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Abstract— This paper presents results a new algorithm
for modeling biological systems using a state space ap-
proach. One of the MIMO Output-Error State Space
identification (MOESP) [5] family of algorithms has been
adapted to model the linear part of human ankle mechan-
ics. A mixed causal/anti-causal state space model was cal-
culated to examine the relationship between torque and
position of the ankle. Simulated and real data are used to
show that the method yields parametric models for ankle
mechanics that describe behavior as well as nonparametric
models. However, the parametric models obtained using
the MOESP identification method have many fewer pa-
rameters.

I. INTRODUCTION

Nonparametric identification methods provide conve-
nient, robust means of characterizing the dynamics of
linear systems without requiring a priori assumptions re-
garding the system structure. Qur laboratory has made
extensive use of the Impulse Response Function (IRF) to
study ankle dynamics [2]. However, nonparametric esti-
mates of dynamics are difficult to relate to the structure
and parameters of the underlying physiological system.
Parametric methods (e.g., ARMA, OE, BJ) yield results
which are directly related to system structure but gener-
ally require a priori assumptions about the system order.
This is clearly undesirable in biological applications where
determining the system order is often one of the objec-
tives. For example, in the analysis of joint mechanics,
the a priori assumption of a second order model, which
is frequently made, precludes the possibility of detecting a
reflex contribution. What is needed, therefore, is a para-
metric method for system identification which provides
an estimate of both the system order and the dynamics.
The MOESP family of subspace identification algorithms
shows great promise in this respect. This is a robust state
space algorithm that calculates a parametric model and
the system order simultaneously. Moreover, MOESP is
capable of calculating a mixed causal/anti-causal model
[4). In this paper we describe the application of a vari-
ant of this method to a biological application of interest
in our laboratory — the identification of human ankle
dynamics.

The goal of the exercise is to characterize ankle me-
chanics in terms of the dynamic relation between posi-
tion and torque. In principal this may be done either in
terms of stiffness, taking position as input and torque as
the output, or as compliance where torque is taken as
the input and position as the output. In practice, it is
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highly desirable to use position as the experimental input
since joint torque records are likely to contain substan-
tial noise components due to fluctuations in voluntary
drive to the muscles. Nevertheless, it is often necessary
to convert between the two formulations for analysis pur-
poses. The objective of the work presented here was to
develop parametric methods for estimating joint stiffness
and converting it to compliance.

II. METHODS

One practical difficulty with the stiffness formulation is
that the resulting system dynamics are high-pass and the
associated IRF is non-causal. We have used the method
shown schematically in Figure 1 to deal with this prob-
lem.
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Fig. 1. Schematic of used identification method.

+ Joint mechanics were defined as stiffness, to have po-
sition input and torque output.

o The stiffness model was calculated using the mixed
causal/anti-causal MOESP algorithm {4] which esti-
mates the parameters of the state space description.

.’L‘i_H = A.’L‘i + B¢P;
z3¢, = Ez(°+ B*F
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where the superscripts ¢ and ac stand for causal and
anticausal respectively, P is the input position, z is
the state and T'q the estimated output torque.

« The dynamic inverse of this model was calculated
analytically to obtain the compliance model.

« As a measure of model accuracy, the Variance Ac-
counted For (VAF) of the estimated output was cal-

culated. ZVAF=(1 - E‘—'5%521]100‘76.

a
This indirect route to calculvatre t)he system matrices by-
passes the bias problems associated with input noise [3],
by taking the position as the input signal. The data was
cross validated to ensure that no noise was fitted.



III. RESULTS

This new method for system identification of ankle me-
chanics was validated using simulated and real data with
various sampling rates and Signal to Noise Ratios (SNR).

A. Simulated Case

Initially the method was evaluated with simulated data
from a second order system [1] with the transfer function
reTrbarr With values for 7 (inertia)= 0.1, B (viscosity)=
1 and A (elasticity)= 100. The model was simulated in
Simulink ™ using the Runga-Kutta5 integration method
and a 1kHz sampling rate. This noise free compliance
model was simulated, uncorrelated zero mean Gaussian
noise to the torque, and the identification carried out tak-
ing position as its input and its noise corrupted torque as
the output. Figure 2 shows that even with 10dB SNR
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Fig. 2. Simulated case with 10dB noise.

the model prediction was still very accurate (99% VAF).
Thus, the method appears to be a robust scheme for sys-
tem identification in the presence of output noise.

B. Human Ankle Mechanics

The MOESP (3] algorithm was then tested on experi-

mental data from our laboratory. Figure 3 shows the out-
put data and fits obtained using the mixed MOESP and
the classical IRF methods. The model fit obtained using
a third order mixed causal/anti-causal MOESP method
having 7 free parameters was as good as that obtained
with the IRF with 70 lags; VAF=96.52% versus 96.24%
(see Fig. 3). In addition, the new method provides a di-
rect way to estimate the system parameters, which was
not possible with the nonparametric method. However,
it is yet not possible to convert these parameters to their
continuous timé equivalents.
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Fig. 3. Real case for the forward system.

IV. DiIscussioN

The results from these case studies demonstrate that
our new mixed causal/anti-causal identification method
has great promise. The MOESP identification method
is a robust method for biological system modeling, resis-
tant to noise problems presented by real data and suit-
able for non-causal dynamics. Further analysis of this
identification scheme is necessary to develop means to
convert the discrete time parameters to their continuous
time equivalent. Moreover, it will be necessary to study
the effects of different types of data on this algorithm to
understand fully its behavior. Further studies will exam-
ine more experimental data for a range of subjects with
different SNR’s, varying sampling rates and various in-
put bandwidths to assess the robustness and consistency
of the algorithm.
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