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Estimation of Intrinsic and Reflex Contributions to
Muscle Dynamics: A Modeling Study
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Abstract—This work evaluated system identification-based
approaches for estimating stretch reflex contributions to muscle
dynamics. Skeletal muscle resists externally imposed stretches via
both intrinsic stiffness properties of the muscle and reflexively
mediated changes in muscle activation. To separately estimate
these intrinsic and reflex components, system identification
approaches must make several assumptions. We examined the
impact of making specific structural assumptions about the
intrinsic and reflex systems on the system identification accuracy.
In particular, we compared an approach that made specific parametric assumptions about the reflex and intrinsic subsystems to
another that assumed more general nonparametric subsystems. A
simulation-based approach was used so that the “true” characters
of the intrinsic and reflex systems were known; the identification
methods were judged on their abilities to retrieve these known
system properties. Identification algorithms were tested on three
experimentally based models describing the stretch reflex system.
Results indicated that the assumed form of the intrinsic and
reflex systems had a significant impact on the stiffness separation
accuracy. In general, the algorithm incorporating nonparametric
subsystems was more robust than the fully parametric algorithm
because it had a more general structure and because it provided a
better indication of the appropriateness of the assumed structure.
Index Terms—Muscle, simulation, stiffness, stretch reflex,
system identification.

I. INTRODUCTION

T

HIS paper describes a modeling study that evaluated
system identification-based approaches for noninvasively
estimating the stretch reflex contribution to muscle dynamics.
Skeletal muscle resists externally imposed stretches due to
stiffness properties of the muscle itself and to reflexively
mediated changes in muscle activation. Although the stretch
reflex has been widely studied, its role during typical motor
tasks remains a topic of much debate [1]–[3]. This controversy
stems in part from difficulties associated with quantifying the
reflex response in vivo and separating reflex contributions to the
stretch response from intrinsic muscle properties and voluntary
interventions. A reliable method for quantifying stretch reflex
contributions to motor output would help elucidate the role of
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these reflexes during typical motor tasks in both able-bodied
individuals and individuals with motor pathologies such as
tremor, spasticity, and paresis from various etiologies.
Until recently, reflex responses in intact, unimpaired human
subjects could be studied only through the use of methods
that effectively deafferented a muscle, including vibration [4],
[5], ischemia [5], [6], and electrical stimulation [7], [8]. In
these studies, reflex contributions are defined as the change in
motor output between the reflexive and areflexive states. These
methods have shown that reflex contributions can be significant
under many conditions, but they suffer from several important
limitations. First, the techniques used to suppress the reflex
response are not completely isolated to stretch reflex mechanisms, but rather may also have unnatural side-effects (e.g.,
altered motoneuron properties during ischemia and changes in
intrinsic muscle stiffness during vibration). Second, even if a
completely selective removal of the stretch reflex were possible, it would be difficult to interpret the differences between
the intact and areflexive states. Stretch reflex responses are
thought to depend upon a balance between a large number of
descending and segmental inputs. Simple removal of one class
of these inputs will result in a change in the stretch response,
but replacement of the suppressed inputs to match experimental
conditions (e.g., joint torque) will cause a change in the normal
balance of the various systems, and a corresponding change in
the stretch response. Thus, effective deafferentation methods
provide only a relatively crude reflection of reflex behavior at
discrete operating points.
Recently, several methods have been proposed for studying
the stretch reflex noninvasively in completely intact systems.
These methods rely on signal processing and the known delay in
the stretch reflex system, rather than physical disruption of the
system, to separate reflexive contributions to motor output from
intrinsic contributions. These methods generally assume that the
intrinsic and reflex responses to stretch sum linearly. This simplification ignores the nonlinear behavior of muscle and motoneurons [9]–[11], yet provides a functionally useful definition
for characterizing the reflex response for small displacements
about a steady operating point [12], [13]. Time delay methods
using sinusoidal perturbations [12], [13], pulse perturbations
[14], [15], and stochastic perturbations [16], [17] have been
employed. The latter use the tools of nonlinear system identification to characterize the intrinsic and reflex dynamics from
a single experimental trial and hence, provide an experimentally efficient tool for studying reflex responses. In addition, the
system identification approach provides a quantitative description of the intrinsic and reflex dynamics that can be incorporated
into mathematical models of motor behavior. These attractive
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characteristics of system identification-based approaches led us
to further investigate their use for estimating the relative mechanical contributions of intrinsic and reflex properties.
Although the system identification-based methods are
appealing, they are not magic. In order to separate intrinsic
and reflex components on the basis of time delay, any system
identification approach must make several assumptions. First,
the duration of the reflex delay must be known or estimated
in some way. Second, and most importantly, some assumption
regarding the structures of the intrinsic and reflex (sensor
properties, central processing, and muscle response to reflex
activation) systems must be made. Making this assumption is
unavoidable because the same input variables (e.g., muscle
length and its derivatives) excite both the intrinsic muscle
properties and the reflex system. Furthermore, the intrinsic
and reflex components will be at least partially correlated, so
their common component could be attributed to an arbitrary
combination of intrinsic and reflex properties depending on
what is assumed for the reflex structure. Unfortunately, this
means that errors in the relative distribution of intrinsic and
reflex components may not be reflected in the goodness of fit.
In this study, we examined the impact of making different
assumptions about the structures of the intrinsic and reflex systems. In particular, we compared an approach [17] that made
specific parametric assumptions about the form of the subsystems to another approach that assumed more general nonparametric subsystems [16]. We used a simulation-based approach
so that the “true” characters of the intrinsic and reflex systems
were known—the performance of the identification methods
was judged on their abilities to retrieve these known system
properties. Several different experimentally-based model structures for the “true” system were used in different simulations.
We evaluated the ability of the different system identification
approaches to accurately separate the intrinsic and reflex stiffness components for each of these models. The results of these
simulations indicate that the assumed form of the intrinsic and
reflex systems can have a significant impact on the accuracy
of the stiffness separation procedures. In general, the algorithm
incorporating nonparametric subsystems was more robust than
the fully parametric algorithm because it had a more general
structure and because it provided a better indication of the appropriateness of the assumed identification model.
Portions of this work have been presented previously [18].
II. METHODS
A. Identification Algorithms
System identification algorithms can be characterized
broadly into parametric and nonparametric techniques [19].
Parametric algorithms describe the system under study using
a specific set of equations, usually with a minimal set of
parameters. Often, these equations are constructed from first
principles or from previous empirical findings. The goal of
parametric identification is to estimate the parameters of this
equation set. In contrast, nonparametric algorithms make few
assumptions about the system under study and typically do
not require a priori knowledge of the equations describing the
system response. The goal of nonparametric identification is

to estimate points on the unparameterized system response
curves, such as impulse response functions (IRFs) for linear
systems or kernels for nonlinear systems.
Three separate identification algorithms were implemented
in this study. The first method was a commonly used [6],
[20]–[22] linear parametric identification algorithm that modeled the whole joint response without distinguishing between
reflex and intrinsic contributions. This provided the baseline
results against which to compare the performance of two
additional algorithms that were designed to separately identify
reflex and intrinsic contributions to total joint dynamics. Each
algorithm estimated the dynamic stiffness of a joint, which is the
relationship between externally imposed joint displacements
and the corresponding joint torques, to fully characterize the
mechanical properties of the joint.
1) Method A: Linear Parametric Algorithm: Method A, a
linear parametric estimation algorithm, assumed that dynamic
joint stiffness can be modeled by a second-order system(1) containing terms for the inertia
, viscosity
, and elastic stiffof the joint. In (1), represents joint torque and
ness
represents joint angle. Method A makes no attempt to separate
intrinsic contributions from reflex contributions to the dynamic
stiffness, but rather lumps them into a single system [Fig. 1(A)]
with properties that are expected to change with changes in reflex activation. A “direct” method was used to estimate these
parameters. This involves doubly integrating both sides of (1)
with a linear integral filter and solving for the parameters of the
resulting equation using least squares. Equation (2) shows the
double integrator used in this study [17], where is the samis the unit
pling interval, is the length of the integral filter,
is the measured torque or displacement to
delay operator,
0, 1, 2 corresponds to the zeroth, first, or
be integrated, and
product was set to one sample
second derivative terms. The
shorter than the simulated reflex delays listed in the Simulation
section. The use of this integration before parameter estimation
avoids the need to differentiate the experimental data, which can
be problematic
(1)

(2)
2) Method B: Nonlinear Parametric Algorithm: Method
B was a nonlinear parametric identification algorithm first
proposed by Zhang and Rymer [17] for characterizing the
reflex response of the human elbow. This algorithm assumes
that the joint dynamics can be described by the system shown
in Fig. 1(B). This model structure was determined a priori,
based on previous studies of muscle and reflex properties in
both humans and animals [23]–[26]. In this model, the intrinsic
joint dynamics are represented by (1), while the reflex pathway
contains position and velocity dependent components that
to an applied joint stretch.
provide a delayed response
, and velocity
Position feedback is modeled by a static gain,
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differential equation describing the reflex structure shown in
Fig. 1(B);
is the error associated with this model. Because
this equation is linear in its parameters, these parameters can
also be estimated using linear least squares. Again, this was
accomplished using the “direct” method outlined above. Each
side of (3) was integrated over a period slightly shorter than
the reflex delay using (2) and then the model parameters were
estimated using linear least squares

(3)

Fig. 1. Joint stiffness structures assumed by each of the system identification
algorithms. (A) Method A assumed a second-order system with inertial,
viscous, and elastic terms. (B) Method B assumed separate intrinsic and
reflex pathways, both which were parameterized. (C) Method C used
a block-structured nonparametric algorithm with separate intrinsic and
reflex pathways. All components of this assumed structure were estimated
nonparametrically.

feedback is modeled by a static nonlinearity with separate gains
and negative
stretches. In addition to
for positive
these parameters identified in the original publication [17], an
offset parameter, , was added to the velocity feedback nonlinearity to account for the shift in the mean reflexively generated
torque due to nonequal feedback gains for positive and negative
velocities. This additional parameter had little effect on the
identification of intrinsic dynamics, but greatly improved the
identification accuracy for the reflex parameters. In their study
of elbow dynamics, Zhang and Rymer estimated the reflex
delay and joint inertia in separate experiments from those
used to estimate the remaining model parameters. To mimic
this approach, joint inertia and the reflex delay were assumed
to be known in this work. Therefore, this model had a total
of 6 free parameters. Equation (3) shows the nonlinear delay

3) Method C: Block Structured Nonlinear Nonparametric
Algorithm: Method C was first used by Kearney et al. [16]
to characterize reflex responses at the human ankle. This
algorithm assumes the existence of separate intrinsic and reflex
pathways as well as a specific form for these pathways, but the
elements in both pathways remain fully nonparametric. It is
therefore less structured than the fully parametric identification
of Method B, yet is not fully nonparametric; it falls into the
class of block-structured nonparametric algorithms [27]. The
structural information assumed by Method C was obtained
from a series of experiments on the human ankle [21], [28].
The resulting nonlinear algorithm assumed that the parallel
structure of Fig. 1(C) could describe the joint dynamics. In
and
represent linear systems, respectively,
Fig. 1(C),
describing the areflexive intrinsic stiffness dynamics and the
reflex activation dynamics. The delayed reflex dynamics are
,
preceded by a differentiator and a static nonlinearity,
which has been found to closely resemble a half-wave rectifier
[28].
This algorithm uses nonparametric IRFs to estimate the intrinsic and reflex dynamics. The separation of these dynamics
requires a stiff position servo to control joint displacements and
decay of the intrinsic torque response to an instantaneous externally imposed displacement before the onset of the reflex response to the same displacement. In other words, the intrinsic
dynamics IRF needs to decay before the onset of reflex activity.
Numerous studies have shown that, during the application of
stochastic perturbations, the stiffness properties of muscles and
joints can be described by a system with inertial, viscous and
elastic properties [6], [21], [22], [29], [30]. These systems have
instantaneous transient responses to applied displacement perturbations, allowing the intrinsic and reflex components to be
separated in time [14], [15]. The technique for achieving this
separation during the application of continuous perturbations is
outlined below
1) Estimate the intrinsic dynamics from the measured displacement and torque data using a two-sided IRF [31] that
decays before the onset of reflex activity. This is accomplished by solving the discrete convolution equation given
is the nonparametric IRF of length
below, where
is the cross-correlation between the meais the input auto-corsured input and output, and
relation
(4)
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2) Subtract the torque predicted by the estimated intrinsic
dynamics from the measured torque to obtain the reflex
torque.
3) Identify the dynamics of the reflex pathway describing
the relationship between joint displacements and reflex
torque using an iterative Hammerstein identification algorithm [27]. Hammerstein systems consist of a static nonlinearity followed by a linear system, as assumed for the
reflex dynamics illustrated in Fig. 1(C). The reflex IRF
in this pathway was forced to zero where the intrinsic
IRF was allowed to be nonzero, thereby preventing unmodeled intrinsic dynamics from being incorporated into
the reflex path. The static nonlinearity was approximated
with a tenth-order Chebyschev polynomial.
To allow comparison with the parametric methods, elastic
and viscous parameters were fit to the nonparametrically estimated intrinsic stiffness IRFs using a simplex optimization routine (The Mathworks, Natick, MA).

TABLE I
PARAMETERS FOR ELBOW SIMULATION

TABLE II
PARAMETERS FOR ANKLE SIMULATION

B. Simulations
Three different models of the stretch reflex response were
simulated. They were based on experimental results obtained
for the human ankle, the human elbow, and the cat soleus. These
models were chosen to illustrate key points regarding system
identification of intrinsic and reflex dynamics, not to encompass all possible stretch reflex behaviors. The simulated data
from these models were used to test the conditions under which
each of the identification algorithms described above could accurately predict the contributions of the intrinsic and reflex systems to the total dynamic stiffness. Each model was simulated
with a range of reflex gains, but constant intrinsic properties.
The nonlinear identification algorithms were judged on their
ability to identify the invariant intrinsic dynamics at all levels of
reflex gain. These parameters were used as a succinct measure
of success because they were common to all tested algorithms.
Errors in their estimation indicate that the intrinsic and reflex
pathways were not properly separated but rather that changes in
reflex gain influenced the estimation of the intrinsic properties.
The linear parametric algorithm was used to summarize how
changes in reflex gain affected the net stiffness dynamics.
To emphasize the effects of model structure on the identification process, two simplifications were made during the simulation process that caused the data used in this study to differ from
that collected in an actual experiment. First, inertia was eliminated from all simulations, and second, all measurements were
assumed to be noise free. Although inertia provides a significant reaction force to imposed displacements of intact joints, its
effects are not directly influenced by muscle or reflex activity.
Hence, the elimination of inertia yielded a data set affected only
by intrinsic and reflex responses, thereby allowing the study to
focus on how changes in these factors influence the system identification procedures. In an experimental setting, inertia obviously needs to be identified and the accuracy of its estimation
will influence the accuracy of any parametric identification algorithm. Similarly, measurement noise will degrade the performance of both parametric and nonparametric algorithms. The
elimination of these confounding factors provides a “best case”
scenario for testing the identification algorithms, and allows the

causes for any limitations in their performance under these ideal
conditions to be more readily identified.
1) Human Elbow Model: The human elbow model was
based on the experimental results of Zhang and Rymer [17].
Fig. 1(B) shows the structure of this model, which matches
exactly the assumptions of Method B. Equation (3) provides
the dynamics equation for this structure. Typical parameters
reported by Zhang and Rymer were used in the simulation.
Table I provides the chosen values. Changes in reflex gain were
simulated by scaling all gain parameters in the reflex pathway
equally, relative to the nominal values provided in
Table I.
2) Human Ankle Model: The human ankle model was based
on the experimental results of Kearney et al. [16]. Fig. 1(C)
shows the structure of this model, which exactly matches the
assumptions of Method C. For simulation purposes, the linear
dynamics were parameterized according to the reported exper, were
imental results. The intrinsic stiffness dynamics,
represented by the second-order system given in (1). The re, were also shown to be second-order, and
flex dynamics,
the natwere modeled by (5); represents the reflex gain,
ural frequency, and the damping parameter. A half-wave rectifier was used to approximate the static nonlinearity in the reflex
path, providing a directionally sensitive reflex response. Table II
shows the actual parameters used during these simulations. Note
that the structure of the simulated ankle model is very close
to that for the simulated elbow model described above. Hence,
the choice of these two models allows us to predict how the
two chosen classes of identification algorithms behave when the
“true” system structure differs only slightly from the estimated
structure
(5)
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Fig. 2. Cat soleus reflex model. Experimentally based structural model
formulated from previously published results. See text.

3) Cat Soleus Model: The final model used to generate
simulated data was a physiologically based structural model
of the cat soleus [32]. This model did not explicitly meet the
assumptions of any implemented identification algorithm, and
hence was used to illustrate how these algorithms behave when
used to estimate the dynamics of a plausible reflex system that
differs from the implicitly assumed structure. The model was
synthesized from previously published experiments on the cat
soleus neuromuscular system, and includes descriptions of
muscle spindles, Golgi tendon organs, the associated afferents
(Ia, II, and IIb), the motoneuron pool and its branches (
innervation), and extrafusal muscle fibers. Fig. 2 illustrates the
interconnections between these structures. Parameters for each
structure were chosen to match their responses in isolation. Four
model parameters were then adjusted so that the entire system
fit a portion of the experimental data presented by Nichols and
Houk [33]. These parameters were the -motoneuron input and
the feedback gains for the groups Ia, Ib, and II fibers. With this
fixed set of parameters, the model reproduces soleus stretch
reflex behavior over a range of previously reported conditions
[33], [34]. In this study, the feedback gains for the groups Ia, Ib,
and II fibers were scaled equally to simulate changes in reflex
gain for the purposes of evaluating the system identification
procedures.
4) Simulation Parameters: Stochastic joint angle (or muscle
length) perturbations were used as the input to each model to
approximately replicate the experiments from which the elbow
and ankle model parameters were derived. The input perturbation bandwidth was normalized to the bandwidth of the intrinsic
model dynamics, and was chosen to produce an approximately
flat torque/force spectrum out to a frequency four times greater
than the intrinsic bandwidth. Beyond this point, the simulated
model torque/force declined at a rate of 20 dB/decade. The calculations for the intrinsic dynamics bandwidth incorporated the
effects of joint inertia, to mimic values that would be obtained
experimentally. The resultant model input was sufficient to estimate the intrinsic dynamics of all models in the absence of a reflex response. Changes in reflex gain were simulated by scaling
the nominal reflex gain parameters described above, but leaving
all other model parameters constant. Intrinsic stiffness parameters remained invariant for all simulated levels of reflex gain.
The models were coded in Matlab/Simulink and simulated using

Fig. 3. Identification results for the human elbow model. (A) The variance
accounted for by each identification algorithm. (B) The estimated joint stiffness.
(C) The estimated joint viscosity. The thick gray lines in (B) and (C) indicate
the simulated intrinsic viscosity and stiffness.

an adaptive stepsize Gear-type integration algorithm, which was
forced to output data at equidistant points in time. The resulting
sampling rates were 500 Hz for the elbow and ankle data, and
2000 Hz for the cat soleus data.
III. RESULTS
A. Elbow Model
Fig. 3 summarizes the ability of each identification algorithm
to characterize to simulated elbow system as the reflex gain was
varied relative to the nominal parameters reported in Table I.
Fig. 3(A) shows the variance accounted for (VAF), Fig. 3(B)
the estimated intrinsic stiffness, and Fig. 3(C) the estimated intrinsic viscosity. Note that for Methods B and C, these parameters represent the estimated intrinsic joint properties, whereas
for Method A they incorporate both reflex and intrinsic properties and hence, summarize the total joint response. All three
algorithms described the simulated elbow torques well, always
having a VAF greater than 95% across all reflex gains. In all
cases, Method B, which had a structure identical to the simu99.5% . Method
lated system, was the most accurate
A showed that increased reflex feedback increased the net joint
and decreased the net joint viscosity
, which
stiffness
is consistent with numerous experimental reports [6], [8], [12],
[13], [33], [35]. Methods B and C both estimated nearly invariant intrinsic joint properties ( and ) at changing levels of
reflex gain. Again, Method B produced the most accurate estimates. These were within 1.0% of the true parameter values and
showed no trend with increasing reflex gain. The intrinsic joint
stiffness and viscosity parameters estimated by Method C were
accurate to within 2.5% and 6%, respectively. Joint viscosity
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Fig. 5. Identification results for the cat soleus model. (A) The variance
accounted for by each identification algorithm. (B) Standard deviation of the
actual muscle force (thick gray line) for these simulations and that estimated by
the two nonlinear algorithms. Reflexively generated muscle force is normalized
with respect to the total muscle force.

Fig. 4. Identification results for the human ankle model. (A) The variance
accounted for by each identification algorithm. (B) The estimated joint stiffness.
(C) The estimated joint viscosity. The thick gray lines in (B) and (C) indicate
the simulated intrinsic viscosity and stiffness.

was slightly overestimated due to a small but statistically significant increase in estimated viscosity with reflex gain (1.8%
) coupled with a
per unit of normalized reflex gain;
%
.
statistically insignificant offset
B. Ankle Model
Fig. 4 summarizes how well the three identification algorithms characterized the simulated ankle system at different
levels of reflex gain relative to that reported in Table II. Again,
Fig. 4(A) shows the VAF, Fig. 4(B) the estimated intrinsic
stiffness, and Fig. 4(C) the estimated intrinsic viscosity. For
this simulated system, only Method C accurately described the
simulated torques at all levels of reflex gain. This algorithm had
greater than 97% VAF for all experimental trials. In contrast,
neither Method A nor Method B predicted the torque data
at high reflex gains, with VAFs below 80% at a normalized
reflex gain of 0.5 and below 50% for a normalized gain of 1.0.
Method A showed that increasing the reflex gain in this model
also increased total elastic joint stiffness and decreased total
joint viscosity, although changes in viscosity dominated the
net response. At the experimentally reported levels of reflex
gain (normalized gain 1.0), the stretch reflex increased net
elastic joint stiffness by 3% and decreased net viscosity by 73%
with respect to the areflexive conditions. Of the algorithms
that tried to separately identify intrinsic and reflex dynamics,
only Method C accurately estimated constant intrinsic joint
dynamics at all levels of reflex gain; stiffness and viscosity
parameters remained within 3% of the simulated values for
all tested conditions. The intrinsic parameters estimated by
Method B varied as a function of reflex gain, indicating that
this method was unable to accurately separate intrinsic and

reflex contributions for this particular system. The estimated
stiffness parameter increased while the viscosity decreased
with increasing reflex gain, leading to errors of 9% and 56%,
respectively, at a normalized reflex gain of 1.0.
C. Cat Soleus Model
Fig. 5 summarizes the ability of each identification algorithm
to characterize the simulated cat soleus force data. Part (A)
shows the VAF by each algorithm. All identification algorithms
showed similar trends with respect to how accurately they described the simulated muscle force. VAF peaked for all methods
at a relative reflex gain of approximately 0.2 and decreased by
10%–15% for further increases. For all gains, Methods B and
C accounted for approximately 10% more of the simulated data
variance than did Method A. Because the cat soleus model did
not have explicit intrinsic stiffness and viscosity parameters to
compare to the estimated values, the ability of Methods B and C
to separate intrinsic and reflexively generated muscle forces was
summarized differently for this set of simulations. Reflex contributions to net muscle force were estimated by subtracting the
force response with no reflex feedback from those at all nonzero
levels of reflex gain. This “reflexively” generated muscle force
was then compared to the reflex force predicted by each of the
identification algorithms. Fig. 5(B) compares the standard deviations of the estimated and simulated reflexively generated
muscle forces, normalized by the standard deviation of the total
muscle force. It is evident that neither Method B nor C successfully identified the reflex contribution to the total muscle
response. Although the reflexes served to increase the force response to perturbations, both of these algorithms estimated a
“reflexively” generated force contribution that decreased with
increasing reflex gain.
IV. DISCUSSION
In this study, we examined the use of system identificationbased techniques for noninvasively characterizing the contribu-
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tions of reflex properties to the stiffness of human joints. These
techniques offer the promise of characterizing reflex properties during natural, functional conditions, thus avoiding physiological distortions due to methods that attempt to simply suppress reflex properties. The system identification-based techniques require assumptions regarding the structure of the reflex
response, however, and several different assumptions have been
made by different investigators. In this study, we used simulation methods to determine the impact of the structural assumptions made by two recently proposed system identification algorithms. Our results indicate that these methods perform extremely well if the structure of the reflex system is identical
to that assumed by the system identification method. Not surprisingly, methods that make fewer assumptions regarding the
structure of the system perform more accurately when used to
characterize systems with different reflex structures. These results indicate that 1) system identification methods can indeed
be used successfully to identify reflex properties during natural
conditions and 2) either the structure of the reflex system must
be known a priori or a general, flexible reflex structure must be
assumed.
A. Model Structure Assumptions
System identification algorithms based upon parameterized
system models are very common in the field of control engineering and neuromuscular modeling [30], [36]–[39]. Often,
the model structure can be concise because it is based on
physiological understanding, and the model parameters have
clear physical interpretations. Once a suitable model structure
is chosen, identification of the model parameters can be very
efficient, allowing for real-time identification. However, if
the assumed model structure is not correct, the identified
parameters will be computed to minimize output prediction
error but will not be physiologically meaningful. For example,
Method B provided incorrect intrinsic stiffness parameters for
the ankle model, which had only a slightly different structure
than assumed by the algorithm. These results illustrate that
when model structure cannot be determined accurately or the
“best” structure cannot be related to the underlying physiology,
the utility of using a concise, physiology-based model is greatly
diminished.
The other approach to separately identifying intrinsic and reflex properties described here is a block structured nonlinear
nonparametric technique that makes fewer assumptions about
system structure (Method C). The assumptions of this algorithm were that the intrinsic properties are linear, that the reflex delay is greater than the duration of the intrinsic dynamics,
and that the reflex dynamics can be adequately characterized
by a static nonlinearity followed by linear dynamics. No additional assumptions were made regarding the subsystems within
this model. Rather, they were nonparametrically characterized
using measurements of the system input and output. As would
be expected, this identification routine worked well for the ankle
simulations, which exactly matched the structure expected by
the algorithm. In addition, it successfully separated the reflex
and intrinsic contributions to the stretch response for the elbow
model, which had a different reflex structure. This finding illustrates some generality associated with this approach. This gen-
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Fig. 6. Nonparametrically estimated reflex IRF for the human elbow model.
The reflex delay for this simulation was 50 msec. The input for this identification
was joint velocity and the output was the residual joint torque not described by
the estimated intrinsic muscle dynamics.

erality has other benefits, including the ability to provide information about incorrectly chosen structures. For example, Fig. 6,
shows the reflex pathway IRF estimated by Method C using the
simulated elbow model data. It describes the linear relationship
between joint velocity and reflex torque, as shown in Fig. 1(C).
This IRF returns to a nonzero steady-state, indicating that an integration operation is occurring. This behavior implies that the
simulated elbow reflex [see Fig. 1(B)] has a position dependent
component and that the assumption of only a velocity dependent
pathway [Fig. 1(C)] is inappropriate for this particular system.
In an experimental setting, the block structure of the nonparametric algorithm could be adapted to take this information into
account. A careful analysis of the residuals can also be used to
assess model validity in algorithms that incorporate either parametric or nonparametric subsystems, although these techniques
will miss an incorrectly chosen structure that still adequately
minimizes measurement output variance. Such situations can
easily occur with over-parameterized systems or nonindependent signal pathways and can lead to erroneous physiological
interpretations.
While Method C was able to characterize a more general
class of systems than Method B, it was not able to accurately
separate intrinsic and reflex contributions for the simulated cat
soleus model. The primary assumption of Method C is that the
intrinsic muscle dynamics decay before the onset of reflex activity. Fig. 7 shows the nonparametric step response for the intrinsic dynamics estimated from the simulated cat soleus data. It
is evident that these dynamics do not decay before the onset of
reflex activity, thereby violating the primary assumption of this
algorithm. Again though, the incorporation of nonparametric
subsystems provides insight to these performance limitations,
which is not as readily accessible from the parametric approach.
B. Practical Experimental Design
This work has significant implications for the successful design of experiments used to study reflex dynamics. Given the
susceptibility of fully parametric algorithms to lead to erroneous physiological interpretations when the structure assumed
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Fig. 7. Nonparametrically estimated step response for the cat soleus muscle.
Response was estimated for a 1 mm step change in muscle length, while the
gain of all reflex pathways was set to zero.

by the algorithm differs even slightly from the “true” system
[e.g., Figs. 1(B) and (C)], the use of these techniques should be
avoided unless the assumed structure is verified for each system
to which it is applied. For a given task, reflex responses are likely
to have significantly different properties at different joints (e.g.,
ankle and elbow) based upon the typical physiological role of
the muscles crossing that joint and known differences in muscle
spindle density. Even larger differences can be expected across
species, where lower vertebrates are thought to rely more on
reflex responses than higher vertebrates. In addition, reflex responses at a given joint are known to change with changes in
task [40], [41], such as changes from an isometric to an isotonic
state. Hence, the likelihood of successfully using a common reflex structure across different experimental preparations or even
different paradigms in the same preparation is not certain. Instead, a new set of validation experiments needs to performed
for each system studied.
C. Reflex Simulation Models
Three models of the stretch reflex system were chosen for
this simulation study. All were based on previously published
experimental results, and all encapsulate at least some aspects
of widely accepted properties of the stretch reflex response. The
selection of models in this study invariably had a strong influence on the performance of the identification algorithms. Nevertheless, it does not influence the fundamental conclusions of
this work. Based on the specific models chosen for simulation,
Method B, which is fully parametric, appeared to be less robust than Method C, which incorporated nonparametric subsystems into its assumed structure. At least part of this result
arises because the experimentally measured reflex response is
much stronger at the human ankle than it is at the human elbow.
This experimental result was also reflected in the chosen simulation models. For the joint perturbations used in this work, simulated reflexes at the elbow accounted for only 2.1% of the total
joint torque variance, whereas those at the ankle accounted for
41% of the total torque. Therefore, even though the structure of
the simulated elbow model was different than that presumed by
Method C, the relatively small reflex contribution of this system

may have aided this algorithm in estimating constant intrinsic
muscle parameters at all levels of simulated reflex gain. By contrast, the Method B had a more difficult task of identifying constant intrinsic dynamics for the simulated ankle model, which
had a much stronger reflex contribution.
The absolute performance of these algorithms for the chosen
simulation models is not of primary interest. Rather, the critical
observation is that an incorrect choice of model structure can
lead to incorrect physiological interpretations, independent of
the identification strategy used. Hence, it is evident that successfully applying the tools of nonlinear system identification to the
study of the stretch reflex response requires a careful assessment
of the appropriate model structure. The primary advantage of
the nonparametric algorithms is that they provide some indication about the validity of the chosen structure. This information
is not directly available from the results of a parametric system
identification process, although tools do exist for choosing and
validating model structure [42], [43] and should be used to validate any structures, especially those based upon a priori information from different experimental preparations.
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