200 Nm/rad and derivative gain 1
Nms/rad was used [37], and the speed of perturbations was set
as 10 s, low enough to maintain quasi-static conditions so that
contributions of inertia and viscosity wereminimal, and to avoid
evoking stretch reflexes [38]. Each measurement consisted of
a total of 24 movements along 12 equally spaced directions in
IE–DP space, once outbound from the neutral position to the
target position and once inbound back to the neutral position
[Fig. 2(a)]. Four repetitive measurements were performed for
each activation condition to minimize any possible effects due
to inconstant muscle activation. A rest period of at least three
minutes was given between measurements to avoid muscle fa-
tigue. Torques and the corresponding angular displacements at
the ankle in 2 DOFs and EMG data were recorded at 200 Hz.
In the steady-state dynamic ankle experiment, while subjects

maintained target muscle activation levels, the robot applied
mild random torque perturbations (white noise band-limited be-
tween 0 and 100 Hz) to the ankle for 40 seconds. Ankle torques
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Fig. 2. Measurements for quasi-static and steady-state dynamic studies.
A: Quasi-static ankle study. Top row: perturbations began with the eversion di-
rection (0 ), rotated by 30 in counter-clockwise direction on each subsequent
perturbation in the IE–DP space and ended at 330 . Red and blue lines denote
outbound and inbound measurements of displacements, respectively. Bottom
row: angular displacements and corresponding torques in the IE–DP space
for outbound data. B: Steady-state dynamic ankle study. Samples of torques
and corresponding angular velocities in the IE'–DP' space (rotating the IE–DP
coordinates by 45 counter-clockwise).

and angular velocities and EMG data were recorded at 1 kHz
[Fig. 2(b)]. This enabled estimation of ankle impedance at fre-
quencies up to 50 Hz with a resolution of 0.25 Hz. Measure-
ments were made at different target levels of TA and SOL ac-
tivity, from 10% to 30% MVC with increments of 5% MVC. A
simple impedance controller with a proportional gain 2000 N/m
(in joint coordinates, this corresponds to 37.2 and 76.0 Nm/rad
for IE and DP, respectively) was implemented for each actuator
to hold the ankle near its initial position against active ankle
torques and combined with the random perturbations [35].

D. Analysis Methods

Curl analysis and passivity analysis were performed to
investigate the passive or nonpassive behavior of the ankle.
While curl analysis informs how close ankle impedance is to
an energetically passive system over a considerable range of
motion of the ankle (nominal displacement amplitude of 15
in IE-DP space), it is limited to the quasi-static component of

ankle impedance. On the other hand, passivity analysis quanti-
fies ankle impedance over a wide range of frequency, but only
for small displacements near the neutral position of the ankle
due to mild random torque perturbations (root-mean-square
values were 3.3 and 2.2 Nm for DP and IE directions, respec-
tively). Details of the methods for curl analysis and passivity
analysis are fully documented in [31] and [22], respectively;
brief descriptions are provided as follows.
For curl analysis, the nonlinear torque-angle relationship at

the ankle in 2 DOFs was first approximated as a vector field ( )

(1)

where and are angular displacements in the IE and DP
directions, respectively, and and are the corresponding
applied torques. The field was approximated by optimal scalar
function estimation based on thin plate spline smoothing [39]
with generalized cross validation [40]. This method was veri-
fied in our previous work to be sufficiently accurate to elimi-
nate the effect of noise yet sufficiently sensitive to respond to
small changes in muscle activation [33]. Before vector field ap-
proximation, torques required to overcome the friction of the
actuators were identified by ten repetitive measurements fol-
lowing the experimental protocol explained above but without
a human subject. The average of these measurements was sub-
tracted from the measured torque. When averaged across 24
movement directions as well as across repeated trials, the mean
and standard deviation (SD—shown in parentheses) of the es-
timated friction torques were 0.69 (0.01) Nm and 1.16 (0.01)
Nm in and , respectively. In addition, data points around
the neutral position (0–1 ) and the targets (14–15 ) were elimi-
nated to remove the effect of initial lengthening and shortening
of muscle fibers [41]. Four repetitive measurements in 24 direc-
tions (12 outbound, 12 inbound) were approximated separately,
and outbound and inbound data were averaged into a single con-
tinuous vector field.
For sufficiently small deviations from any point in the

displacement field, the torque-angle relation can be linearly
approximated, and a stiffness matrix ( ) can be defined at
that point. The stiffness matrix is further decomposed into
a conservative ( , passive) and a rotational component
( , nonpassive) (see Appendix A), and comparison of the
relative magnitudes of and enabled quantification of
the extent to which the ankle is energetically passive. The
ratio (in percentage) of the square roots of the determinants
of the anti-symmetric ( ) and symmetric ( ) parts of the
stiffness matrix, which may vary from 0 to , was calculated
to assess the relative contribution of nonzero curl components
in the rotational field to the corresponding components in the
conservative field

(2)

When the rotational field has no curl, i.e., and
accordingly , the torque field can be derived from
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TABLE I
MEASURED MUSCLE ACTIVATIONS IN QUASI-STATIC ANKLE STUDY

a potential function, meaning that the system is fundamentally
spring-like. The other extreme is when the field is purely de-
scribed by a rotational field (zero divergence, i.e.,
), which results in .
Passivity analysis provides a means to quantify passive, dis-

sipative, and active behavior of the ankle over a range of fre-
quencies [22], [32]. In brief, the passivity criterion for a linear
-port multi-input/multi-output (MIMO) system is described as

follows (Appendix B):

(3)

where denotes frequency and is the complex operator. is
an transfer matrix relating inputs ( ) and outputs ( ) to the
system, and and are power conjugate variables (their inner
product defines power flow into the system). If equality is re-
stricted from (3), the system is dissipative. Linear time-invariant
MIMO stochastic system identification methods [42]–[44] were
used to estimate . In this study, inputs and outputs were se-
lected in rotated joint coordinates (IE –DP ), defined by rotating
the original joint coordinates (IE–DP) by 45 counter-clock-
wise: and ,
where represents torques at the interaction port, i.e., at the
ankle, and denotes the corresponding angular velocities. The
transformation was performed because estimates of the off-di-
agonal components of the transfer matrix in the original joint
coordinates were not reliable due to negligible coupling be-
tween 2 DOFs of the ankle [35], [44]. In fact, the choice of and
is coordinate independent, since passivity analysis deals with

power exchange at the interaction ports, where power is
a scalar quantity and hence invariant under coordinate transfor-
mations. Energetic passivity or dissipativity of the ankle was as-
sessed by evaluating whether was
positive semi-definite or positive definite, respectively. More
specifically, all of the leading principal minors of the
( and ) were evaluated. Both and were checked,
since the order of inputs and outputs can be arbitrarily selected
(IE' first and then DP' or vice versa). In addition, as in the curl
analysis, the ratio ( ) of the square roots of the determi-
nants of the anti-symmetric ( ) and symmetric ( ) parts of
the impedance matrix ( ) were calculated (in percentage) to as-
sess the relative significance of any nonpassive behavior. The
impedance matrix was estimated using torques at the ankle and
corresponding angular displacements [44].

Fig. 3. Representative example of a decomposed vector field. A representa-
tive example (subject #2) of a decomposed vector field, i.e., a conservative field
and a rotational (curl) field, is shown. A: TA active study, B: SOL active study,
C: Co-contraction study. First and second column: conservative field and rota-
tional (curl) field. Black lines in the rotational field denote statistically signifi-
cant nonzero curl components.

III. RESULTS

A. Curl Analysis
In the quasi-static ankle study, subjects could maintain con-

stant muscle activation around the target levels (Table I). The
measured normalized TA activation levels [mean (SD) across
subjects] were 8.6% (0.6%) and 9.6% (1.4%) for the TA active
study and co-contraction study, respectively. Activation levels
of the SOL were 8.1% (1.3%) and 8.3% (0.9%) for the SOL
active study and for the co-contraction study, respectively. One
subject (#1) from the SOL active study and another (#6) from
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Fig. 4. Distribution of curl components for each subject. A: TA active study,
B: SOL active study, C: Co-contraction study. The -axis is the subject number
and the y-axis the curl value [Unit: Nm]. In each box, the central mark is the me-
dian and the edges of the box are the 25th and 75th percentiles of all curl values,
and the whiskers extend to the most extreme data points not considered outliers.
Two orange lines ( 0.719 and 0.728 Nm) denote the criteria for nonzero curl.

the co-contraction study exceeded the torque limit of the hard-
ware, and their data were excluded from subsequent analysis.
Statistically significant nonzero curl was observedwhenmus-

cles were active (Fig. 3). A criterion for zero curl was defined
from four repetitive measurements using the same experimental
protocol but unconstrained by a human subject. Ideally, a curl
field (rotational field) of these measurements should be zero,
since the robot was implemented as a passive system. Thus,
any nonzero curl identified from the friction-compensated mea-
surements was regarded as artifactual, due to the limited pre-
cision of measurements and/or numerical errors in differentia-
tion. The artifactual curl components followed a normal distri-

TABLE II
IN QUASI-STATIC ANKLE STUDY

bution ( according to MATLAB's jbtest function) with
0.01 (0.37 Nm) [mean (SD)], implying that any value outside
the range 0.72 to 0.73 Nm was significantly different from
zero with 95% confidence. According to this criterion, signifi-
cant nonzero curl components were observed in some regions
of the rotational field in seven out of ten subjects for the TA ac-
tive study, eight out of nine subjects for the SOL active study,
and all nine subjects for the co-contraction study. However, we
found no common patterns of nonzero curl, more specifically
its location in the displacement field, across subjects as well as
across muscle activation conditions.
Though significant nonzero curl was observed, the distribu-

tion of curl components for each subject showed that a large
portion of the measurements fell within the zero curl criterion
(Fig. 4). Group analyses across subjects further supported that
curl distributions in the rotational field are statistically not
significant; t-tests comparing the group data with the zero curl
criterion resulted in no statistical difference in all measured
conditions ( ). In addition, calculation of
showed that the anti-symmetric components of the stiffness
matrix were substantially smaller than its symmetric compo-
nents: 11.5% (2.0%), 13.7% (3.2%), and 11.3% (3.4%) for the
TA active, SOL active, and co-contraction studies, respectively
(Table II).

B. Passivity Analysis
In the steady-state dynamic ankle study, subjects could

maintain constant muscle activation around the target levels
(10%–30%MVC) in both the TA active and SOL active studies,
and the correlation coefficient ( ) of a linear fit of measured
activation levels onto target levels was very high, close to 1
for both studies (Table III). The system identification used in
passivity analysis was based on two assumptions that system
dynamics are: 1) time-invariant and 2) linear around the neutral
position of the ankle. The use of linear time-invariant system
identification based on mild random torque perturbations
was validated by the high percentage variance accounted for
(%VAF) between output measurements and predicted outputs
from identified impedances; in all measurement conditions the
%VAF was higher than 84.2 (0.9)% and 89.4 (0.4)% [group
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TABLE III
MEASURED MUSCLE ACTIVATIONS IN QUASI-STATIC ANKLE STUDY

TABLE IV
IN STEADY-STATE DYNAMIC ANKLE STUDY

Fig. 5. Group results for passivity analysis. A: TA active study, B: SOL active
study. The -axis is operating frequency [Unit: Hz]. The mean of ten subjects
for each muscle activation condition is presented.

results across subjects; mean (SD)] in DP and IE directions,
respectively.
Passive or nonpassive behavior of the ankle with active mus-

cles was quantified over a wide range of frequency. In the low-
frequency region where stiffness predominates ( 2 Hz), the
ankle with active muscles was energetically passive ( ) in
most of the measurements (Fig. 5); only one subject in the TA

study (#1) and three subjects in the SOL study (#2, #5, #9) ex-
hibited active behavior ( ) over a frequency range below
about 2 Hz. Again, a criterion for passivity was defined from
four repetitive measurements using the same protocol in the
steady-state dynamic study but unconstrained by a human sub-
ject. In the mid-frequency range (10–20 Hz), the impedance was
strictly dissipative ( ) indicating that ankle viscosity was
dominant in this region. Dissipative behavior diminished grad-
ually at higher frequencies as inertia became dominant but the
impedance remained passive (Fig. 5).
To further assess the significance of the active behavior in the

low-frequency region, the ratio was calculated below 2
Hz. In all measured conditions, the anti-symmetric components
of the impedance matrix were relatively smaller than the sym-
metric components: when results below 2 Hz were averaged and
grouped across subjects, were less than 8% and 10% in
the TA and SOL studies, respectively (Table IV).

IV. DISCUSSION

Understanding the passive or nonpassive behavior of the neu-
romuscular system is important, since a nonpassive system may
generate energy as a function of its motion, and that may af-
fect stability when interacting with its environment. It is impor-
tant to note that the passivity tested in this study is completely
distinct from the ability of a system (robot or human) to gen-
erate positive work using feedforward control. Instead, it refers
to the generation of positive or negative mechanical work solely
due to motion of the point(s) of contact with the environment.
That is why nonpassive behavior may evoke coupled instability
and why passive behavior can prevent coupled instability. This
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is a particular concern for robots that physically interact with
humans. Given the importance of the ankle in lower-extremity
motor functions, we quantified its passive and dissipative be-
havior in 2 DOFs (in the sagittal and frontal planes) with active
muscles.
Our main finding is that energetically passive and dissipative

behaviors of the ankle of young unimpaired subjects were sig-
nificantly larger than any nonpassive behavior, as we hypothe-
sized. This is one of the reasons why humans do not exhibit the
contact instability that is easily observed in robots. Passive and
dissipative behavior over a wide range of frequency may have
evolved as a property of the human neuromuscular system that
facilitated our spectacular dexterity, agility and ability to capi-
talize on physical interaction with objects.
In the quasi-static ankle study, passive and nonpassive be-

havior of the ankle joint was identified from curl analysis of
the nonlinear vector field relating torques to angular displace-
ments. Note that this analysis is not available in single DOF
studies, because curl determines the influence of displacements
in one DOF on forces and torques generated in another DOF.
While previous work reported that quasi-static behavior of the
fully relaxed ankle is that of a passive elastic system, i.e., has
zero curl [33], the study reported here demonstrated that gen-
erating a steady ankle torque or voluntarily co-contracting an-
tagonist muscles evoked statistically significant nonpassive be-
havior, i.e., nonzero curl. Failure to maintain constant muscle
activation might corrupt our measure of impedance and mas-
querade as nonzero curl. While we cannot completely rule out
nonconstant muscle activation, we averaged four repeated mea-
surements to minimize its effect on our results.
In the steady-state dynamic ankle study, passive, dissipative,

and active behavior of the ankle joint was identified from anal-
ysis of the locally linear driving-point impedance of the ankle
in 2 DOFs. The necessary and sufficient condition for a system
such as a robot or a human limb to be stable when coupled to
any stable and passive object is that its driving-point impedance
should be passive [45]. Coupled stability for a robot interacting
with its environment has been well addressed by controlling
its impedance [46], [47]. On the other hand, we cannot assume
a priori that human interactive behavior is fundamentally pas-
sive, since the central nervous system, from the spinal cord to
the cortex, participates in feedback control of motor behavior.
Unbalanced intermuscular feedback (e.g., from muscle spin-
dles or Golgi Tendon Organs) may introduce nonpassivity [31].
The study reported here demonstrated significant nonpassive
behavior of the ankle at low frequencies ( 2 Hz) in some of
the young unimpaired individuals, suggesting that it most likely
originated from feedback processes. In the mid-frequency re-
gion (around 10–20 Hz) behavior was not merely passive but
strongly dissipative. At still higher frequencies behavior became
less dissipative, though it remained passive (Fig. 5).
For the central nervous system to maintain passive ankle

impedance even when muscles were active would require any
heteronymous feedback loops (from the sensors of one DOF to
the muscles of another DOF) to be perfectly balanced [31]. But
perfection is rare in biological systems. If the biological system
had evolved to approximate passivity, albeit imperfectly, then
because of individual differences in motor ability, sensory

acuity, genetic factors, or other causes, we might expect indi-
viduals to differ in any departure from perfection. In fact, we
found no common pattern of nonzero curl in the displacement
field across subjects, consistent with individual differences in
imperfect tuning of feedback circuits. Moreover, because of the
delays introduced by the limited speed of neural transmission
(less than 120 m s in the fastest myelinated human neurons)
we might expect any nonpassivity due to imperfectly balanced
neural feedback to be confined to the lowest frequencies.
Indeed, our dynamic measurements showed that nonpassive be-
havior was confined to less than 2 Hz. Taken together, these
observations suggest that the human nervous system is tuned to
implement passive and dissipative interactive behavior, though
perhaps imperfectly.
Despite any imperfection, the nonpassive quasi-static be-

havior of the ankle with active muscles was quite small in these
unimpaired young subjects—the group average of
was less than 14% under all active conditions (Table II).
Moreover, even at the lowest frequencies, the nonpassive
dynamic behavior was also small—the value of aver-
aged over 0–2 Hz was less than 10% under all active muscle
conditions (Table IV). Our observation of essentially passive
behavior in the low-frequency region, dissipative behavior in
the mid-frequency region, and passive behavior in the high-fre-
quency region is consistent with previous findings that ankle
impedance in each DOF is well-approximated over a wide
range of muscle activation as a second-order model comprising
inertia, viscosity, and stiffness [35], [48]. It further validates
the 2-D spatial representation of ankle impedance presented
in our previous studies (the epi-trochoidal “peanut”-shaped
plots) [33], [44]. In particular, that representation depicts
the magnitude of impedance for each movement direction in
IE–DP space, i.e., the torques that oppose motion imposed in a
particular direction, but neglects torque components orthogonal
to that imposed motion, including all nonpassive components.
The results of this study provide quantitative data to inform

the design of exoskeletons and powered prostheses, robotic
technologies that perforce must interact physically with hu-
mans. Our data may enable superior performance because there
is an intrinsic tradeoff between stability and performance in
physical human-robot interaction. For example, if a human
joint is strongly dissipative in a frequency range of interest,
requiring a robot that interacts with it to be strictly passive
may be unnecessarily conservative. The robot's mechanical
impedance may be designed to be nonpassive to better utilize
the robot's performance, while still maintaining robust coupled
stability [27], [28].
Although we observed essentially passive and dissipative

behavior in our young unimpaired subjects, that may not be
the case in persons with neurological impairments, some of
the potential beneficiaries of exoskeletal or prosthetic assistive
technologies. In fact, we may expect substantial nonpassive
behavior from this population, since the damage to descending
neural pathways, such as may occur in stroke, may substantially
affect both central and peripheral neural networks and cause
nonpassive behavior due to altered feedback [26]. Previous
studies have demonstrated that both intrinsic and reflex prop-
erties of the pathophysiological ankle impedance are altered
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following stroke [49]–[52], multiple sclerosis [53], and spinal
cord injury [54], substantially deviating from the unimpaired
baseline. Further study of passivity or nonpassivity in persons
with neurological impairments is required. The results reported
here may serve as a baseline for that future work.
Together with methods developed by the authors to quantify

multi-DOF joint impedance [33], [44], [55], we suggest that
methods to quantify passivity or nonpassivity may add valuable
information to design control strategies or treatment protocols
for robot-aided neurorehabilitation. For example, if a patient ex-
hibits energetically nonpassive behavior, the robot may com-
pensate by being strongly dissipative to guarantee coupled sta-
bility. The robot's dissipativity could be modulated as needed,
as the patient recovers and the degree of nonpassivity changes.
Lastly, it is important to note the limitations of the current

study. This study was limited to time-invariant tasks and only
investigated locally linear behavior of the ankle within nominal
ankle displacement amplitude of 15 around a neutral ankle po-
sition. Future investigation of ankle passivity or nonpassivity in
time-varying tasks, such as walking, is needed to complement
current findings. In that way, wemay provide better implications
for the design and control of human-interactive robots and facil-
itate further refinement of custom-tailored neurorehabilitation.

APPENDIX A
VECTOR FIELD DECOMPOSITION

Although the vector field may be nonlinear for large dis-
placements, it is approximately linear for small deviation about
any point in the displacement field, given that the field is
sufficiently smooth around that point . Torque-an-
gular displacement relationship around a point of interest

can be expressed as (A1) and (A2) with Taylor
series expansions

(A1)

(A2)

For sufficiently small displacements from the point of interest,
the higher order terms may be neglected, and the torque-angular
displacement relation is linear to a first-order approximation in
matrix/vector notation

(A3)

(A4)

The locally linearized stiffness matrix can be further decom-
posed into two components, one symmetric ( ) and one anti-
symmetric ( ) [see (A5)]. Superscript denotes transpose

(A5)

The symmetric part is a conservative component having zero
curl. The anti-symmetric part is a rotational component having
zero divergence.

APPENDIX B
PASSIVITY OF LINEAR SYSTEMS

A brief description on the passivity of LTI systems is pro-
vided. Please refer to [22] for a comprehensive review. An in-
tuitive definition of energetic passivity is that the energy stored
in the system is bounded above by the energy supplied to the
system for any period of time. In a linear system, the system is
passive if and only if (B1) is satisfied

(B1)

(B2)

This implies that a passive system cannot produce more energy
than the initial stored energy. If the system is controllable, there
exists some control such that ( ) [see
(B2)]. Next, by further assuming that the system is at rest as

( ), the passivity criterion can be written
as (B3). Especially when and are complex quantities, the
criterion becomes

(B3)

(B4)

where is a Hermitian transpose operator.When a transfer
matrix relating inputs ( ) and outputs
( ) to the system is defined, the passivity
criterion can be further expressed as

(B5)

where , , and . Thus,
a LTI -port is passive if and only if is a positive real
matrix.
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