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ABSTRACT: Various linear feed-forward and recurrent data-
driven models, as well as their nonlinear counterparts, are
studied for dynamic musculoskeletal system identification. It is
shown that dynamic neural networks are well suited for black-
box modeling of biomechanical multi-body systems, as these
nonlinear paradigms could capture human joint force-
displacement dynamics with much lower computational
complexity compared to traditional methods such as the finite
element methods. This paper analyzes the performance of
different surrogate model architectures using simulated knee
data, and provides comparisons between their drawbacks and
benefits such as computational efficiency. While linear models
presented acceptable results, the non-linear implementations
yielded substantial performance improvements with equal or
shorter tapped delay lines over their linear counterparts.
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I. INTRODUCTION

The primary tools of computational biomechanics include
multi-body dynamics for body level simulation of joints and
muscles and finite element methods for organ level
simulation of tissues. = The multi-body technique is
computationally efficient, but lacks the complexity to
accurately capture tissue behavior. Finite element models
of organs can estimate tissue deformation, but are typically
too computationally intensive for body level simulations.
Computationally efficient surrogate models that learn from
finite element solutions provide a means of capturing
complex tissue behavior within the multi-body framework.
Computational models that combine muscle coordination
with detailed representation of dynamic tissue response
would benefit many areas of orthopaedics and orthopaedic
pathology.

As a first step towards developing computationally efficient
surrogates of dynamic knee behavior, a comparative study
of dynamic data-driven linear and non-linear system
identifiers of a simulated multi-body model of the tibio-
femoral joint of the knee was performed. The multi-body
knee model was created in MSC.ADAMS (MSC Software
Corporation, Santa Ana, CA) and included only geometries
of the femur, tibia, and articular cartilage produced from
Magnetic Resonance Imaging of a cadaver knee. A
deformable contact law was defined between the cartilage

surfaces of the tibia and femur based on Hertzian contact
theory and functional cartilage properties. During
simulation of the multi-body model, relative motion
between anatomically defined coordinate systems embedded
in the tibia and femur provided simulation input and the
resulting forces and toques required to produce the motion
were the simulation output. The kinematics used for
simulation input came from two sources. The first source
was measured kinematics of the modeled cadaver knee
placed in a machine that mimics the knee loading and
motion of activities such as walking. The experimental
motion was limited to a small subset of potential tibio-
femoral motion, so a second source of kinematic input came
from motions derived from model simulations that used
feedback controls to produce pseudo random motions. The
feedback controls modified the kinematics as necessary to
keep both the motion and resulting tibio-femoral loads
within physiological ranges for the knee. The resulting
modified kinematics provided the second source of
simulation input.

Simulation results from the multi-body knee model provide
a preliminary step in characterizing input-output
relationships of computationally intensive models, such as
the finite element method. The computational intensity of
the finite element method inhibits its use in body level
simulations. But, the finite element method can represent
tissue deformation and the soft tissue structures of the knee.
The next step in this work is to apply the system
identification methods to a finite element model of the knee
that includes representation of soft tissue structures, such as
the menisci. The goal is to identify this system using linear
filters and nonlinear dynamic neural networks to achieve a
reduced computational footprint compared to the finite
element method. This will allow inclusion of complex
dynamic knee response within body level models of human
motion.

II. METHODOLOGY

A. Models

Focused Time Delay Neural Network (FTDNN) was chosen
because it can be shown that a Time Delay Neural Network
(TDNN) with adequate memory depth can approximate any
nonlinear dynamic myopic mapping between its input and



output domains [1]. Autoregressive Neural Network with
eXogenous inputs (NARX) was chosen because it can be
shown that a properly designed NARX is equal to an
observable general recurrent neural network which in turn
can emulate any nonlinear, dynamic state space model [2].
Finite Impulse Response (FIR) and Infinite Input Response
(IIR) are linear counterparts of FTDNN and NARX, with
less approximation capabilities; however they are faster and
computationally more tractable and thus were included in
our comparative study.

For FTDNN and FIR models we have:
yi(®) = fi(@(t),u(t — At) (1)
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And for NARX and IIR models:
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Where f'is the overall model system function (linear in case
of FIR and IIR), u is the 7-dimensional input signal, y is any
of the 6 output signals, and At is the sampling time (please
see below).

B. Data

The knee system under study is defined by 7 input
kinematic signals (3 displacements and 4 orientations in the
form of Euler parameters); and 6 output signals (the
resulting reaction forces and torques). The input and output
signals presented to the system identifiers were generated
by the aforementioned multi-body model of tibio--femoral
articulations. Surrogate model performance was calculated
for each of the 6 output signals. However, in the interest of
space, figures are presented for output 1 (x axis reaction
force) throughout this paper; and the results for outputs 2
through 6 are only presented briefly.

C. Neural Network Design

Configuration: A semi exhaustive search was performed to
determine the configuration of the data-driven neural net
models. More specifically, one needs to determine the
number of neural networks’ hidden nodes, the input tapped
delay line (ITDL) depth for FTDNN and NARX, and the
tapped delay depth of the feedback loop (or output tapped
delay line, OTDL) for the NARX. Since the linear FIR and
IIR models have a single output summation node and no

hidden nodes, we only need to determine their tapped delay
line (TDL) depths.

Training: Besides their configuration, our data-driven
models need proper training for acceptable results on
unseen data, also known as test data. This important
property is called generalization. In order to reduce model
variance and improve generalization, we chose a regularized
error function (3) to penalize extraneous weights and, thus,
avoid over-parameterization in absence of robust validation-
based early stopping. Note that early stopping will also
reduce the size of the training set and increase
computational complexity.
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Here N is the total number of training samples, e; is the
classification error for /™ capture, P is the total number of
free parameters (i.e. th enumber of network connection
weights wy), and A is the regularization constant which is
dictated by a Bayesian framework and determines the
weight decay pressure. Under gradient descent learning,
lowering the above sum of squared errors (SSE) will yield
sparse and thus low variance models on limited training
datasets with good generalization capabilities [3].

The performance of each of four system models (FIR, IIR,
NARX, FTDNN) was compared using a mean square error
normalized with respect to the variance of the target signal.
Normalized Mean Squared Error (NMSE) is defined as [4].
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NMSE permits a direct comparison between each of the six
target output signals, as each has greatly differing
magnitudes and offset values.

Results were collected using 9 data sets (please see II-B).
Eight data sets were used for training of the model, and the
9™ data set was set aside as the test set.

The results of three comparative studies are presented. Two
studies compare the results of the two linear models; namely
FIR and IIR, with those of the two dynamic neural network
models, namely NARX and FTDNN; and expound upon
their relative merits. The third study presents the overall
accuracy of the models in representing the actual test data.
MATLAB® 2007b along its Neural Network toolbox was
used for all the simulations. Models were constructed using
iterative loops, in which the relevant parameters, namely
TDL depths and the number of hidden nodes, were varied
and the ensuing NMSEs were computed. The lowest NMSE
for the overall range of parameters was studied, revealing



the models with the best overall performance independent
of their size.

The third evaluation extended the models by presenting the
overall results for the 4 studied architectures (NARX, FIR,
IIR, and FTDNN), generalized to each of the 6 output
signals.

TABLE |
NEURAL NETWORK PARAMETERS

Model Input Tapped Output Number of
Architecture  Delay Line Tapped Delay ~ Hidden Layer
Depth (min: Line Depth Nodes
stepsize (min:step
:max) size
:max)

FIR 0:10:500 N/A N/A

IR 0:10:200 1:1:10 NA

NARX 0:10:200 1:1:10 1,2,3,4,5,10,15,
20, 50,100

FTDNN 0:5:300 N/A 1,2,3,4,5,10,15,
20, 50,100

The chart identifies initial and final iteration values and step
sizes for each Network and set of parameters. The notation
nl:n2:n3 indicates an initial value = nl, step size = n2, and
final value = n3. For NARX and FTDNN networks
additional Hidden Layer Nodes sizes from 10, 15, 20, 50
and 100 were investigated.

III. RESULTS

A. Model Size
Results are presented, indicating that the most compact
model within the studied ranges of parameters yields an

TABLE II

MINIMUM MODEL SIZE REQUIRED TO OBTAIN

NMSE = 0.025

Model Input Tapped Output Hidden
Architecture Delay Line Tapped Layer

Depth Delay Line Nodes
FIR 190 N/A N/A
IR 160 4 NA
NARX 0 2 2
FTDNN 0 N/A 2

NMSE of 0.025. This data reflects a measure of
compactness in terms of the minimum TDL length and

hidden layer size necessary to achieve a given NMSE for
the given data. An NMSE of less than 0.025, is achieved in
each model for the 7 input signals (3 displacement and 4
Euler parameters) and output 1 (x-axis forces) at the
parameter setting shown in Table II, based on single
training session for each configuration.

B. Finite Impulse Response (FIR) Model

NMSE values were inversely proportional to TDL length as
shown below. The NMSE decreases rapidly for the TDL
lengths below 350, and stabilizes for lengths beyond 350.
The data set length is 746 samples. NMSEs display
increasing values above TDL lengths of 450.
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Fig. 1 - Plot of NMSE vs. TDL depth: 100-500; representing the 6 Outputs

Fig. 2 — Plot of Output and Target Data for FIR with TDL depth = 350.
NMSE is 0.0124 for unseen test data



C. Infinite Impulse Response (IIR) Model
With the IR model (Figure 3), comparable NMSE values
were obtained with shorter TDLs than with the FIR
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Fig. 3. TIR Processing Element (PE) Topology

This result was expected as the memory depth of the IIR
system (M) increases by the inverse of the feedback

parameter (& )[5].

)

For the FIR implementation the gain in the feedback loop is
zero, requiring p=1, while for the IIR 0< p <1. As a result,
and compared to FIRs, IIR models can achieve an effective
M with shorter TDLs; albeit at the expense of a lower
temporal resolution due to their low-pass characteristics.

The actual NMSE performance of the model plotted
against the TDL lengths generally improved as the delay
depth was increased. @~ The NMSE did not decrease as
smoothly as for the FIR model. The MATLAB® NARX
model, which was used with linear activation function for
IIR training and testing, requires longer training time
relative to the FIR model, given the same TDL size. This
can be attributed to the additional processing time required
to implement the simplex to parallel configuration used in
MATLAB® for training the model and unrolling of the
recursive network.

TABLE 111
LOWEST NMSE RESULTS FOR IIR
FOR ITDL <200 AND OTDL<10

Output ITDL OTDL NMSE
1 190 8 .0133
2 190 2 .0157
3 190 4 .0075
4 150 6 .0232
5 180 4 .0179
6 130 6 .0339

Outputs 1, 2, 3 and 5 showed similar behavior with lowest
NMSE values for input TDL values near 180-190. Outputs
4 and 6 results were most favorable for shorter input TDL
values near 140. Iterations were stopped at input TDL
length of 200. Behavior beyond input TDL length of 200
was not investigated. It is possible that lower values could
be obtained with longer TDLs.
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Fig. 4 — Plot of Output 1 with an IIR filter at input TDL =190, feedback
TDL = 5, resulting in NMSE =.0191 for unseen test data

D.  Nonlinear Autoregressive with Exogenous Inputs
(NARX) Neural Network Model

With the NARX implementation, especially with larger
hidden layers, and compared to FIR or IIR models of
comparable performance, a more compact design in terms
of TDL length could be achieved. However, training times
increase significantly with the number of nodes in the
hidden layer. This makes it difficult to build an iterative
model to exhaustively investigate the effects of larger
hidden layers on the model. Output 1 was examined for 50
and 100 nodes in the hidden layer. NMSE values for the
unseen test data were observed to decrease to below 10
with 50 and 7x10” with 100 hidden nodes, with a zero
ITDL and OTDL of 1. The stability of the model was better
than the IIR model. We hypothesize that the stability
improvements resulted from the use of the hyperbolic
tangent nonlinearities of the NARX processing elements,
which saturate to +1 for large arguments while preserving
piecewise linearity for smaller input ranges [5]. This
saturation at the output stage results in BIBO (Bounded
Input Bounded Output) stability for the system. NMSE
values were observed to fall smoothly as number of Hidden
Layer Nodes (HLN) were increased.
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Figure 5 — Plot of NARX for Output 1, input TDL=0, feedback TDL~1,
HLN=10, NMSE=.0036 (4 trial average). ). Note the almost perfect overlap
of the predicted vs. target values for this unseen (test) data set.

E. Focused Time Delay Neural Network (FTDNN) Model
FTDNN models were examined for the range of ITDLs
from 0 to 300. The number of hidden nodes was varied
from 1 to 100.  As with the NARX model, the training
times for larger hidden layers were prohibitively long, with
the time complexity increasing rapidly with the number of
hidden nodes. These findings corroborate other
experiments using multilayer perceptrons (MLPs) trained
with back-propagation [5].

One set of limited observations of Output 1 reveal that
increasing the number of hidden nodes results in a lower
NMSE at shorter ITDLs. Given our regularized objective
function (3) which mitigates overtraining, increasing the
number of hidden nodes consistently decreased the NMSE,
with this decrease being faster for shorter ITDLs. Using
more hidden nodes increases the number of weights, thereby
producing a potentially better function approximator
provided that the system is not over-trained. This

TABLE IV

FTDNN MODEL PERFORMANCE VS. NUMBER OF HIDDEN
NODES (OUTPUT 1)

Number of | Input  Tapped | NMSE (single trial
Hidden Layer | Delay Length observation)
Nodes Output 1 signal
1 150 1.86E-2

2 165 5.74E-4

3 140 3.51E-4

4 125 1.03E-4

5 110 8.24E-5

10 20 8.53E-5

15 45 1.53E-5

20 25 1.30E-5

50 10 4.82E-6

100 5 3.65E-6
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Fig 5. Plot of FTDNN Output 1 vs. target for 15 hidden nodes and ITDL =
S, yielding an NMSE 0f.00011128 (4 trial average). Note the almost perfect
overlap of the predicted vs. target values for this unseen (test) data set.

corroborates other studies of the MSE for MLP’s of various
sizes which have shown that the error scales as the inverse
of the number of hidden nodes [S5]. Examination of this
behavior is recommended for further study over the
remaining data sets with values averaged over 4 sets for
future work. Table IV reveals the most compact TDL value
for the location of the first minima in NMSE as the ITDL is
increased from zero to 300 in steps of 5. The results
showed that the minima occurs as a smaller ITDL as hidden
layer size is increased. Deeper minima were still noted as
the ITDL values were increased beyond these values.

F. Conclusions and Future work

The studied models identify several compromises which
must be considered and evaluated when choosing linear
over nonlinear system identifiers. Overall better NMSE
results were obtained with the nonlinear designs at the
expense of longer training times. Nonlinear models were
more compact in terms of their TDL lengths.

Within the linear models, the IIR configuration produced
results which matched those of the FIR with shorter ITDL
lengths (190 vs. 350), as predicted by equation (5). The FIR
model exhibited a strong correlation between the ITDL
depth and NMSE. Error minima were achieved at depths
of 2 times the number of input samples. Error size
increased as TDL depth was extended beyond this length.
FIR models consume a greater number of input data
samples for seeding the initial conditions of the ITDL, thus
fewer data samples are available for temporal processing
and the production of output signals to the point where there
might be insufficient remaining samples to completely
repopulate the input tapped delay line during the simulation
process.  The initial condition data might not be moved
completely through the delay line during the entire
simulation as it might be larger than the following
sequential signal samples. This effectively truncates the



remaining signal which also can be viewed as the equivalent
of applying a rectangular time-domain window to the input
signal. The deteriorating effects of this abrupt truncation
result in spectral leakage components which can contribute
to FIR model errors [6]

In contrast, IIR does not reveal a smooth relationship
between TDL depths and NMSE. The examination of
NMSE and ITDL/OTDL depths reveals a very high degree
of peakedness and variation for small changes in TDL
depth. Outputs can quickly degenerate into overshoot or
clipping at sub-optimal TDL values. This can be attributed
to the location of the poles in the transfer functions of the
two models. The FIR poles are all located at the origin
while IIR poles locations are determined by the filter
coefficients. As the TDL values are stepped, the transfer
function coefficients are being adjusted, resulting in the
movement of pole locations outside the region of
convergence, thus violating the condition for BIBO stability
[7]. Other potential contributing factors to ringing and
overshoot include the use of the MATLAB® NARX series
to parallel “sp2narx” training and validation procedure for
implementing the IIR model, and the initialization and
randomization of the MATLAB® network objects creating
a variation in the model coefficients [§]. By iteratively
cycling through the TDL parameters in steps of 5 or more,
the results produced NMSE values that did not occur at
exact minima. The data was always on the slope of the
curve, depending on the steepness of the slope this would
induce larger variations in results for small changes in
output data.

At the expense of longer training times, we were able to
obtain even better results with NARX and FTDNN models.
These models have universal nonlinear mapping properties
[1,2] as well as additional free parameters (hidden layer
nodes and their interconnections) which can result in better
fitting in applications where the longer training periods can
be tolerated. These investigations represent a survey of 4
architectures, with a sampling of results based on variations
of model parameters (IDTL, OTDL, and the number of

hidden nodes) in steps of multiple units. It was not an
exhaustive search for absolute minimum NMSE or by every
possible combination of parameters.  More detailed
resolution in steps ofeach iteration is subject to further
study. Examination of additional nonlinear architectures
against the same data, such as distributed time delay neural
networks, may also be considered for future investigations
in model architecture space.
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