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Knee joint angular acceleration at time step k .
Parameter of f (cp).
Parameter of g ( d ) .
Autoregressive part of activation dynamics.
Moving average part of activation dynamics.
Inertia of the shank.
Damping of the passive system (D’ = D / I ) .
Static components of passive system.
Gravity component of the system (G’ = G / I ) .
Gain parameter of model 1 (Gi = G / I ) .
Gain parameter of model 3 (GI = G / I ) .
Evaluation criterion for the performance of the
models (12).
State vector of the activation dynamics.
Active knee joint torque at time step k .
Degree of polynomials of DARMA model.
Estimated integrated equivalent acceleration response to a stimulus.
Sampling period.

Absbuct-Model structures for artificially stimulated paralyzed
muscle-limb system dynamics were developed and experimentally
evaluated in paraplegic patients. The examined system consisted
of the quadriceps, electrically stimulated using surface electrodes,
and a freely swinging shank. The interpulse interval of the
stimulation sequence was randomized to obtain persistent system
excitation. The outputs of the system were the angular position,
velocity, and acceleration, measured by externally mounted sensors. This paper especially reports on model identification of the
active quadriceps dynamics and the angle prediction performance
of the total quadriceps-shank model. Second-order modeling of
the twitch dynamics with delay did not significantly improve
the prediction results in comparison to a zero-order model with
delay (a = 0.05). Nonlinear torque-angle and torque-angular
velocity relations in combination with a zero-order model (with
delay) only slightly improved the prediction results for large
prediction intervals (a = 0.05). The delay between stimulation
input and resulting knee joint acceleration appeared to be joint
angle dependent and was estimated to be largest in the knee
angle range near knee extension, i.e., when quadriceps muscle
is shortest.

NOMENCLATURE
Coefficientsof the autoregressive part of model 2.
Coefficients of the moving average part of model
2.
Coefficients of the whitening filter.
Number of delay steps.
Torque-angle relationship.
Torque-angular velocity relationship.
Time step index.
Parameters of the passive elasticity function.
Elasticity parameter k l divided by the inertia.
Number of prediction steps.
Delay operator.
Input recruitment level at time step IC.
Knee joint angle at time step IC.
Estimated knee joint angle for time step k .
Knee joint angular velocity at time step k .
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I. INTRODUCTION

T

HE RESTORATION of functional tasks to paralyzed
muscle-limb systems by means of functional electrical
stimulation (FES)implies a challenging control problem. Nonlinear passive characteristics of the limbs, nonlinear dynamics
[12], and significant time variation (e.g., due to rapid fatigue
[7], 1151, [30] of the stimulated muscles) require an approach
based on knowledge of the system [17]. Thus, the control
performance of electrically stimulated paralyzed human limbs
could be improved if an adequate model for this system
would be available [5], [lo]-[12], [14], [161, [201, 1281, [401,
[44]-[46]. It should facilitate model-based control techniques,
such as feed-forward and predictive control, which generally
advance the control of nonlinear time-varying systems [31].
Muscle dynamic behavior has been described in terms
of various model types. Hill [21] proposed a mechanical
analog, including a contractile element with force-velocity
dependency in series with a nonlinear elastic element. Various
authors have extended Hill’s model for conditions not dealt
with in the original study, such as eccentric contractions and
isometric force-length dependencies [25]-[271, [361, [381, [391,
[49]. Various more complex model structures were proposed
by Huxley [24], Zahalak [51], and Hatze [19], including
mathematical descriptions of known biophysical processes.
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Model-based control techniques, such as feed-forward and
predictive control strategies, impose certain requirements on
models of muscle-joint systems. The model should evidently
be sufficiently accurate. Its parameters must be identifiable
using FES as excitation signal. Additionally, the number of
model parameters that have to be tracked to account for taskrelated fatigue-induced time-variation in the system must be
small [31]. The more complex model structures [19], [24], [51]
contain many parameters which are not identifiable using FES
as excitation signal, and are therefore not suitable for modelbased control. Hill-based models seem most appropriate for the
design of control strategies for electrically stimulated muscle,
even linearized models have been reported to be sufficiently
accurate within restricted operating conditions [3]-[5], [32],
[42], [48], [52]. Animal studies have shown that modelbased control of FES-induced muscle-joint movements using
Hill-based muscle models in combination with passive limb
dynamics improved the control performance significantly in
comparison to a classical (PID) control scheme [45].
Different control tasks may require different stimulation
electrodes characteristics: Relatively slow position control of
a low inertia system (upper extremity applications) requires a
good modulation of recruitment, which can only be achieved
with intramuscular [ll], [29] or neural electrodes [45], but
not with surface electrodes. In contrast, control of relatively
fast movements of large inertia systems (lower extremity
control during gait) requires a less precise recruitment control,
since it requires large mechanical impulses which can only be
achieved at maximal recruitment. In these cases, the number
and timing of the stimulation pulses are especially important
[44], which may be sufficiently achievable using surface electrodes. However, intramuscular or neural electrodes are also
preferable in lower extremity applications because they can
more selectively and more efficiently stimulate the required
muscles [33].
We have currently studied the paralyzed quadriceps-shank
system to gain insight in the feasibilities of model-based
predictive position control of electrically stimulated paralyzed
human limbs using surface electrodes 1161, [44], [46]. Modelbased predictive control is especially important in real-time
position control in the presence of relatively large inertias
and low maximal muscle torque saturation, like in the control
of lower limb movement during gait [44]. Without a model
of the system other strategies can be used without real-time
feedback, for example, open loop application of stimulation
patterns obtained by experimental optimization [34] or cycleto-cycle adaptation of stimulation patterns [U]. Real-time
position control of relatively slow movements of the upper
limbs (relatively small inertias) is feasible without the need of
model-based predictions of the system behavior [ 111, [29].
Several authors have already reported on model-based control of the paralyzed quadriceps-shank system (some in combination with hamstring stimulation). Hausdorff and Durfee
[20] described an open-loop position control of the knee
joint using surface electrical stimulation of the quadriceps
and hamstrings. They developed an inverse model consisting
of load dynamics (i.e., passive characteristics of the knee
joint and shank), linear muscle activation dynamics, (static)
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recruitment characteristics, and (static) isometric torque-angle
dependency. Open-loop prefiltering of the stimulation signals
on the basis of this inverse model improved open-loop tracking
of joint position. However, Hausdorff and Durfee [20] did
not report the predictive capabilities of the model while
the knee joint tracking performance was still poor. Hatwell
et al. [18] developed a model reference adaptive controller
for surface electrical stimulation of quadriceps to track a
prescribed knee joint trajectory in paraplegics. The quadriceps
model consisted of a nonlinear part followed by a linear deterministic Auto Regressive Moving Average (ARMA) model.
Controller performance was only satisfactory when the model
reference parameters were chosen so as to severly limit the
closed-loop bandwidth. Knee joint movements with a cycle time approaching the natural frequency of the passive
system, which are common in natural gait, could not be
controlled. Also, frequent clamping of the control signal
impeded validation of the reported models from the displayed
registrations. Up to now, it has not been shown that any of
the quadriceps-shank models used for controller tuning and
adaption, as described above, accurately predict the state of
this human muscle-limb system in an FES-induced dynamic
contraction.
The current paper reports on the development and evaluation of model structures for muscle-limb systems, describing
the responses to single stimulation pulses. Fused responses
to stimulation bursts with varying interpulse interval times
may be considered as a summation of twitch responses,
although the summation may not be linear [SI, [61, [91.
We used the stimulation-joint movement (input-output) data
from artificially stimulated quadriceps-shank system in paraplegic subjects to investigate the identification and predictive capabilities of Hill-based muscle-limb models. This was
done in the knee angle range of -40 to 60' (with the
knee angle cp taken as zero when the shank is at rest).
This operating range corresponds to the range used in our
previous experimental study of cycle-to-cycle control [44]
and our current study on model-based predictive control.
It does not, however, correspond to the knee angle range
used during gait. However, the chosen system and operating range can be considered as a simple example system,
which allows the study of dynamic models and model-based
control, of which the principles may be applicable in the
control of knee and hip movements during gait. The identification of the passive part of the system, i.e., passive
knee joint and shank dynamics, has been reported in detail
in [16]. The current paper focuses on the identification of
the active system (quadriceps muscle) and predictive capabilities of the total model for the quadriceps-shank system
so as to serve for feed-forward or predictive control techniques.
11. THEORY

A. Model Structures
The quadriceps-shank system was considered. The shank
was moving freely in the range of -40 to 60' (with the
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Fig. 1. Block diagram of the considered quadriceps-shank system (see
(1)-(7)). Input to the system is stimulation U (with 0 5 U 5 I). The muscle
dynamics consist of activation dynamics (-Vth order with delay), modulated
by a torque-knee angle (TA) relation and a torque-knee angular velocity (TV)
relation. The passive system is described by damping (D), passive elasticities,
, inertial properties (I). These parameters of
and gravity (grouped in F ( i ) ) ) and
the passive system were assumed to be independent of the active quadriceps
torque (M).

knee angle cp taken zero when the shank is at rest), while
the positions of the knee joint and upper limb were fixed (the
subjects were sitting).
The musculoskeletal-load model structure (Fig. 1) consisted
of activation dynamics, multiplied by a static knee angle and
a knee angular velocity dependency (active system), as well
as passive properties of the knee joint and shank (passive
system). Veltink et al. [45] and Shue et al. 1421 identified
similar model structures for the musculoskeletal-load system
in animal studies.
I ) Active System: The muscle model (Fig. 2) consisted of
a Discrete-time Auto Regressive Moving Average (DARMA)
description of the activation dynamics (l), multiplied by a
static nonlinearity (2), yielding the active knee torque. This
model structure is generally refered to as a Wiener system [24]

in which A and B are polynomials of degree N in q (delay
operator) [I], [31]; Ma,k is the state vector of the activation
dynamics; k is the time step (equal to the sampling period); U k
is the recruitment level, defined as the steady-state knee torque
generated by the stimulation at a fixed knee angle divided by
the maximally generated knee torque obtained at saturation
at this knee angle [13], [15] (thus 0 5 U k 5 1); d is the
number of delay steps from input U and to output Ma,k; Mk
is the active quadriceps torque at the knee joint; Cpk and @ k
are the knee angle and angular velocity, respectively; f is the
static quadriceps torque-muscle length dependency; and g is
the static quadriceps muscle contraction velocity dependency.
The muscle length and contraction velocity dependencies
are the basic components of Hill-based muscle models. They
were expressed in a knee angle and knee angular velocity
dependency, respectively. Control of limbs is usually expressed in joint space. Thus, it is advantageous to formulate
length and velocity dependency of the muscle in terms of
joint angle and velocity [47]. In the currrent paper, following
from its definition, the recruitment level uk E (0, 0.5, 1).

Model 1 is a simple stateless zero-order transfer function,
whereas model 2 is a second-order DARMA model [31] (see
also [2]-[5], [45], [48]). Thus, neither model 1 nor model 2
contained static nonlinearities. In model 3, we investigated
whether such a nonlinear relation for the combined torqueangle and torque-angular velocity dependency could improve
the prediction capability of the model (see also [42], [45]).
The discrete-time model structure for the active system
allowed a simple formulation of system delay. Furthermore,
identification theory for discrete-time systems with delay is
widely available in comparison to continuous-time systems
with delay [31].
2 ) Passive System: The model structure for the passive
system (Fig. 2) was taken directly from [16]. The model

M = I . ( ; ; +D . $ + F ( p )
F(cp) = G . sin(cp) - kl . (cxp(-k2 . c p ) - 1)

(6)
(7)

formulates in continuous time, with the advantage that each
parameter is interpretable from the underlying biomechanics,
which are inertial properties ( I ) of the shank, damping ( D )
in the knee joint, a gravitation component (G), and passive
elasticity (exponential term) in the knee joint. The contribution
of elasticity in the chosen operating range was only significant
in knee flexion and was therefore modeled by the exponential
term in (7) [16]. M is the active torque at the knee joint. The
equivalent sampled signal is Mk.

111. METHODS
A. Subjects
Three spinal cord injured patients (JM: T8 level complete,
TN: T5-6 level complete, and OT: T9-10 level complete)
participated in this study. Additional information concerning
the subjects can be found in [16].
B. Experimental Set-Up

The experimental set-up used in the current study has been
described in detail and characterized in [16], where it served to
identify the passive system ((6) and (7)). In short, the subjects
were seated on a chair allowing the shank to swing freely.
The quadriceps were stimulated using surface electrodes. An
externally mounted goniometer measured the knee angle (cp).
The knee angular velocity (@)was derived off-line from cp
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Fig. 2. Measured and estimated signals of the freely swinging shank system. The quadriceps were stimulated with a pseudorandom IPI stimulation sequence
at maximal recruitment. The displayed sequence was cut out of pseudorandom trial 1 on subject TN-right which was used for the model identification.
(a) The measured knee angle. (b) Knee angular velocity estimated from the angle signal. (c) The measured angular acceleration and applied stimulation
pulses. (d) The estimated equivalent acceleration M / I due to quadriceps stimulation. h l / I was obtained by subtracting the contributions of the passive
system from the measured angular acceleration. Each sample of M / I resulted from substitution of measured knee angle, angular velocity, and acceleration
in the identified model for the passive system (8). The stimulation pulses are also shown.

and the knee angular acceleration (+) was measured using
accelerometers.
I ) Stimulation and Data Recording: Stimulation consisted
of applying rectangular monophasic current pulses. Recruitment level (uk)was modulated by varying the pulse amplitude
with fixed pulse width (300 ,us). Maximal and half-recruitment
represented two recruitment levels for which the pulse amplitudes were estimated on the basis of an isometric recruitment
curve [ 151, [ 161. Stimulation pulses were synchronized with
the beginning of a sampling period (Ts = 10 ms), yielding an
interpulse interval (IPI) quantization of T,. The signals from
both the goniometer and the accelerometers, as well as the
applied stimulation, were likewise obtained at the beginning
of the sampling period. Data analysis was off-line.

C. Protocol
We successively applied three different pseudorandom IPI
stimulation sequences of 5 min each to the quadriceps muscle
with a rest period of 15 min in between trials. A twopart probability density function [22] determined the IPI’s
per sequence, ensuring sufficient excitation of the active and
passive system: In our previous paper [16], we showed that

this distribution resulted in the activation of the muscle in the
whole desired operating range of the passive system, defined
as the state space of knee angle and angular velocity covered
by a passive swing of the shank. The recruitment levels of the
stimulation pulses in trials 1 and 2 were fixed at uk = 1. In
trial 3, ~k = 0.5.

D. Identification Method
Equations (6) and (7), divided by the inertia I for identification purposes [16], read

M / I = ++D’.++G’.sin(cp)-ki.(exp(-kz.cp)-l)

(8)

with the prime indicating division of the parameters by the
inertia I . M / I is active torque divided by the inertia I of
the shank, assuming a fixed value of inertia, and will be
called equivalent acceleration. M / I can be estimated from
the measured acceleration by subtracting the contribution due
to the passive system. The identificationmethod and results of
the passive system have already been reported in detail [16]. In
the present paper, the parameters of the three muscle models
((3)-(5)) were identified using (only) the knee joint signals
( 9 ,+, +) and the computed equivalent acceleration M / I as
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obtained during pseudorandom stimulation mal 1. Noteworthy,
the time step of the discrete models ((3)-(5)) was equal to the
sampling period T,. Thus, a stimulation pulse at time step
IC = n in trial 1 (maximal recruitment) resulted in U , = 1.
1) Data Analysis: From trial 1, epochs of [cp @ (lj
( M k / I ) Uk] were extracted during which isolated twitches
were recorded. Each lasted the assumed twitch duration (of
250 ms, i.e., 25 samples) and started with a stimulation pulse.
A period of no stimulation, equal to the twitch duration,
preceded and succeeded an isolated twitch.
2 ) Identijication:
a ) Model 1: From (3), considering G’, = G1/I being a
constant

(9)
k=l

I

i=1

where L is the total number of samples of all selected epoches.
Thus, G’, equals the average equivalent acceleration impulse
due to a stimulation pulse.
b) Model 2: A generalized least square algorithm [31]
minimized the mean square error between predicted and actual
equivalent accelerations Mk / I and Mk / I , as obtained from
(8), employing all extracted epochs

criterion was used to assess the models’ prediction capability:

in which 1 is the number of times a prediction was performed in
the considered trial and p the prediction interval. The measured
knee angle at time k = i is cpi and the knee angle predicted
for time IC = i is 9;.
Jp,p was computed at four different prediction intervals
(100, 250, 500 ms, and 1 s; i.e., corresponding to p = 10,
25, 50, or 100 samples, respectively) using the three identified
models for the active system (3)-(5) and the same passive
system. The state measured at time step k = n (cp,,&),
with n = 1 . . . I, was used to initialize the passive part of the
model, while the active part was initialized on the basis of
the previous simulation run. A stimulation pulse at time step
IC = m at maximal recruitment represented U , = 1, at halfrecruitment U , = 0.5, and no stimulation pulse U , = 0. Then,
model simulations were performed for p samples, applying
the actual stimulation only. The passive system was integrated
forward each sample (time duration Ts) using a fourth-order
Runge-Kutta integration routine. Subsequently, the measured
knee angle at time k = i p and the predicted knee angle for
time IC = i p were used to evaluate the criterion (12).
1 ) Statistics: Differences in prediction performance were
tested statistically using a nonparametric sign test (see also
[15], [16]), with a significance level of cy = 0.05. The values
for Jp,pfor the three models were compared in pairs within a
subject per prediction interval for trials 2 and 3.

+

+

with the prime again indicating division of the parameters
by the inertia I of the shank. The last three terms served
as a whitening filter on the residual error e(IC). It allowed a
description of disturbances [311, such as due to the nonrigid
IV. RESULTS
attachment of the accelerometers to the shank [16], [35], but
was was not used in the evaluation simulations. The smallest A. Identification of Active System
residue error for Vd E [0 101 provided the number of delay
Fig. 2 depicts a typical registration of measured and essteps d for all three models [31].
timated knee joint signals, applied stimulus pulses, and the
c) Model 3: Parameters of the static nonlinear relation
for the combined torque-angle and torque-angular velocity computed equivalent acceleration M / I (according to (8)) of
trial 1. Fig. 2(d) shows that quadriceps activity was only
dependencies were identified from the integrated individual
twitch responses, integrating M / I over 250 ms. Also, the knee detected during the application of stimulation pulses. There
is a small additional ripple and overshoot on the equivalent
angle and angular velocity were extracted at d steps after the
acceleration M I I , which may be caused by the nonrigid
beginning of each twitch, i.e., cpk+d and @ k + d . The resulting
attachment of the accelerometers to the shank [16].
set of data was used to identify the parameters of (5)
1) Model I : The parameter values of model 1 (3) for all
subjects are given in Table I. Gi was the largest for subject
TN, which corresponds to T ” s also exhibiting the largest isoThe Levenburg-Marquardt algorithm [3 11 iteratively fitted metric steady-state knee torque generated at saturation during
the recruitment curve. There was a significant difference in
the parameters G’, = G2 / I ,
and Yvelocity by minimizing
the mean square error between the estimated integrtted equiv- G’, between subjects, whereas intrasubject difference in G‘,
alent acceleration response to a stimulus, called T , and the between the left and right leg was small. G’, was estimated
actual integrated response C M / I obtained from the measured with large standard deviation within each leg, indicating that
the integrated twitch responses showed significant variance
equivalent acceleration.
during the trials. This may be largely attributed to the knee
angle and angular velocity dependence of the twitch response
E. Evaluation of Model Prediction Capability
(see model 3). The estimated delay d (see Table I) differed
Model evaluation was performed on all three pseudorandom between subjects. The low resolution in d (units of T, = 10
stimulation trials. The following root mean square (rms) ms) complicated an accurate estimation.
1.
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TABLE Ill
MODEL3 FOR THE ACTIVE SYSTEM OF THE
PARTICIPATING
SUBJECTS.
LEFTOR RIGHTLEGIs INDICATED.
THECORRESFQNDING
DELAYIs GIVENIN TABLEI. THE
AVERAGE
OF THE PARAMETERS WITH THE STANDARD DEVIATIONS
(STD) A R E ALSOGIVEN WITH $5 IN [DEG] AND (j IN [DEGIS]

TABLE I
PARAMETER
VALUESFOR IMPULSE
G', OF MODEL1 AND THE DELAYd FOR THE
ACTIVESYSTEMOF THE PARTICIPATING
SUBJECTS.
THEDELAYd WASTAKEN
SUCH THAT
I T YIELDED THE SMALLEST RESIDUAL ERROR
IN THE LEASTSQUARES
IDENTIFICATION OF MODEL2. LEFTOR RIGHTLEGIS INDICATED. THEAVERAGE
OF G{ AND d AND THE STANDARD
DEVIATIONS
(STD) ARE ALSOGIVEN
subject

GI [deg/s2]

(std)

PARAMETER VALUES FOR

delay: d [ms)

TN-left

1.46e4

(4.2e3)

40

TN-left

1.67e4

-7.31e-3

-1.64e-3

TN-right

1.43e4

(4.2e3)

50

TN-right

1.55e4

-5.31e-3

-2.05e-3

JM-left

7.98e3

(3.3e3)

40

JM-left

8.67e3

-2.16e-2

-1.60e-3

JM-right

8.0Oe3

(2.9e3)

50

JM-right

8.46e3

-1.9Oe-2

-1.7Oe-3

OT-left

7.32e3

(1.7e3)

40

OT-left

7.74e3

-9.40e-3

-2.5Oe-3

44

average

1.14e4

-1.25e-2

-1.9Oe-3

5.5

std

4.2e3

7.3e-3

3.8e-4

average

1.05e4

std

3.7e3

___

___

TABLE I1
MODEL2 FOR THE ACTIVESYSTEM OF THE
PARTICIPATING
SUBJECTS.
LEFT OR RIGHT LEGIs INDICATED.
THE
CORRESPONDING DELAY
IS GIVEN
IN TABLE
I. T H E AVERAGE
OF THE
PARAMETERS WITH THE STANDARD DEVIATIONS
(STD) ARE ALSO GIVEN

TABLE IV
ERRORS
IN THE ESTIMATION
OF THE INTEGRATED
EQUIYALENT
ACCELERATION
RESFQNSES TO STIMULI T USINGMODEL1 (T = G{ :
(9)) AND MODEL3 (11). THERMS ERRORS
W E R E DETERMINED
BY
RESPONSES
WITH THE MEASURED
RESPONSES
OF
COMPARING THE ESTIMATED
TRIALS1 (IDENTIFICATION TRIALS).
THERMS ERRORSARE GIVENAS
INTEGRATED
EQUIVALENT
ACCELERATION
G{
PERCENTAGES OF THE AVERAGE

PARAMETER VALUES FOR

subject

a1

a2

b ; [deg/s21

bi [deg/s'l

TN-left

-1.41

0.60

5.41e2

TN-right

-1.46

0.60

5.14e2

6.14e2

JM-left

-1.50

0.60

4.06e2

3.24e2

JM-right

-1.42

0.61

5.33e2

6.40e2

OT-left

-1.49

0.55

4.22e2

3.28e2

average

-1.46

std

4.le-2 2.h-2

0.59

RMS

6.45e2

4.84e2

5.10e2

6.5el

1.7e2

subject
TN-left
TN-right
JM-left
JM-right
OT-left

% RMS error in estimated integrated twitch response
model 1
model 3

30
34
48
32
21

Yo

%
%
%
%

20
21
12
29

70

15 Yo

%
%
%

+

versus CP (Fig. 4(a)) and
(M/I)/(l " ~ a n g ~ e ~ )
versus (p (Fig. 4(b)) are displayed. The delay d is given in
Table I.
?velocity+)

2 ) Mode2 2: The parameter values of model 2 (4) for all
subjects, as given in Table 11, significantly differ between
subjects in the parameters bi and bh, similarly to Gi (see
the standard deviations in the average parameter values). This B. Model Evaluation Representation
difference is much lower in parameters a1 and u 2 . Delay d is
Figs. 5 and 6 display typical prediction results of the knee
given in Table 1.
angle at two different prediction intervals (100 and 1000 ms),
3 ) Model 3: The parameter values of model 3 (5), itera- taken out of trial 2 which was not used for the identification.
The performance of the models identified was quantitatively
tively determined using the Levenburg-Marquardt algorithm,
are given in Table 111. Large intersubject differences were estimated by inspecting the values for the evaluation cntefound in all parameters. The rms errors in the estimations of rion JV,+ at the different prediction intervals for all trials
the integrated equivalent acceleration responses to the stimuli (summarized in Table V).
We statistically evaluated the prediction performances at
T were lower in all cases when using model 3 (11) than
when using model 1 (T = Gi: (9)) (Table IV), indicating trials 2 (full recruitment: U k = 1.0) and 3 (half recruitment:
an improved estimation of twitch responses when taking the U k = 0.5). These trials were not used for the identification
angle and angular velocity dependencies into account. This is of the models. For both trials, small prediction intervals (100
illustrated in Figs. 3 and 4. Fig. 3 examplifies the measured and 250 ms) yielded small values of Jp,p,which were not
integrated twitch responses C M / I versus the knee angle cp significantly different between all three models ( a = 0.05).
or knee angular velocity without taking account of the angle Even at the largest prediction interval (1000 ms), the prediction
and angular velocity dependencies. Fig. 4 shows the same data errors were not significantlydifferent between models 1 and 2
(a= 0.05). However, model 3 performed significantly better
after taking account of these dependencies: C (M/I)/(l

+

+
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Fig. 3. Integrated twitch responses C M / I versus the corresponding knee
angle p (a) and the knee angular velocity 3 (b) at d steps after the stimulation
pulse (in patient TN-left; trial 1). The angle and angular velocity dependencies
of the twitch response were not taken into account (model 1). Linear regression
lines are also shown.
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than models 1 and 2 for the larger prediction intervals of 500
ms (trial 2) and 1000 ms (trials 2 and 3) ( a = 0.05).
The comparable mean values of J p , p for trials 1 and 2
indicate that the identification procedure was consistent. It
should also be noted that the performance of trial 3, relative to
the rms value of the knee angle in this trial, was not worse than
trials 1 and 2, even though the stimulation pulses were applied
at half-recruitment and the identification was performed at full
recruitment using trial 1. This is evidence that the recruitment
curve actually can be modeled as being independent from the
(twitch) dynamics.
C. Delay

Identifying the delay d in different regions of the operating
range yielded a significant knee angle dependency. It was
identified as one time step of 10 ms smaller in comparison
to the estimated delay (Table I) for knee angles cp below
-20' in all subjects, independent of the knee angular velocity.
A plausible explanation is that, at short muscle lengths, the
muscle must first take up slack before torque can be generated.
No significant knee angular velocity dependency showed up.
The low resolution in d (units of Ts),
however, hampered an
accurate estimation of the exact knee angle and knee angular
velocity dependency.
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Fig. 5 . Actual (solid) and estimated (dashed) knee angle in subject JM-left.
Each point in the graph for the estimated knee angle followed from a prediction
ahead for a period of 100 ms using: (a) model 1, (b) model 2, and (c) model 3.

Identifying the delay using trial 3, i.e., stimulation pulses
at half recruitment, did not reveal a dependency on the
recruitment level, values for d being identical to those found
in trial 1.

v.

DISCUSSION
AND

CONCLUSIONS

The shank system with stimulation of quadriceps, sometimes
in combination with hamstrings, has been studied extensively
with the main goal to gain insight into the control of electrically stimulated paralyzed human muscle-limb systems [SI,
[131, W I , U61, W I , POI, WI,[34, W I , [441, WI. In
some of these studies, parametric models were derived. Such
models ease the use of computer simulation to investigate
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TRIAL
3 , STIMULATION
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THE MEANPREDICTION ERROR
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Fig. 6. Actual (solid) and estimated (dashed) knee angle in subject JM-left.
Each point in the graph for the estimated knee angle followed from a prediction
ahead for a period of 1000 ms using: (a) model I , (b) model 2, and (c) model 3.

the performance of control strategies without involving the
actual system. This is particularly interesting in rehabilitation
engineering since experiments are time-consuming and sometimes burdensome for the participating subjects. Concerning
the prediction performance of these parametric models which
indicates the validity of its structure and parameters, very
little has been documented as yet. Also, the structure of the
model required for a given application was not investigated.
Parts of models were well-documented, such as isometric
recruitment curves [ 131, [20], isometric torque-knee angle [ 151,
[20], [30], [43], and isokinetic torque-knee angular velocity
relations both during tetanic contraction [ 151, [43], activation
dynamics [20], and pendulum descriptions for the shank

[8], [16], [41], [44], [46]. Still, the most beneficial use of
such models could be expected if they would have predictive capabilities and would have been derived for the total
system, including the active and passive subsystems. In the
current work, both these passive and active subsystems were
modeled and identified during a freely swinging movement
from stimulation input to joint movement output [16]. The
combined model predicted the knee angle with reasonable
accuracy compared to reported errors in model-based knee
joint tracking [18], [20], even for the most simple muscle
model considered.
The current paper describes the responses to single stimulation pulses. It may allow the prediction of fused responses
to stimulation bursts with varying interpulse interval times,
considering the responses as a summation of twitch responses
as proposed by Bobet et al. [6]. However, this summation is
nonlinear [5], [6], [9]. The applicability of the results of this
study to fused contractions is still to be evaluated.
One of the conspicuous findings in the current study was
the small and comparable prediction error for all model
structures in the case of small prediction intervals. A secondorder ARMA model (model 2 ) performed equally well as the
simplest possible model (model 1): A simple delay and gain.
Adding angle and angular velocity dependencies (model 3) did
not show significant improvement. An explanation for these
findings is given by the high inertia of the passive system and
the low saturation level and significant delay characterizing
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the active system, which results in a dominance of the passive
system dynamics at small time intervals. We conclude that
for small prediction intervals, a zero-order muscle model with
delay is sufficient for the considered movements.
In the design of model-based controllers, model identification and verification should preferably be performed in the
range and mode of the desired operation, since the required
model structure of the muscle model depends on the load
on the muscle [25]-[271, [38], [39]: For example, during the
swing phase of gait, the muscle model used for predictive
control may be simple and does not require dynamics because
of the dominant inertial dynamics of the leg. However, during
weight acceptance (load transition) and stance, modeling of the
muscle dynamic behavior may be required. In the present paper, we modeled the paralyzed quadriceps-shank system under
freely swinging conditions. Accordingly, we used an experimental set-up allowing free movements instead of imposing
movements with a dynamometer [40]. A dynamometer may
impose torques well outside the range induced by artificially
activating muscles. We estimated the torque-angle and torqueangular velocity relations on the basis of the integrated twitch
responses. Apparently, the twitches were dependent on the
length and shortening velocity of the quadriceps muscle (see
Fig 4). In most other studies, torque-angle and torque-angular
velocity relations are determined from controlled isometric
and isokinetic tetnic contractions, respectively [ 121, [ 151, [43].
The torque-angle relation in paralyzed quadriceps muscle then
shows a certain maximum at a knee angle of approximately
cp = 50" [15], whereas the torque-angular velocity curve in
paralyzed quadriceps muscle is hyperbolic according to the
well-known Hill relation [ 151, [21] for concentric contractions
and with a plateau for eccentric contractions [15]. In the
present study, the maximum of the torque-angle relation
was not present in the integrated twitch response (Fig 4(a)).
This may be caused by the fact that we considered twitch
contractions instead of tetanic contractions.
Various model assumptions could have deteriorated the
model performance. Parameters of the shank dynamics (passive system) were assumed to be independent of the active
system. Model structures which allow for activation-dependent
passive properties might improve the prediction performance
but would make on-line identification very difficult. We were
particularly interested in a simple model structure with few
parameters and acceptable accuracy, suitable for on-line identification and feed-forward or predictive control techniques.
Thus, the possible changes in the shank dynamics due to
stimulation only occur during stimulation and were assumed
to be part of the equivalent acceleration M I 1 and therefore
modeled in the active system. This might have resulted in
modeling errors. The shank dynamics were, however, accurately identified for state excitation in the desired operating
range [16]. Furthermore, the shank dynamics are relatively
slow (dominant) in comparison to the muscle dynamics. Slight
changes in the passive system during short muscle contraction
will therefore hardly detoriate the model's performance (see
Section IV).
The assumption that the knee joint is a pefect one-axial
hinge may also have deteriorated model performance. In

reality, the nonideal knee joint resulted in changing distance
between the accelerometers and the point of rotation, thus
resulting in measurement errors (see [50] for a detailed sensitivity analysis). Furthermore, we did not consider the effect
of musclefatigue. It is mainly determined by the number of
pulses applied within a certain period of time [7], [15], which
was very small in the current study (see, e.g., Fig. 3). Finally,
the number of delay steps d was estimated in steps of T,,
a low resolution, causing slight phase shifts which induced
significant prediction errors [ 161.
One specific measurement error, contributing to possible
modeling errors, was caused by the nonrigid attachment of the
accelerometers to the shank. Attaching accelerometers to the
skin generally results in skin motion artifacts during sudden
motions, leading to a resonance error related to the mass
of the accelerometers and the compliance of the underlying
tissue [35]. In model 2, we tried to model this error with a
whitening filter. However, when disturbances on the output
are significantly correlated with the excitation input signal,
the parameter estimation of this whitening filter becomes
troublesome [31]. This might have been the reason why model
2 did not perform better than model 1 . Since models 1 and
3 used the integrated twitch reponse, we assumed that most
of the resonance error was averaged out. In any event, it
remains questionable whether higher order modeling of muscle
activation dynamics ( A in (1)) is worthwhile, considering the
dominant inertial properties of the shank.
Parametric models may enable the compensation of disturbances during cyclical movements like gait. Especially during
the swing phase of gait, the achievement of objectives like
foot clearance, step length, and knee extension at the end of
the swing phase [17] can continuously be predicted by the
model. This allows for early adaptation of the stimulation
during the step, as soon as a disturbance is detected, despite
the unfavorable characteristics of the system (high inertia of
the leg and low saturation levels of the torques produced by the
stimulated muscles). Such disturbance rejection during a cycle
can not be achieved by previously reported control methods,
like cycle-to-cycle control [ 171, [44] in which stimulation
patterns are open-loop applied during a cycle and adapted
between cycles based on an evaluation of the preceding
cycles. For this reason, the skeletal-muscle models as studied
in this paper can be expected to be of practical use in
the control of gait by FES as pursued for rehabilitation of
paraplegic patients. However, the model identification may
have to be performed at a different joint (hip) and in a different
angle range (hips and knees). The system and operating
range studied in this paper should be considered as a simple
example system, which allows the study of dynamic models
and model-based control of which the principles may be
applicable in the control of knee and hip movements during
gait.
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