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A B S T R A C T

Joint mechanical impedance is commonly measured by applying dynamic perturbations about a joint at a fixed
operating point/background torque, and quantifying torque change vs. angle change. Impedance characteriza-
tion in functional tasks, therefore, requires multiple experimental trials over a range of operating points—a
cumbersome, invasive, time-consuming and impractical task. As an alternative, studies have related EMG to
impedance, after which EMG can estimate impedance without applying joint perturbations. But, the cumber-
some calibration trials are still required. We describe a method of single contraction perturbations in which the
background torque slowly ramps over the operating range, with EMG simultaneously acquired. Using one such
“quasi-static” contraction for model training and another for testing, we show this method to be a reasonable
surrogate for traditional second-order, linear impedance modeling. A simple, short-duration calibration results.
We compared our single-trial ramp method to multiple constant background torque trials at 10, 20, 30, and 40%
maximum effort (extension and flexion), finding only limited differences in traditional vs. EMG-based ramp
impedance estimates (12–22%, most prominent at the two lower contraction levels). Such constant force and
slowly-variable force contractions are relevant to many practical applications, including ergonomics assessment,
prosthetic control and clinical biomechanics.

1. Introduction

A plethora of studies relate the surface electromyogram (EMG) to
joint torque, as a means of non-invasively estimating musculoskeletal
loads and joint/musculoskeletal dynamics (An et al., 1983; Clancy
et al., 2006, 2012; Clancy and Hogan, 1997; Doheny et al., 2008;
Gottlieb and Agarwal, 1971; Hashemi et al., 2013, 2015, 2012; Liu
et al., 2015; Staudenmann et al., 2010; Thelen et al., 1994; Vredenbregt
and Rau, 1973). Measurement and understanding of these dynamics is
important in several applied areas, including: ergonomic assessment
(Hagg et al., 2004), prosthetic control (Parker et al., 2006), and clinical
biomechanics (Disselhorst-Klug et al., 2009; Doorenbosch and Harlaar,
2003). A distinct aspect of musculoskeletal loading, but of equal im-
portance, is the joint mechanical impedance (characterized by stiffness,
viscosity, and inertia parameters—assuming a linear model). A joint
usually exhibits non-zero mechanical impedance as it produces a re-
action torque when it is subjected to a generalized displacement. Joint
impedance is a necessary property of the musculoskeletal system

because it helps stabilize force interactive tasks such as tool usage
(Burdet et al., 2001; Tee et al., 2010). Joint mechanical impedance can
be modulated independently of joint torque by co-contracting agonist-
antagonist muscles about the joint. For example, a worker using a
power tool (e.g., a hand drill) will purposely co-contract their muscles
to increase hand mechanical impedance up to at least the minimum
required to stabilize the task (Rancourt and Hogan, 2001a, b), while
providing the required hand force on the tool. Impedance formally
characterizes the torque-angle relationship state of the joint, and does
so using an absolute physical scale (e.g., the stiffness component of
linear impedance models is expressed in units of Newton-meters per
radian) as opposed to the non-dimensional measures that are common
based on EMG activation levels (Andison, 2011; Ford et al., 2008; Rosa
et al., 2014). Accurate measurement of joint mechanical impedance in
daily activities may provide new insights into the origin of several
musculoskeletal disorders.

Impedance has been measured in numerous settings, including:
during constant-posture tasks at a constant background torque level/
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operating point (see below), point-to-point motion tasks (Burdet et al.,
2001), with forces applied to the hand from different directions (Gomi
and Osu, 1998; McIntyre et al., 1996), and during various dynamic
movements (Bennett et al., 1992; Ludvig et al., 2017; MacNeil et al.,
1992; Rouse et al., 2014). Studies have separated stiffness due to the
intrinsic properties of the muscle and joint from stiffness due to stretch
reflex feedback (Golkar et al., 2017; Guarin and Kearney, 2018;
Kearney et al., 1997; Zhao et al., 2008). Separating stiffness compo-
nents is useful for understanding the physiology and motor control
aspects of human actuation and movement. For applied studies (the
interest of this research), however, it is the total impedance that is of
interest. Our experimental work described herein focused on total im-
pedance.

Concentrating on constant-posture tasks at a static/quasi-static
background torque level (the conditions associated with this experi-
mental report), mechanical impedance has been estimated by imparting
forces (inputs) on the body with a manipulandum and measuring the
resulting change in position/angle (outputs), or vice versa (Bennett
et al.,1992; Burdet et al., 2001; Cannon and Zahalak, 1982; Gomi and
Osu, 1998; Hunter and Kearney, 1982; Kearney and Hunter, 1990;
Kearney et al. 1997; McIntyre et al., 1996; Zhang and Rymer, 1997).
Methods of system identification are then used to build dynamical
mathematical models that relate the system inputs to their outputs.
Classical impedance modeling methods have performed well for their
intended scientific studies, but have some important limitations for
broader applications. Firstly, numerous measurement trials (minimum
of one per operating point) have been required to characterize im-
pedance over a range of operating conditions. For example, if pertur-
bations are imparted about a nominal joint angle at a nominal torque
level, then the impedance relationship is well characterized via the
stiffness, viscosity, and inertia of a second-order linear system (Kearney
and Hunter, 1990; Zhang and Rymer, 1997). Perturbation trials con-
ducted at distinct background torque levels are needed to separately
characterize the system at each torque level (a.k.a. operating point).
Secondly, such measurements require imparting forces on the body
segments, disturbing the task under study, a situation quite undesirable
for taking in situ measurements during field tasks.

Recent studies have characterized impedance over a range of op-
erating points (Golkar et al., 2017; Ludvig and Perreault, 2012). These
studies have separated intrinsic stiffness from reflex stiffness—an im-
portant goal for scientific studies—but, in doing so, have necessarily
included advanced nonlinear model structures with concomitantly
complex solution methods. Models have included parallel-cascade
forms with Hammerstein nonlinear systems (Guarin and Kearney,
2018), as well as a “Skirt Decomposition” technique in which the input
perturbation is a multisine (i.e., comprised of the sum of a small
number of sine waves, with the assumption of smooth behavior be-
tween the evaluated frequency locations) (Cavallo et al., 2018; de Vlugt
et al., 2003). These model forms can provide a wealth of useful scien-
tific information, but their complexity make them unlikely to be rou-
tinely adopted in applied studies, particularly when only the total im-
pedance is desired to be measured. In other words, when intrinsic and
reflex stiffness need not be separated in applied studies, the complex
signal processing methods are not as attractive.

Considering existing technologies, surface electromyography (EMG)
may be an excellent solution to simultaneously estimate torque and
impedance during applied motor tasks as it provides a non-invasive
approach (after calibration with a manipulandum). Previous work has
successfully related EMG to joint quasi-stiffness—which does not seek to
account for short-range stiffness (Rack and Westbury, 1974; Rouse
et al., 2013). Osu and Gomi (1999) assumed a baseline stiffness re-
presenting passive joint properties and a second additive quasi-stiffness
component proportional to muscular activity of both agonist and an-
tagonist muscles of the joint. Others have successfully related EMG to
joint quasi-stiffness in various tasks by differentiating the EMG-torque
relationship as a function of joint angle (Kawase et al., 2012; Pfeifer

et al., 2012; Shin et al., 2009). These methods are attractive in that only
simpler torque measurements are required in order to calibrate the
model. But, the model identification process utilizes multiple trials
which are cumbersome for applied studies, the model form is limited by
the EMG-torque model, and no viscosity term is estimated. Of course,
the inertial properties of human joints do not vary noticeably with the
level of joint torque.

Our work described herein seeks to advance the established linear,
second-order system estimates of total joint viscosity and stiffness (i.e.,
not separated into its intrinsic and reflex components) which use the
standard method of mechanical perturbations at a fixed background
torque level either as a direct estimate of joint impedance (“fixed-me-
chanical” model) or as a means to calibrate an EMG-impedance model
(“fixed-EMG” model). First, we introduce methods in which the oper-
ating point (“background” torque level) is slowly ramped, such that a
single perturbation trial is used to calibrate an EMG-impedance model
over a continuous range of operating points/torques (“ramp-EMG”
model). Second, we investigate the extent to which the single-trial ramp
data, in the absence of EMG, can be used to model joint viscosity and
stiffness (“ramp-mechanical” model). We used least-squares estimation
to fit our models, as this technique is widely available, robust and,
therefore, well suited for applied research. Our experimental evaluation
was completed on human subjects producing torques about their elbow
joint.

2. Methods

2.1. Experimental methods

The experimental work was approved by the Institutional Review
Board (IRB) of Laval University (Québec, Canada) and the Worcester
Polytechnic Institute IRB. All subjects provided written informed con-
sent. Seven subjects (3 females, 4 males; aged 21–43 years) each par-
ticipated in one experimental session. The skin above the investigated
muscles was cleaned with alcohol and four bipolar EMG electrode-
amplifiers placed transversely across each of the biceps and triceps
muscles, midway between the elbow and the midpoint of the upper
arm, centered on the muscle midline. The two contacts (5 mm diameter,
stainless steel, separated 10 mm edge-to-edge) of each electrode-am-
plifier were oriented along the muscle’s long axis. Adjacent electrodes
were spaced ∼1.75 cm apart. A reference electrode was applied over
the acromion process. Each electrode-amplifier had a common mode
rejection ratio greater than 90 dB at 60 Hz. EMG signals were highpass
filtered at 15 Hz (eighth-order Butterworth) and then lowpass filtered at
1800 Hz (fourth-order Butterworth). A subject was seated in front of a
planar joystick manipulandum (Fig. 1) that could produce 15 N m of
torque (about 50 N at the tip) with a frequency response up to 15 Hz.
The joystick actuated horizontal (medial-lateral) motion only, to elicit
elbow flexion-extension. Subject’s held their right arm in the plane
parallel to the floor, with the shoulder abducted 90°, the forearm or-
iented in the sagittal plane, the wrist fully supinated and the elbow
flexed 90°. A rigid cuff, extending from the distal forearm through the
hand, was secured tightly to the subject and the manipulandum load
cell, preventing wrist motion. The manipulandum allowed the cuff to
slide freely along the direction of the long axis of the forearm to
eliminate any undesired coupled stiffness that would result from the
connection of the forearm to the joystick. The EMG signals were sam-
pled at 4096 Hz and the load cell signal at 400 Hz (time synchronized),
each using 16 bits.

Subjects initially performed two, 2 s maximum voluntary contrac-
tions (MVCs) in each of flexion and extension, the maximum of which
was used as the subject’s MVC. Next, they performed a 0% MVC (rest
contraction) and separate flexion and extension 50% MVCs for 5 s,
utilizing force feedback on a computer screen. These contractions were
used to calibrate an advanced, four-channel, whitened EMG processor
(detailed below) (Clancy and Farry, 2000; Prakash et al., 2005), which
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has been shown to exhibit lower variance (Clancy and Hogan, 1994,
1995; Hogan and Mann, 1980) and lower EMG-torque error (Clancy
and Hogan, 1997; Clancy et al., 2012; Potvin and Brown, 2004). This
advanced processor would be expected to produce EMG-impedance
estimates that would also exhibit lower variance. Pseudo-random per-
turbations (manipulandum set in angle control, 0–6 Hz frequency
range, Gaussian distributed with zero mean and std. dev. of 4°) were
then performed twice for 20 s with the subject’s arm secured in the cuff
while the subject rested (0% MVC), to measure the baseline inertia I( )o ,
viscosity B( )o , and stiffness K( )o of the combined arm-manipulandum
system at rest. This narrower frequency range, as compared to the
0–15 Hz frequency range used thereafter for the active-contraction
trials (see next paragraph), was required to keep the manipulandum
stable, as it exhibited low viscosity and stiffness.

Subjects then performed two repetitions of eight distinct, 30 s
duration, fixed-background perturbation trials (16 trials total, rando-
mized in order). During a trial, the manipulandum exerted a constant
background torque for 5 s, the same constant torque with superimposed
torque perturbations for the next 20 s (0–15 Hz bandwidth pseudo-
random, Gaussian distributed with zero mean and std. dev. of 0.8 N m),
then returned to applying the same constant torque for the last 5 s
(Fig. 2). Based on the previous measurements of MVC, the trials (ran-
domly) cycled through one of eight constant torque levels corre-
sponding to the subject-generated torque at 10%, 20%, 30%, or 40%
MVC extension or flexion. During each trial, the orientation of the
manipulandum was fed back to the subject on a computer screen. The
subject was instructed to maintain their average elbow joint angle at
90° throughout the trial, countering the average torque applied by the
manipulandum. Only the middle 20 s of data were used for analysis.
The subject’s forearm was removed from the wrist cuff between all
trials for 2–3 min of rest to avoid fatigue.

A second set of ramp trials was conducted in which subjects

maintained their elbow joint angle at 90° while a ramp force, combined
with continuous force perturbations, was exerted by the manipulandum
over 50 s (Fig. 3). Each trial was segmented as: during the first 20 s, the
nominal torque started at 40% MVC extension and linearly ramped to
0% MVC; during the next 10 s, the nominal torque was 0% MVC; and
during the last 20 s, the nominal torque linearly ramped from 0% MVC
to 40% MVC flexion. Three such trials were performed. The pause at 0%
MVC was added after initial evaluation found it difficult for subjects to
follow the nominal torque trajectory across zero.

2.2. Signal preprocessing

Analysis was performed offline in MATLAB. (See Supplementary
Material, Fig. S1 for a graphical summary of the signal analysis steps.)
All filter specifications reported herein refer to the designed fil-
ters—these filters were applied in the forward, then reverse, time di-
rections to achieve zero phase (and the square of the designed magni-
tude response). Raw EMG signals were highpass filtered (15 Hz cutoff,
5th-order Butterworth). Then, two distinct EMG standard deviation
(EMGσ) estimates were computed for each of extension and flexion—a
single-channel, unwhitened estimate (using a centrally-located

Fig. 1. Top figure shows rear view of subject seated in the impedance mea-
surement apparatus. Inset figure at lower left shows top view. Inset figure at
lower right shows close-up view of subject’s right hand-wrist rigidly cuffed to
the actuated joy stick and load cell. Force perturbations were applied in the
medial-lateral direction, to elicit elbow flexion-extension.

Fig. 2. Sample time-series data from a constant-torque (“fixed”) trial, showing
sample biceps EMG, triceps EMG, angle, and torque. (Subject 18, 40% extension
trial 1.)

Fig. 3. Sample time-series data from a ramp torque trial, showing sample biceps
EMG, triceps EMG, angle, and torque. (Subject 18, ramp trial 1.)
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electrode) and a four-channel, whitened estimate using adaptive
whitening (Clancy and Farry, 2000; Prakash et al., 2005). Results using
each of these EMG processors are separately presented below. Each
used a first-order demodulator (rectifier), followed by lowpass filtering
at 40 Hz (Chebyshev Type 1 filter, 9th-order, 0.05 dB peak-to-peak
passband ripple) and then downsampling to 100 Hz. This lower rate is
appropriate for system identification (Clancy et al., 2006; Ljung, 1999).

The general second-order linear mechanical joint impedance model
at a particular operating point is (Kearney and Hunter, 1990):

= + +T m I m B m K m[ ] ¨ [ ] [ ] [ ] (1)

where m is the resampled index, T is the change in joint torque, is
the change in joint angle; and I (inertia), B (viscosity) and K (stiffness)
are the fit parameters. Since torque and angle change are required in Eq.
(1), each of these corresponding measured signals (T and θ) was
highpass filtered at 0.3 Hz using a 2nd-order Butterworth filter, to re-
move the “background torque trend.” This approach was applicable to
both constant-torque and ramp-torque trials. After highpass filtering,
torque and angle were lowpass filtered at 40 Hz (same filter as the EMG
signals) and then downsampled to 100 Hz to form T m[ ] and m[ ].
For the first derivative of angle, a central difference was computed,
followed by 5th-order lowpass filtering with a Butterworth filter with
cutoff frequency at 15 Hz. For the second derivative of angle, two
successive central differences were computed, followed by the same
lowpass filter. These filter selections were determined via preliminary
analysis, and were critical in producing derivative estimates that atte-
nuated high-frequency noise (Giakas and Baltzopoulos, 1997; Winter,
2005). These derivative estimates were downsampled to 100 Hz to form

m[ ] and m¨ [ ].

2.3. System identification and statistics

For each subject, the two, 20 s duration, 0% MVC trials were com-
bined and used to estimate the impedance parameters (inertia Io, visc-
osity Bo, stiffness Ko) of the arm-manipulandum system at rest (Eq. (1)),
using least squares. All least squares used the regularized pseudo-in-
verse technique in which singular values of the design matrix were
removed if their ratio to that of the largest singular value was less than
a tolerance value. Through preliminary analysis, a tolerance value of
0.005 was selected, similar to that used in EMG-force modeling (Clancy
et al., 2012). In all subsequent analysis, the torque estimated via these
0% MVC trial parameters T m( [ ])o was subtracted from the overall
torque, leaving only the torque change due to muscle activation. This
step accounted for the dynamics of the manipulandum, since they in-
teract with those of the arm (de Vlugt et al., 2003). In addition, the
inertia Io was set to the value computed at 0% MVC and not further
estimated, as it does not noticeably change with muscular activation
level.

Next, “fixed-mechanical” model viscosity and stiffness parameters
were least squares estimated from joint torque and angle (Eq. (1)) of
each constant-torque trial, without the use of EMG. The middle 20 s of
data, avoiding the recording portions that did not include perturba-
tions, were used. Parameter values were estimated separately for the
eight contraction levels and two sets, with the results from the two trials
per condition averaged. These parameter values served as the “true”
parameter values, in that they were estimated via the established
method.

Then, EMG signals were used to estimate “fixed-EMG” model visc-
osity and stiffness parameters from the constant-torque trials. EMGσ
was incorporated into the joint mechanical impedance model of Eq. (1)
in a linear fashion by setting:

= +

= +

B m B EMG m B EMG m

K m K EMG m K EMG m

[ ] [ ] [ ] and

[ ] [ ] [ ]
e e f f

e e f f (2)

giving the model:

= + +

+ +

T m I m B EMG m B EMG m m

K EMG m K EMG m m

[ ] ¨ [ ] { [ ] [ ]} [ ]

{ [ ] [ ]} [ ]
o e e f f

e e f f (3)

where EMG e and EMG f are the EMGσ values for extension and
flexion, respectively; and the Bi and Ki are the fixed-EMG viscosity and
stiffness fit parameters, respectively. Again, the middle 20 s data seg-
ment was used for identification. A full set of eight trials (one per
contraction level) was combined as training data, so that EMG would be
related to impedance parameters across the range of effort levels. For-
mally, Eq. (3) is no longer linear, since the B and K values vary [ac-
cording to Eq. (2)]. This model can be considered quasi-linear (Kearney
and Hunter, 1990), with the EMGσ values specifying the model oper-
ating point (e.g., background torque level). The parameters (Be, Bf, Ke,
Kf) were then held constant and the second set of eight trials used to
estimate B[m] and K[m] for the 20 s middle segment. These sequences
were each averaged and the resulting (scalar) B and K estimates com-
pared to the “true” parameters estimated strictly from the fixed-me-
chanical method. Both single-channel unwhitened and four-channel
whitened EMG performance were compared.

Next, processed EMG signals were used to estimate “ramp-EMG”
viscosity and stiffness parameters as a function of time from the ramp-
torque trials. Only four-channel, whitened EMGσ estimates were eval-
uated. The quasi-linear model of Eq. (3) was again used, with one ramp
trial used for training. The parameters (Be, Bf, Ke, Kf) were then held
constant and the second ramp trial used to estimate B[m] and K[m] as a
function of time. These B[m] and K[m] values were compared to the
fixed-mechanical true parameters at the specific MVC locations of the
truth data set (10%, 20%, 30%, and 40% MVC extension and flexion).

Finally, some researchers would benefit from single-trial direct es-
timation of impedance parameters over a range of effort levels without
the use of EMG. We utilized our ramp-torque trials to investigate doing
so. Modeling a quasi-linear relationship between the background torque
trend, T m¯ [ ], and viscosity/stiffness (Hunter and Kearney, 1982;
Kearney and Hunter, 1990) was incorporated into Eq. (1) by setting:

= =B m c T m K m c T m[ ] ¯ [ ] and [ ] ¯ [ ]B K (4)

giving the model:

= + +T m I m c T m m c T m m[ ] ¨ [ ] { ¯ [ ]} [ ] { ¯ [ ]} [ ]o B K (5)

where cB and cK are fit parameters. Again, a quasi-linear model results
in which T m¯ [ ] denotes the operating point. The background torque
trend T m¯ [ ] was estimated by subtracting T m[ ] from the measured
torque. One ramp trial was used for training, then cB and cK were held
constant and the second ramp trial used to estimate B[m] and K[m] as a
function of T m¯ [ ]. These B[m] and K[m] “ramp-mechanical” parameter
values were again compared to the fixed-mechanical true parameters at
the MVC locations selected in the truth data set.

For comparisons across subjects, viscosity and stiffness values were
normalized to each subject’s fixed-mechanical parameter values at 40%
extension. Stiffness and viscosity parameter differences were compared
statistically in SPSS 24 using repeated measures analysis of variance
(RANOVA), assessing all possible interactions. When ε was < 0.75,
degrees of freedom was adjusted by the method of Greenhouse-Geisser;
and when 0.75 ≤ ε < 1, it was adjusted by the method of Huynh-Feldt,
where ε indicates the degree of sphericity (ε = 1 indicates exact
sphericity) (Girden, 1992). Post hoc pair-wise comparisons were limited
to comparing a truth parameter (i.e., estimated strictly from the fixed-
mechanical measures during a fixed nominal torque) to results from
another method, using paired t-tests with Bonferroni correction for
multiple comparisons. A significance level of p= 0.05 was used.

3. Results

The mean ± std. dev. baseline inertia (Io), viscosity (Bo) and
stiffness (Ko), respectively, at 0% MVC (arm resting in the
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manipulandum), were: (61.0 ± 2.68) 10–3 N m s2 rad−1, (2.90 ±
0.100) 10–4 N m s rad−1 and (5.99 ± 0.318) 10–5 N m rad−1. For each
ramp contraction, viscosity and stiffness estimates were available con-
tinuously throughout the contraction and thus were compared to the
eight constant-torque contraction level estimates (Fig. 4). Test trial
normalized viscosity and stiffness summary results (mean ± std. dev.)
are presented and statistically compared at only these eight constant-
torque contraction levels (Fig. 5).

Four two-way RANOVAs were conducted, comprised of separate
stiffness and viscosity comparisons for each of extension and flexion
efforts (factors: five analysis methods, four effort levels), but each
yielded an interaction between analysis method and effort [F(12,
72) > 5.6, p≤ 0.01]. Since prior studies have already established that
both stiffness and viscosity increase with the background effort level
(Kearney and Hunter, 1990; Zhang and Rymer, 1997), and because the
primary interest of this study was comparison of the standard fixed-
mechanical (“true”) measures of impedance to the remaining analysis
methods, we next computed separate one-way RANOVAs with the effort
level fixed [F(4, 24) for each]. Nine of the 16 parameter-effort combi-
nations exhibited no significant differences (Table 1). For the remaining
combinations, a limited number of paired differences were found.

4. Discussion

This work set out to evaluate less cumbersome and time-consuming
ways in which to estimate total joint impedance, using the fixed-me-
chanical method as the “truth” standard. Comparing stiffness between the
fixed-mechanical method and the other methods (Table 1 and Fig. 5)
indicates a primary trend for lower stiffness values when estimating with
the fixed-EMG model (using either 1-channel unwhitened processing or 4-
channel whitened processing)—but only when the background torque
was at the lower flexion effort levels (10% and 20% MVC). At these
contraction levels, the average stiffness estimates differed by 12–20%.
Such differences might be related to the nonlinearity in the relationship
between EMG and torque during constant-effort contractions
(Solomonow et al., 1986). This issue might be improved by utilizing non-
linear EMG-impedance models in Eqs. (2) and (4). In support of this op-
tion, Zhang and Rymer (1997) found a generally linear relationship be-
tween stiffness and background muscle torque as torque increased from
zero; but this relationship became non-linear in some subjects at the
higher background muscle torques. Specifically, background torque in-
creases at the higher torque levels led to less than linear increases in
stiffness. Alternatively, the lower fixed-EMG stiffness values might be
attributed to the fact that EMGσ does not fall to zero at 0% MVC (due to
noise at the electrode-skin interface and electronics noise) (Clancy et al.,
2002), thus altering the EMG-impedance relationship in this range. This
noise might be mitigated by utilizing more advanced EMG processing
[e.g., adaptive Wiener filtering (Clancy and Farry, 2000) and/or power-
domain noise subtraction (Clancy, 1991; Hansson et al., 1997; Ortengren,
1996) of EMG “baseline” noise]. Comparing viscosity between the fixed-
mechanical (“true”) method and the other methods (Table 1 and Fig. 5)
indicates a primary trend for higher values when estimating from ramp
contractions (using either EMG or the mechanical method)—but only
when that background torque was at the lowest flexion or extension effort
levels (10% MVC). At these levels, the average viscosity estimates differed
by 16–22%. Overall, the trend for viscosity and stiffness was to rise with
contraction effort. Further, if viscosity results (Fig. 5) are extrapolated
using a value of zero at 0% MVC (required, since the viscosity influence of
the resting arm and manipulandum was removed from this analysis), then
viscosity increases in a less than linear manner (e.g., square root shape)
with background torque level. These trends, as well as the absolute values
of these parameters, are consistent with the literature (Kearney and
Hunter, 1990; Perreault et al., 2004; Zhang and Rymer, 1997). Overall,
therefore, the fixed-EMG- and ramp-based measures were reasonable

Fig. 4. Viscosity and stiffness estimates for one of the seven subjects.

Fig. 5. Mean ± standard deviation viscosity and stiffness estimates (N = 7
subjects), normalized to each subject’s fixed-mechanical value at 40% exten-
sion. For visibility, results from the five analysis methods (see legend) at each
nominal effort level (10, 20, 30, 40% MVC extension/flexion) are slightly offset
from each other along the x-axis.
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proxies for the fixed-mechanical (“true”) measurements.
Our use of regularization in the model fitting was only found to be

critical when the subject was not active. To demonstrate, we also com-
puted inertia, viscosity and stiffness values, respectively, for the manip-
ulandum alone as: (48.1 ± 0.416) 10–3 N m s2 rad−1,
(2.30 ± 0.000) 10–4 N m s rad−1 and (4.51 ± 0.069) 10–5 N m rad−1.
But, if regression modeling was used without regularization, then these
and the 0% MVC viscosity values increased by a factor of approximately
103, stiffness values increased by a factor of approximately 104, and in-
ertia was unaffected. At these low impedance values, stiffness and visc-
osity values were quite sensitive to the use of regularization. Our toler-
ance value for rejecting singular values (< 0.005) was rather modest and
is well justified in the closely-related EMG-force problem (Clancy et al.,
2012), in which the “true” (output force) is measured much more reliably.
We next compared regularized vs. unregularized parameters values
during the active trials of a subset of two subjects—stiffness values varied
by less than 8% and viscosity values by less than 3%. These observations
are consistent with regularization theory (Press et al., 1994). When
stiffness and viscosity values are near zero, their parameters are not dis-
tinguishable in Eq. (1), as each associated term contributes nearly zero
torque in the equation. Nearly all of the torque is due to inertia. Reg-
ularization purposely choses a fit solution that minimized the stiffness and
viscosity fit parameter magnitudes, while inertia is unaffected. During
active contractions in which stiffness and viscosity contributions are
substantive, these parameter contributions are substantial and, thus, only
weakly influenced by regularization.

Although we did not explicitly test for performance differences di-
rectly between single-channel unwhitened EMG processing and four-
channel whitened EMG processing, no prominent distinctions are evi-
dent (Table 1). This result is expected as the advanced (whitened, multi-
channel) EMG processors do not change the average value of EMGσ,
rather they only reduce its variance (Clancy and Farry, 2000; Clancy
and Hogan, 1994, 1995). Hence, they would not be expected to ex-
perience much difference when their average value is compared across
a full trial or when only compared across six subject values. But, they
would be expected to lower variance in real-time applications in which
impedance (and torque) is estimated from EMG.

Our work was limited by avoiding dynamics in the background
torque, so would need to be further developed to be applicable to situa-
tions in which the operating point changed rapidly—especially since
there is evidence of lower stiffness when the background torque (or po-
sition) changes dynamically. Nonetheless, our ramp contraction consisted
of one half cycle of a ramp occurring over a time span of 50 s. This
contraction profile exhibits a fundamental frequency of 1/
(100 s) = 0.01 Hz. Experimental work in the literature that found differ-
ences in impedance when comparing “static” background contraction
conditions to “dynamic” background contraction conditions has done so
at much higher fundamental frequencies (those more commonly asso-
ciated with natural movement). Bennett et al. (1992) found that stiffness
dropped (compared to static conditions) during sinusoidal arm move-
ments at 1.6 and 2.1 rad/s (=0.25 and 0.33 Hz). Rouse et al. (2014)

studied lower limb impedance during gait, with subjects walking at rates
of 85–90 steps/minute (thus, a frequency > 1 Hz). They found lower
stiffness during locomotion, by a factor of approximately one half, com-
pared to predicted stiffness during isometric contraction. Ludvig et al.
(2017) found lower knee impedance (compared to static conditions)
when the leg oscillated ± 0.15 rad (8.6°) at a typical rate of 0.5 Hz.
MacNeil et al. (1992) also mention this phenomenon in their study of
ankle impedance. They observed lower stiffness during the transient
portion of rapid step changes in ankle force. Our own study used changes
in background torque that were a factor of 100 lower in frequency, and
thus our models treated these changes as quasi-static.

In addition, our work was limited by use of a small sample size (seven
subjects), since small sample sizes are biased towards non-significant
findings. In particular, to obtain a statistical power of 0.80 in one-way
ANOVA with five groups, using a Type I error (α) of 0.05, requires an
effect size of approximately 0.55 (Cohen, 1992; Vanbrabant et al., 2015).
Thus, only large differences were detectable in this study. Additionally,
our testing data were identical in character to our training data—a
common (and useful) paradigm in system identification. A resulting
limitation is that our reported EMG-impedance errors are representative
of this ramp contraction profile, but errors are likely to rise if different
contraction profiles are evaluated (i.e., if the model is extrapolated to
conditions that differ from those found in the training data).

In our experiments, we applied a torque perturbation and measured
the resulting variation in elbow angle. When doing so, it is necessary to
account for the dynamics of the manipulandum, since the measured
elbow angle is due to the impedance of both the manipulandum and the
elbow. We did so by modeling the dynamics of the manipulandum and
resting arm during our 0% MVC “calibration” contraction. Thereafter,
we subtracted these contributions out of each active trial—those uti-
lizing a constant background torque as well as those utilizing a slow
ramp variation in background torque—using the model formed during
0% MVC calibration. This method accounts for manipulandum dy-
namics in a serial fashion within the signal analysis. Alternatively, a
number of authors account for manipulandum dynamics via signal
analysis methods that simultaneously solve for the impedance of the
arm/leg and also the manipulandum (de Vlugt et al., 2003; Ludvig
et al., 2017; Zhao et al., 2008). Pros for our serial method are that the
modeling is simpler and that, to the extent that the manipulandum
dynamics are fixed and well modeled from the 0% MVC calibration
contraction, system identification of less complex systems is typically
more robust as the number of fit parameters is reduced (Ljung, 1999).
Pros for the simultaneous technique are that it can more easily adapt to
changes in manipulandum dynamics when they are not fixed and that
no separate 0% MVC calibration contractions are required.

A limitation of our torque perturbations was that at zero back-
ground torque, subjects must generate stiffness in order to stabilize the
location of the manipulandum (i.e., to prevent the elbow angle from
drifting to one of its extremes, since angle is not constrained by the
perturbation). Thus, the arm is unable to fully relax. If, however, angle
perturbations had been utilized instead (Kearney and Hunter, 1990), no

Table 1
Statistical comparisons at each effort level. Results list statistically significant differences in the post hoc t-tests (only conducted if the one-way RANOVA was
significant) between the fixed-mechanical (“true”) method and the listed analysis method. Parentheses give p-values.

Extension Effort Level (MVC) Flexion Effort Level (MVC)

40% 30% 20% 10% 10% 20% 30% 40%

Stiffness: Difference compared to
fixed-mechanical (“true”)?

– – Fixed- EMG 1-Chan
Unwhite (p= 0.03)

– Fixed- EMG 1-Chan
Unwhite (p < 0.01)
Fixed-EMG 4-Chan
White (p < 0.01)

Fixed- EMG 1-Chan
Unwhite (p < 0.01)
Fixed-EMG 4-Chan
White (p < 0.01)

– Ramp-Mechanical
(p= 0.02)

Viscosity: Difference compared to
fixed-mechanical (“true”)?

– – Ramp-EMG
(p < 0.05)

Ramp-EMG
(p= 0.01)
Ramp-Mechanical
(p= 0.03)

Ramp-EMG (p= 0.04)
Ramp-Mechanical
(p= 0.04)

– – –
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such instability results. The arm might more readily relax at the zero
background torque condition.

Two common EMG-based measures of muscle co-activation use
normalized EMGσ from agonist and antagonist muscles and either
compute a co-contraction index (CI) based on the area of their overlap
(generally normalized by the time duration of overlap) or a co-con-
traction ratio (CR) from agonist and antagonist muscle EMGσ as (Ford
et al., 2008; Rosa et al., 2014): =CR EMG

EMG
Agonist

Antagonist
. While these measures

are simple to compute, they have shortcomings. Each measure ex-
presses relative co-activation, not absolute. Thus, a large CI is indicative
of a large time duration of overlap, a large area within the overlap, or
anything in between. Similarly, a large CR can indicate very large
agonist activity, very small antagonist activity, or anything in between.
Additionally, the CR is quite unstable when the denominator term
(antagonist muscle activity) is near zero. These EMG-based measures
also lack physical dimensions (each measure is dimensionless). Hence,
they have no direct relation to robust mechanical measures. In contrast,
joint mechanical impedance is a well-established mechanical measure,
with physical units. Thus, EMG-based estimates of impedance can be
used to modulate impedance in physical systems. For example, EMG-
based measures of impedance have been used to modulate joint im-
pedance in a laboratory-demonstrated elbow prosthesis (Abul-Haj and
Hogan, 1987, 1990). Yet, if desired, impedance can be normalized to
provide a relative co-activation measure. (We did so herein, normal-
izing to the stiffness/viscosity value at 40% extension MVC.)

Historically, direct measures of human mechanical joint impedance
have been time-consuming to complete, generally requiring numerous
individual perturbations, distributed across a range of fixed operating
points (i.e., background torque levels). While estimates based on bio-
mechanical muscle models are emerging (Pfeifer et al., 2012; Sartori
et al., 2015), calibration-based system identification methods remain
dominant. Further, physical joint impedance is a nonlinear quantity that
is a function of the joint range of motion, perturbation frequencies, etc.;
resulting in distinct definitions such as quasi-stiffness and short range
stiffness (Rack and Westbury, 1974; Rouse et al., 2013; Sartori et al.,
2015). Perturbation-based system identification techniques would pro-
vide an estimate of quasi-stiffness if the perturbation bandwidth were
more limited. More generally, perturbation-based techniques estimate the
type of stiffness elicited by the perturbations (Rouse et al., 2013; Sartori
et al., 2015) and, thus, can be tailored to match the problem under study.

5. Conclusion

In this work, we demonstrated estimates of total impedance that
were statistically similar to traditional perturbation-based measures of
fixed background contractions using EMG from a single contraction
trial in which the background torque was slowly ramped over a range of
effort levels. Once the EMG-impedance model is fit via least squares,
impedance can be estimated from the surface EMG without the need for
perturbations. In addition, our work demonstrated that a single ramp
contraction can be used to mechanically measure impedance over a
range of operating points, even if subsequent EMG-impedance modeling
is not desired. These methods are less cumbersome and time-consuming
than the existing fixed-mechanical method and less complex than ad-
vanced techniques that separate intrinsic vs. reflex stiffness.
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Supplementary Material 

 

Fig. S1.  Graphical summary of signal analysis steps. Unless noted otherwise, all symbols 
defined in the text. Top depicts preprocessing of the measured signals, where: EMG1–EMG4 are 
from flexion electrodes; EMG5–EMG8 are from extension electrodes; EMGσ subscripts E and F 
denote extension and flexion, respectively; EMGσ subscripts 1 and 4 denote single-channel 
unwhitened and four-channel whitened, respectively; and n is the sample index at the original 
sampling rate. Bottom depicts system identification. Calibration is performed once, after which 
Io, Bo, and Ko are used to estimate Δ𝑇𝑇𝑜𝑜[𝑚𝑚] in subsequent system identification. 
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