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Real-Time Estimation of Intrinsic and Reflex Stiffness
Daniel Ludvig*, Student Member, IEEE, and Robert E. Kearney, Fellow, IEEE

Abstract—Joint stiffness defines the dynamic relationship be-
tween the position of the joint and the torque acting about it.
Joint stiffness is composed of two components: intrinsic and reflex
stiffness. Separating the two stiffness components is difficult be-
cause they appear and change together. A number of approaches
have been used to distinguish the components, but all these are
inherently off-line. We have developed a novel algorithm that
estimates the two components of ankle stiffness in real time.
Cross-correlations between torque and position, velocity, and ac-
celeration are used to estimate intrinsic stiffness. The reflex torque
is then estimated by subtracting the estimated intrinsic compo-
nents and the reflex stiffness estimated by computing the impulse
response function (IRF) between the estimated reflex torque and
the half-wave rectified velocity. A novel position perturbation,
consisting of pseudo-random pulses of different lengths, is used
to eliminate covariance between intrinsic and reflex stiffness
estimates. Simulation results showed that the algorithm estimates
intrinsic and reflex stiffness very accurately and responds to
changes in stiffness in less than 15 s. Validation with experimental
data showed that the real-time estimates were in close agreement
with the estimates generated by an established off-line intrinsic
and reflex stiffness identification algorithm.

Index Terms—Biological control systems, biological motor sys-
tems, biomechanics, identification.

I. INTRODUCTION

JOINT stiffness defines the dynamic relationship between
the position of the joint and the torque acting about it [1],

and consequently it plays an important role in the control of
posture in the face of perturbations. It is also vital in the control
of movement, since it is the torque produced by the muscles
that controls the final joint position. Joint stiffness is composed
of two components: intrinsic stiffness, which is generated by
the viscoelastic properties of the joint, muscles and connective
tissue; and reflex stiffness, which is generated by active muscle
contraction in response to the stretch of a muscle.

Although much is known about the two stiffness pathways,
measuring each component separately is challenging because
intrinsic and reflex stiffness appear and change together. To
overcome this, some studies have measured the mechanical
properties of the joint before and after elimination of the reflex
by deafferenting [2], applying a neural block to [3] or electri-
cally stimulating [4], [5] the primary afferents.
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Fig. 1. Intrinsic and reflex components of total joint stiffness. Intrinsic pathway
is composed of three components: inertial, viscous and elastic; reflex pathway
consists of a differentiator followed by a Hammerstein system where the nonlin-
earity is a half-wave rectifier and the linearity is a second order low-pass system
with a delay.

Another approach is to separate the intrinsic and reflex com-
ponents analytically. Our laboratory uses a parallel-cascade
identification algorithm [6]–[8] to separate intrinsic and reflex
stiffness at the ankle. This algorithm separates the two compo-
nents by modeling the system as two parallel pathways (Fig. 1).
The intrinsic pathway has three components: inertial, viscous,
and elastic, which are proportional to the joint acceleration,
velocity, and position, respectively. The reflex pathway is mod-
eled as a differentiator followed by a Hammerstein system. The
nonlinearity has been shown to closely resemble a half-wave
rectifier, while the linear element has been modeled as a second
or third order low-pass system with a delay of about 40 ms
[6], [7]. This algorithm takes advantage of the reflex delay, to
estimate intrinsic components independently of the reflex com-
ponents. The reflex components are estimated once the intrinsic
components have been removed and the algorithm repeats the
procedure until the estimates converge. Zhang and Rymer [9]
used mathematical modeling to estimate intrinsic and reflex
components of joint stiffness at the knee. They formulated a non-
linear delay differential equation describing reflex stiffness, and
numerically integrated the equation to solve it. Another method
estimated the components of the intrinsic stiffness at the ankle
by measuring the phase lag as a function of the frequency of
the torque, given sinusoidal perturbations [10], [11].

It has been postulated that reflex stiffness can be varied in a
task-dependent manner independent of intrinsic stiffness [12].
While studies have shown that intrinsic and reflex stiffness vary
in a task-dependent manner, whether they can be voluntarily
modulated remains unknown. Voluntary modulation of intrinsic
and reflex stiffness would be greatly aided by real-time feed-
back of intrinsic and reflex stiffness values, which until now
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has not been possible. Therefore, an algorithm which could es-
timate intrinsic and reflex stiffness in real time would permit
these estimates to be provided to the subject as feedback.

However, all existing methods are inherently off-line in
nature and cannot be used in real time. Therefore, a novel
algorithm is needed to estimate reflex and intrinsic stiffness
separately in real time. Such an algorithm must:

1) estimate reflex and intrinsic stiffness independently;
2) rely on short segments of data to provide subjects with

feedback of current stiffness estimates;
3) be computationally efficient, so that the calculation can be

performed in real time.
We have achieved this under stationary conditions at the ankle

using the zero lag cross-correlation between position, its deriva-
tives, and torque to estimate the intrinsic stiffness. The impulse
response function (IRF) between a half-wave rectified velocity
signal and residual torque is used to estimate the reflex stiffness.

The paper is developed as follows. Section II describes the
theory underlying the real-time estimation of reflex and intrinsic
stiffness and develops estimators for the reflex and intrinsic stiff-
ness. Section III presents the results of a simulation study that
demonstrates that the method yields elastic stiffness and reflex
stiffness gain estimates which are proportional to the underlying
values, do not covary, and documents the response time of the
estimates. Section IV presents the results of the experimental
validation of the method that demonstrates that the new method
produces estimates that are consistent with those obtained with
previously validated, off-line methods. Section V discusses the
results, suggests ways the methods might be used, and describes
areas for future work. A part of this work has been presented at
the IEEE EMBS Conference 2006 [13].

II. REAL-TIME ESTIMATION ALGORITHM

A. Separation of Intrinsic and Reflex Stiffness

Torque produced at the ankle in response to perturbations
arises from three sources: voluntary, intrinsic, and reflex. This
can be expressed as

(1)

where
voluntary torque;
intrinsic torque;
reflex torque.

Thus, the cross-correlation between position and torque is
given by

(2)

To use this relation to estimate intrinsic stiffness, it is first nec-
essary to eliminate the voluntary and reflex contributions. If the
subject maintains a constant voluntary torque, its contribution
can be eliminated by high-pass filtering, thus removing the first
term in (2). The high-pass filter must be chosen to eliminate only
constant torques; hence, a filter with a low cut-off frequency is
used. However, if the cut-off frequency is too low, the algorithm
will respond too slowly to changes in the mean torque. We ex-

amined this empirically and found that the highest cut-off fre-
quency that did not distort the signal greatly was 0.033 Hz.

Eliminating the reflex contribution to (2) is more complex.
Reflex stiffness at the ankle has been modeled as a uni-direc-
tional rate-sensitive element followed by a low-pass filter and a
delay [6]. Thus, the zero-lag cross-correlation between position
and reflex torque can be expressed as

(3)

where is the half-wave rectified velocity, is the IRF be-
tween and , and is time. Expanding the convolution
as a discrete sum gives

(4)

where is the th sample, is the sampling increment, and
is the th element of . Since for any given is constant, it can
be taken out of the expectation value and (4) can be rewritten as

(5)

Equation (5) can be rewritten in summation notation as
follows:

(6)

The expectation value in (6) is the cross-correlation between
position and half-wave rectified velocity. Thus, the cross-corre-
lation between position and reflex torque is equivalent to

(7)

where is the th lag cross-correlation between position
and half-wave rectified velocity.

Using a typical reflex stiffness IRF [Fig. 2(b)] found in [6]
and [7], we can determine for any given perturbation whether or
not the cross-correlation between position and reflex torque will
equal zero by finding . Fig. 2(a) shows a pseudo-random
binary sequence (PRBS) with a 125 ms switching interval, a per-
turbation signal which has been used to identify intrinsic and
reflex stiffness in previous work [6]–[8]. This input has enough
power to permit stiffness to be identified while at the same time
has a low enough average velocity to preserve the reflex re-
sponse. The product of the reflex stiffness IRF [Fig. 2(b)]
and [Fig. 2(c)] for this perturbation is shown in Fig. 2(d)
and clearly will not sum to zero, thus cannot be used for the
real-time identification. This is because is nonzero between
40 and 400 ms, while is nonzero for the first 125 ms. To
solve this problem, a PRBS with a switching rate of 40 ms could
be used; however, previous experiments have shown that high
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Fig. 2. (a) Position, (b) reflex stiffness IRF (h), (c) � , (d) product of h and � for a PRBS input signal with a 125 ms switching interval. (e) Position,
(f) reflex stiffness IRF (h), (g) � , (h) product of h and � for a “pulse-step” input signal. Since h is nonzero from 40–400 ms and � for the PRBS is
nonzero from 0–125 ms, the product is nonzero from 40–125 ms. The � for the “pulse-step” input signal is zero from 40–400 ms, resulting in a product which
is zero at all times.

levels of mean ankle velocity suppress the reflex response [6].
Thus, at a switching rate of 40 ms, which has a high average
velocity, there would be no reflex response.

Therefore, we sought a novel perturbation sequence whose
properties would eliminate the reflex contributions from (2).
This perturbation must:

1) have an average velocity low enough to preserve the stretch
reflex response;

2) have equal to zero for lags between 40 and 400 ms.
This was accomplished by designing an input sequence that

switches randomly between 500 ms “pulse” and “step” segments
[Fig.2(e)].“Pulses”consistedof40mspulses,while“steps”were
460 ms pulses. This results in a perturbation in which, during 40
ms to 460 ms after each dorsiflexing displacement, the position
returns to the original position half the time and remains at the
stretched position the other half of the time. Consequently,
equals 0 from 40 ms to 460 ms [Fig. 2(g)]. Each segment was fol-
lowed by a random pause lasting between 0 and 200 ms to make
theperturbationunpredictable.Fig.2(h) shows that theproductof

and for this perturbation is negligible. Thus, the zero-lag
cross-correlation between position and the reflex torque using the
“pulse-step” perturbation will average to zero and (2) reduces to

(8)

The second requirement was that the average velocity should
be low. Ref. [14] showed that the stretch reflex response de-
creases with increasing average velocity. A “pulse-step” pertur-
bation of 0.035 rad has an average absolute velocity of 0.12 rad/s
while that of the 125 ms PRBS, with the same peak-to-peak am-
plitude, was 0.17 rad/s. Therefore, the “pulse-step” perturbation
should suppress reflex less than the 125 ms PRBS.

B. Estimation of Intrinsic Stiffness

For small perturbations and a fixed operating point, a wide
range of studies have shown that the intrinsic torque can be mod-
eled well with three components, inertial, viscous, and elastic,
that depend on the position of the ankle and its derivatives [1],
[6], [9]. Thus, intrinsic stiffness may be modeled as

(9)

where is position and , , and are the inertial, viscous,
and elastic parameters, respectively. Hence, the cross-correla-
tion between position and intrinsic torque is

(10)

Since there are three unknowns, three equations are required
to solve for the parameters. In addition to the cross-correlation
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Fig. 3. (a) Reflex stiffness IRF (h), (b) � , and (c) � for “pulse-step”
input signal. Both � and � are near zero when the h is nonzero.

between position and torque, we can form the cross-correlation
between velocity and torque

(11)

and between acceleration and torque

(12)

As was done for the position, the cross-correlation between
velocity and reflex torque, and acceleration and reflex torque can
be estimated by looking at and respectively (Fig. 3).
Since and are near zero when is nonzero the cross-
correlation between velocity and reflex torque, and acceleration
and reflex torque are both approximately zero.

Combining (10), (11), and (12), and rewriting in matrix
format gives

(13)

Solving (13) gives estimates for , , and .

C. Estimation of Reflex Stiffness

Once the estimates from (13) are known, the reflex torque can
be estimated as

(14)

Reflex stiffness at the ankle has been modeled as a delay and
a uni-directional rate-sensitive element followed by linear dy-
namics. The dynamics may be second or third order depending
on the subject and operating point. Consequently, we felt it best
to estimate the dynamics nonparametrically using an IRF.

Thus, the reflex torque was modeled as (15), shown at the
bottom of the page, where is half-wave rectified velocity,
is the number of lags, and is the length of the signals. Solving
(15) for will estimate the reflex stiffness IRF. The gain of the
reflex stiffness can then be found by integrating .

D. Implementation

The real-time estimation algorithm, shown in Fig. 4, was im-
plemented using Simulink (The Mathworks Inc.) for simulation
data, and xPC Target (The Mathworks Inc.) for experimental
data. In both cases, the estimation algorithm ran at a fixed rate
of 1 kHz. The following steps, which outline the estimation pro-
cedure, were carried out at every sample time.

1) The torque was high-pass filtered at 0.033 Hz.
2) The products in the matrices in (13) were formed and low-

pass filtered.
3) , , and were estimated by solving (13) with an LDL

solver, which factors the matrix into a lower triangular ma-
trix, a diagonal matrix, and the Hermitian transpose of the
lower triangular matrix.

4) was estimated from (14) and then high-pass filtered.
5) The position signal was differentiated, half-wave rectified,

and high-pass filtered at 0.033 Hz, to give a zero-mean
half-wave rectified velocity signal .

6) and were filtered with an eighth order type-1 low-
pass Chebyshev, with a cutoff of 40 Hz and passband ripple
of 0.05 dB, and then downsampled to 100 Hz.

7) Equation (15) was formed by concatenating lagged sig-
nals. Each lag was 10 ms with the minimum lag being
50 ms and the max lag being 400 ms.

8) The reflex stiffness IRF was estimated by finding the
least-squares solution to (15) using a QR solver, with a
1 s data length, every 100 ms. This gives a nonparametric
estimate of the reflex stiffness.

9) Reflex stiffness gain was estimated by summing .

E. Validation

The parallel-cascade identification algorithm was used to val-
idate the estimates produced by the real-time estimation algo-

...
...

...
. . .

...
...

(15)
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Fig. 4. Simulink model of the real-time estimation algorithm. Numbers correspond to the steps described in Section II-D.

rithm. This analysis was performed off-line using the entire
length of data after the experimental or simulation run. This
parallel-cascade identification algorithm was described previ-
ously in [6] and will be described only briefly here.

1) Intrinsic stiffness was estimated by finding the IRF be-
tween the position and torque. The maximum lag of the
IRF was set to 40 ms, preventing any contribution from the
reflex torque.
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2) Reflex torque was estimated by subtracting the predicted
intrinsic torque from the net torque.

3) Reflex stiffness was estimated by finding the IRF between
half-wave rectified velocity and the estimated reflex torque.

4) The intrinsic torque was re-estimated by subtracting the
predicted reflex torque from the net torque.

5) The intrinsic stiffness was re-estimated by finding the IRF
between the position and the estimated intrinsic torque.

6) The procedure was repeated until the percentage of vari-
ance accounted for (%VAF) of the total predicted torque
ceased to increase.

III. SIMULATION STUDIES

A. Simulation Model

Simulations were carried out to test the accuracy, preci-
sion, and response time of the real-time estimation algorithm.
Reflex and intrinsic torques were simulated based on the
parallel-cascade model of ankle stiffness (Fig. 1) using Simulink.
Intrinsic torque was simulated by multiplying the position, the
velocity, and the acceleration by the elastic, viscous, and inertial
stiffness, respectively. Reflex torque was simulated by applying a
half-wave rectifier to the delayed velocity and then convolving it
with a second order low-pass system. Previous studies found that
the reflex stiffness dynamic can be modeled as either a second
or third order system depending on the subject and the operating
point. For the purpose of these simulations,we used only a second
order low-pass system defined in the Laplace domain as

(16)

Independent white noise was added to the position to give an
input signal-to-noise ratio (SNR) of 70 dB, and to the torque
to give an output SNR of 40 dB, emulating the noise levels ex-
pected during experimental trials.

B. Simulation Methods

Each simulation ran for 240 s with a 1 ms increment. The
first 30 s of real-time estimates were ignored to avoid errors
due to simulation transients. The elastic stiffness and the
reflex stiffness gain are the parameters that vary most in
physiological situations [7]; thus, our analysis focused on these.
Three sets of simulations were performed to assess the accuracy,
variability, and response time of the algorithm. The following
section explains these simulations in detail.

C. Simulation Results

1) Accuracy: One hundred simulation runs were done for
each of the following conditions.

1) was chosen randomly from 0–200 Nm/rad while was
held constant at 10 Nm/rad/s.

2) was chosen randomly from 0–20 Nm/rad/s while was
held constant at 100 Nm/rad.

3) Both and were chosen independently and randomly
from 0–200 Nm/rad and 0–20 Nm/rad/s, respectively.

All other parameters were held constant with values
that resemble those found in previous experiments (

Fig. 5. Estimation of (a) elastic stiffness and (b) reflex gain whenK was varied
randomly from 0–200 Nm/rad andGwas held constant at 10 Nm/rad/s. Estima-
tion of (c) elastic stiffness and (d) reflex gain whenGwas varied randomly from
0–20 Nm/rad/s andK held constant at 100 Nm/rad. Each point corresponds to
a separate simulation and represents the mean of the parameter estimate for that
simulation.

0.63 Nm/rad/s, 0.0137 Nm/rad/s , 21 rad/s, 0.8)
[6], [7]. The accuracies of the estimates were compared by
calculating the %VAF

%VAF 100% (17)

where is the set of simulated parameter values from all simula-
tion runs and is the corresponding set of estimated parameters.

Fig. 5(a) and (b) show the estimates of and for runs
where was chosen randomly between 0 and 200 Nm/rad
while was held constant at 10 Nm/rad/s. Each point cor-
responds to a separate simulation run and represents the time
average of the estimated parameter. The estimates of were
close to the simulated values for all runs [Fig. 5(a), %VAF
98.6%] while the estimates of [Fig. 5(b)] were almost con-
stant 10.2 0.5 Nm/rad/s .

Fig. 5(c) and (d) show the results of the converse experiment,
where was selected to be between 0 and 20 Nm/rad/s while
was held constant at 100 Nm/rad. The estimates of were close
to the simulated values [Fig. 5(d), %VAF 99.3%], while those
of remained almost constant [Fig. 5(c), 98 5 Nm/rad].

Though not shown, the algorithm also estimated the values
of and —when and were varied simultaneously—to
be 0.63 0.03 Nm/rad/s and 0.0137 0.0002 Nm/rad/s , re-
spectively, matching the simulated values of 0.63 Nm/rad/s and
0.0137 Nm/rad/s . Furthermore, the estimates of and did
not covary with elastic stiffness or reflex gain as evident by
their low standard deviations.

The real-time estimation algorithm was also compared to
the parallel-cascade algorithm on a subset of 20 simulations
in which and both varied. Fig. 6 shows that both the
parallel-cascade and real-time estimates closely matched the
ideal line. Thus, the real-time estimation performed almost as
well as the parallel-cascade identification in estimating both
and .
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Fig. 6. Real-time and parallel-cascade estimates of elastic stiffness and reflex
gain. Both methods of estimation performed very well in identifying (a) elastic
stiffness and (b) reflex gain, when bothK andG were varied simultaneously.

2) Variability: Next we examined the variance of the real-
time estimates. Reflex and intrinsic torque were simulated once
with 100 Nm/rad and 10 Nm/rad/s, and all other
parameters as before. The variance in time of the estimates was
estimated from 30 s until the end.

A low-pass filter was used to perform the averaging in (9), as
well as averaging the reflex stiffness gain estimate. In selecting
this filter there is a tradeoff between variance, which will de-
crease with the filter cut-off, and response time. Filters at two
different cut-off frequencies were tested, one at 0.1 Hz and the
other at 0.033 Hz. When a 0.1 Hz low-pass filter was used to
perform the averaging, the standard deviation was 11.9% of the
mean for and 7.2% for . With a 0.033 Hz low-pass filter,
the standard deviations dropped to 7.9% and 5.2% for and

, respectively. The lower standard deviations of the 0.033 Hz
low-pass filter show that this filter provides estimates with less
variance. However, the increased averaging will also increase
the response time.

3) Response Time: Finally we examined the response time
of the estimation algorithm. Simulations were run in which
and underwent step changes at different times. The risetime,
defined as the time taken for the parameter estimates to go from
10% to 90% of its change, was calculated for both parameters.

Fig. 7 shows the time course of the and estimates using
the two filters following step changes in the simulated parameter
values. The dotted lines in each figure show the simulated pa-
rameter values, while the solid lines show the estimates. Using
the 0.1 Hz filter, the risetime for was 4.6 s [Fig. 7(a)] and 4.6 s
for [Fig. 7(b)]. Using the 0.033 Hz filter, the risetimes for
and were 14.2 s and 11.9 s, respectively [Fig. 7(c), (d)]. Thus,
increased averaging reduces parameter variance but makes the
estimation algorithm respond more slowly.

In addition to the step change in the reflex gain estimate that
occurred at 150 s, there was another change at 100 s. This is
due to the change in elastic stiffness. When the elastic stiffness
changes, the reflex torque estimate will be biased until the elastic
stiffness estimate reaches its true value. This bias will lead to a

Fig. 7. Response time of real-time estimates. Position and torque were sim-
ulated with step changes in elastic stiffness and reflex gain occurring at 100 s
and 150 s, respectively. Using the 0.1 Hz filter (left) the response time is much
quicker for both (a) elastic stiffness and (b) reflex gain than the response time for
the (c) elastic stiffness and (d) reflex gain estimates produced by the 0.033 Hz
filter (right).

bias in the reflex stiffness as evident by the displacement seen in
the reflex gain trace. Thus, when intrinsic stiffness is changing
and reflex stiffness remains constant, we must wait for the tran-
sients to subside before obtaining reliable reflex stiffness esti-
mates. Therefore, a limitation of the algorithm is that reflex stiff-
ness cannot be estimated when intrinsic stiffness varies. How-
ever, the reverse does not apply; because intrinsic stiffness is
estimated prior to estimating reflex stiffness, changes in reflex
stiffness do not bias intrinsic stiffness estimates.

IV. EXPERIMENTAL RESULTS

We further validated the algorithm using experimental data
and comparing the real-time estimates to those of the off-line
parallel-cascade algorithm. To achieve this, experiments were
conducted in which the position and torque were recorded in
addition to the real-time estimates.

A. Experimental Methods

1) Apparatus: Subjects lay supine with the left foot attached
to an electrohydraulic actuator by a custom-made fiberglass
boot. Movement of the foot was restricted to plantarflexion and
dorsiflexion. The left leg was immobilized with a leather strap
and supported with two sand bags under the knee. Two safety
stops, one physical and one hydraulic, limited the actuator
movement to the subjects’ voluntary range of motion.

Subjects’ ankle position was measured with a potentiometer
(BI Technologies 6273), and torque with a torque transducer
(Lebow 2110-5K). Both position and torque were defined to be
positive for dorsiflexion and negative for plantarflexion.

Position and torque were sampled at 1 kHz using an NI-4472
data acquisition card. Anti-aliasing was performed by the card
which over-sampled the data and then applied a digital brick-
wall filter with a 486.3 Hz cutoff frequency. Data were then
stored on the Host PC (AMD Athlon 1.33 GHz, 1 GB RAM).



1882 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 54, NO. 10, OCTOBER 2007

Fig. 8. Real-time and parallel-cascade estimates of reflex gain and elastic stiff-
ness in experimental data. Real-time estimates (solid line) were collected in
an experimental trial where the subject varied her (a) torque at 90 s intervals.
Parallel-cascade estimates (dashed line) were generated for 30 s intervals fol-
lowing experiment using recorded position and torque values. Parallel-cascade
estimates for (b) elastic stiffness and (c) reflex gain closely matched real-time
estimates.

The controller and the real-time identification were im-
plemented using xPC Target on the Target PC (AMD Athlon
1.6 GHz, 256 MB RAM). Position and torque were sampled on
this machine for actuator control and real-time identification of
intrinsic stiffness and reflex gain. Sampling was done at 1 kHz
using a ComputerBoards PCIM-DAS1602/16 Analog-to-Digital
Card. Prior to sampling, data were filtered with 8-pole, 6-zero,
linearphase,constantdelay, low-passfilterwithacutoffof400Hz
(Frequency Devices 9064). The control signal was output with
a ComputerBoards PCIM-DDA06/16 Digital-to-Analog Card
to the servo-valve which controlled the position of the actuator.

Visual feedback was generated using a display which
was custom-built using Simulink on the Display PC (Intel
Pentium III 500 MHz, 256 MB RAM). Feedback data was
calculated on Target PC and sent to display PC via the UDP
network protocol. Feedback was displayed on a 15-inch LCD
monitor (NEC) mounted over the subjects’ heads.

2) Procedure: The experimental paradigm was a simple
torque matching task, since it is known that both elastic stiffness
and reflex stiffness gain vary with torque levels [7]. Subjects
were provided with a display of their average torque on the
LCD monitor and were asked to maintain it at a fixed level.
The torque target began at 8 Nm, and decreased by 4 Nm every
90 s, until the completion of a 90 s interval at 8 Nm, at which
point the target returned to zero [see Fig. 8(a)].

All experiments were done with the low-pass filters at
0.033 Hz because subjects were most comfortable controlling
joint stiffness with the increased averaging.

B. Experimental Results

Fig. 8(a) shows the mean torque and the real-time and
parallel-cascade estimates for elastic stiffness [Fig. 8(b)] and
reflex gain [Fig. 8(c)] recorded during an experimental trial.

Parallel-cascade estimates were generated using 30 s worth of
data. As mentioned previously, the risetime for the elastic stiff-
ness was 14.2 s with 0.033 Hz filter, so the real-time estimates
for at least the first 15 s of each interval should be ignored.
For both elastic stiffness and reflex stiffness gain, the mean of
the real-time estimates for each interval closely matched the
parallel-cascade estimates for that interval (%VAF 90% for
both and ). The real-time and parallel-cascade estimates of

covaried, as evident by the high %VAF, but there appears to
be an offset between these two estimates.

V. DISCUSSION

We have shown that using the “pulse-step” position input, in-
trinsic and reflex stiffness can be separated and estimated in real
time. Intrinsic stiffness was estimated by finding the cross-cor-
relation between the position, its derivatives, and the torque. Re-
flex stiffness gain was estimated by finding the IRF between a
delayed half-wave rectified velocity signal and the torque. Using
simulated data, it was found that the real-time algorithm esti-
mated the parameter values accurately. Using two different fil-
ters to perform averaging, it was found that the algorithm could
either produce estimates with low variance and slow response
times or high variance and quick response times. Validation of
the real-time estimates with the parallel-cascade identification
algorithm demonstrated that both estimates were in agreement
for both simulated and experimental data.

It has been shown previously that reflex and intrinsic stiffness
can be separated using off-line analysis methods [6]. Here we
show for the first time that the two components can be estimated
accurately in real time. The key to the estimation was the use
of the “pulse-step” position input which was designed specif-
ically to eliminate the covariance of two stiffness estimates.
For this perturbation, is equal to zero for lags between
40 and 460 ms, consequently the zero-lag cross-correlation be-
tween position and reflex torque equals zero. Furthermore, both

and are zero when is nonzero, resulting in both
the product of velocity and reflex torque and acceleration and
reflex torque equaling zero. Using the products of the torque
with the position and its derivatives, the three components of
the intrinsic stiffness were found by solving a system of three
linear equations. While only one component—the elastic stiff-
ness—was shown to be identified successfully over a large range
of values, the other two components were identified just as suc-
cessfully for static values. However, since these other compo-
nents change only slightly [7], there is little interest in investi-
gating their behavior in real time.

Reflex stiffness has been modeled as a second—and some-
times third—order low-pass system with a delay [6]. We esti-
mated reflex stiffness nonparametrically by calculating the IRF
between half-wave rectified velocity and the estimated reflex
torque. We then determined the gain of the reflex stiffness by
integrating the resultant IRF. Since the gain of the reflex stiff-
ness is the most variable parameter [7], this was the only param-
eter calculated. While it is possible to fit a second or third order
model to the IRF to determine the other parameters of the reflex
stiffness, this would require us to make an assumption about the
structure of the reflex stiffness. Therefore, we felt it better to
simply integrate the IRF to calculate the gain.
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A. Limitations of the Real-Time Algorithm

The real-time estimation algorithm performs very well in
simulations, but has some limitations. The real-time estimation
depends on the averaging of two values which are randomly
distributed to remove the reflex torque from the total torque.
Given enough data there would be equal amounts of each value
to ensure that expectation value is zero. However, since the
task is to produce a real-time estimate, the data length must be
restricted so that the algorithm produces estimates that reflect
current and not past values. Thus, at any given time there may
be a slight bias in the estimates due to the uneven distribution
of “pulses” and “steps”.

The real-time algorithm is also limited to measuring intrinsic
and reflex stiffness in steady-state conditions. Voluntary torque
is removed under the assumption that it remains constant. There-
fore, when voluntary torque is not constant both reflex and in-
trinsic stiffness estimates may be biased. Furthermore, due to
the need for averaging, the estimates can only be considered ac-
curate 15 s after the voluntary torque stops changing.

A similar limitation occurs during changes of intrinsic stiff-
ness. Due to the averaging, the intrinsic torque may be inaccu-
rate for the first 15 s following a change in intrinsic stiffness.
Since reflex torque is estimated by subtracting intrinsic torque
from net torque, it too may be inaccurate for the 15 s following
changes in intrinsic stiffness, even when torque remains con-
stant. Thus, the algorithm tracks changes but its estimates can
only be relied upon once conditions stabilize.

Finally, we observed an offset between the parallel-cascade
and real-time estimates when experimental data was used. This
offset was not present for simulated data, thus we are unsure of
its origins. We suspect that the offset may arise due to differ-
ences in estimating intrinsic stiffness between the parallel-cas-
cade and real-time algorithms. For the purpose of using the esti-
mates as feedback, the offset is not very important provided that
the variations reflect the variations of the underlying parameters.
Since the parallel-cascade and real-time estimates covaried, we
are confident that the variations of the real-time estimates reflect
the variations of the underlying parameters.

B. Applications of the Real-Time Algorithm

We foresee that the main application of the real-time algo-
rithm will be to provide feedback for subjects. We have used an
earlier, simpler version of this real-time estimation algorithm
[15] to estimate elastic stiffness and reflex gain in real time and
use it as feedback. We found that subjects, given proper feed-
back, could vary their reflex stiffness gain by a factor of 4, while
maintaining elastic stiffness and background torque constant.
Further experiments showed that subjects could change their re-
flexes rapidly on command. These experiments demonstrated
that subjects can control reflex stiffness independently and so
have great flexibility in adjusting the mechanical properties of
their joints to meet functional requirements.

There are a number of medical conditions, such as traumatic
brain injury, stroke, and spinal cord injury, that can lead to
spasticity, resulting in exaggerated stretch reflexes and a gen-
eral increase in muscle tone [16]. Using the parallel-cascade
algorithm, it has been shown that spinal cord injuries increase
intrinsic stiffness slightly and reflex stiffness greatly [16], while

strokes cause an increase reflex stiffness in some subjects but no
change in intrinsic stiffness [17]. Ref. [16] found that the intrinsic
stiffness was still well modeled by (9), while the reflex stiffness
IRF in spinal cord injured patients was nonzero from 40 to 600
ms. Thus, our real-time algorithm could successfully work with
spinal cord injured patients, with a slight modification in the
perturbation sequence so that is zero from 40 to 600 ms.
Ref. [17] found that, in stroke patients, intrinsic stiffness was
well modeled by (9), and reflex stiffness was nonzero between 40
and 300 ms, satisfying the requirements needed for the real-time
algorithm. Currently, clinical stiffness measurements are per-
formed by hand or using hand-held dynamometers [18], [19].
The real-time estimation algorithm would allow clinicians to
easily quantify the reflex and intrinsic stiffness in real time and
assess the degree of spasticity. Furthermore, real-time estimates
of reflex stiffness could be used as feedback for helping patients
treat their spasticity, similar to what was done in [20]–[23].
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