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On Modeling Center of Foot Pressure
Distortion Through a Medium
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Abstract—The center of foot pressure (COP) is a commonly used
output measure of the postural control system as it is indicative of
the systems stability. A dense piece of foam, i.e., a sponge, can be
used to emulate random environmental conditions that distort the
ground reaction forces received and interpreted by the cutaneous
sensors in the feet; thus introducing uncertainty into the control
system. In this paper, the density and size of the sponge was se-
lected such that a subject’s weight did not cause full compression.
In general, the COP is measured from the bottom of the sponge. As
the sponge is used to distort ground reaction forces, it is reasonable
then to assume that the COP signal would also be distorted. The use
of other sensory information to identify state of balance, and com-
pute necessary balance adjustments, is therefore required. In addi-
tion to a sponge, many different types of specialized footwear and
inserts are used for people with peripheral neuropathy, such as di-
abetics. However, it is difficult to design diabetic footwear without
a better understanding of the mechanical and physiological effects
that different surfaces typical of outdoor terrains, such as a sponge,
which cannot be predicted without the sense of the foot, have on
balance. Therefore, the goal of this study was to investigate the
change of the COP signal from the top and bottom of the sponge.
Portable force sensing mats from Vista Medical were used to ob-
tain the COP from the top and bottom of the sponge. The COP
measured on the bottom of the sponge is not the same as the COP
measured on the top, particularly in the medial-lateral direction.
Several linear and nonlinear models were used to identify the un-
known plant; i.e., the sponge. Overall, the nonlinear neural net-
work method had superior performance when compared with the
linear models. Thus, the results indicate that the signals from the
top and bottom of the sponge are in fact different, and furthermore,
they are nonlinearly related. A nonlinear mathematical model is
proposed which describes COP distortion through a medium such
as a sponge. Although the values for the model parameters de-
termined were for a particular sponge, this study suggests that a
neural network plant identification model may be applied to any
medium other than the sponge; the information can then be used
to determine how the balance control model is affected given the
sensory information received.

Index Terms—Adaptive filtering, center of foot pressure, neural
network, plant identification, sponge, Wiener filter.
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I. INTRODUCTION

BALANCE of the human multi-segmental system requires
adequate sensory inputs, which are efficiently organized

and integrated by the central nervous system (CNS). All three
primary sources of spatial information, vestibular, somatosen-
sory and visual inputs, are required in order to distinguish
egocentric, visual background, visual target and support surface
motions. Each sensory class provides the CNS with specific
information about position and motion of the body within its
environment. Vision provides relative motion information,
vertical and horizontal; external reference frames which are not
available in the dark or crowded places. The vestibular system
provides an absolute external reference frame, gravitational
vertical. Cutaneous sensors provide information about ground
and base of support forces, which can be distorted by a variety
of natural surfaces. Proprioceptors, such as muscle spindles,
provide information about relative position and motion of a
body segment to adjacent body segments. The most common
surfaces used for balance and walking assessment are fixed,
predictable, level and firm support surfaces. However, in order
to provide a complete assessment, different surface conditions,
such as spongy or cushion surfaces, which can alter the ground
reaction forces in an unpredictable manner should also be
taken into account [1]. The center of foot pressure (COP) is a
commonly used output measure of a postural control system
[2]–[6]. The center of mass (COM) must remain within its base
of support, or have the required momentum in the appropriate
direction to re-enter the base of support area, or else instability
will occur; the COP represents an index of this. Thus the
trajectory of the COP provides us with an outcome measure of
the balance control system.

A common method of balance assessment uses a force plate
with a firm, level support surface. In order to evaluate different
balance control mechanisms, these platforms have been sinu-
soidally translated in the anterior-posterior (AP) direction to
examine predictive control [2], [7], [8]. These sinusoidal transla-
tions are generally periodic, and thus provide predictive control
to the simulated environmental change. However, in everyday
situations we encounter a variety of different surfaces which do
not provide the predictable feedback of the firm surface used
in testing. Therefore, the platforms have been servo-controlled
relative to center of foot pressure; i.e., sensory organization test
[9]. In addition, they can be suddenly translated, in AP and me-
dial-lateral (ML) directions, to elicit unexpected balance dis-
turbances [10], [11]. Investigators are now employing a dense
piece of foam, or a sponge, as an alternative test surface [1],
[5], [6], [12]. The sponge surface emulates uncertainty in the
system by randomly altering the ground reaction forces that the
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cutaneous sensors of the feet receive. Therefore, the forces will
be distorted and delayed versions of the original signal.

Loss of sensation in the feet, as a result of peripheral vascular
disease, is a major problem for individuals with diabetes. A va-
riety of footwear, including specially designed cushioning in-
soles, shoe inserts, rocker bottom designs and orthotic devices,
have been prescribed in order to reduce, redistribute and de-
flect foot pressures during walking [13], [14]. In addition, the
footwear is used to support the arch and re-align the forefoot in
order to improve the foot mechanics, and in more recent work to
enhance the cutaneous signals from the soles of the foot. How-
ever, it is difficult to design diabetic footwear without a better
understanding of the mechanical and physiological effects that
different surfaces typical of outdoor terrains, such as a sponge,
which cannot be predicted without the sense of the foot, have
on balance.

In this paper, we have simultaneously measured the COP
from above and below a dense foam sponge, using a portable
force sensing mat, during sinusoidal movement. The sponge can
be thought of as representing an unknown plant, which receives
as its input the COP signal from the top of the sponge; the output
of the plant is the COP as measured from below the sponge.
We investigated the use of linear and nonlinear plant identifica-
tion techniques to develop a mathematical model of the sponge.
Specifically, linear inverse modeling, using the adaptive least
mean squares (LMS) algorithm and the recursive least squares
(RLS) algorithm to update the weights of an adaptive filter, was
used. In addition, a linear Wiener filter was also designed. For
the nonlinear model, an adaptive neural network plant model
was developed. Overall, the neural network method had supe-
rior performance when compared with the linear models. The
results are approximately equal to the desired outputs, for both
the AP and ML directions. Although the values for the model
parameters determined were for a particular sponge, the results
suggest that a neural network plant identification model may be
applied to any medium other than the sponge.

II. METHODOLOGY

A. Subjects

Sixteen healthy subjects (5 females) aged , with
no history of postural problems, volunteered to participate and
gave informed consent. Ethics approval was granted prior to
recruiting subjects by The University of Manitoba, Faculty of
Medicine, Ethics Committee.

B. Experimental Setup

A block diagram of the system setup is given in Fig. 1.
A 50.8 cm 50.8 cm 10.16 cm ( ) sponge of
density 25.31 and a 25% indentation force deflection
(IFD) of 31.82 kg was used to emulate environmental uncer-
tainty. This means that a weight of 31.82 kg will cause the
sponge to be compressed from 50.8 cm in height to 38.1 cm,
or 75% of its original value. The density of the sponge was
selected such that a subject’s weight did not cause full com-
pression. A 25.4 cm 40.64 cm 1.91 cm ( )
wooden board was placed on top of the sponge to equally
distribute the forces applied by the body on the sponge, thus

Fig. 1. Block diagram of experimental setup and data acquisition.

minimizing the compression of the sponge and normalizing
the effect of differences in body weight. Note that differences
in body weight will affect the amount of compression on the
sponge, making it difficult to obtain a perfect transfer function.
However, in order for the model to be valid for the widest range
of human movements and conditions, we incorporated a wide
range of movement types and decoupling between COM and
COP to test our model. Vertical pressure forces, from below
and on top of the sponge, were sampled at 12 Hz utilizing two
UltraThin Force Sensitive Applications (FSA) OrthoTest Mats
(Vista Medical Ltd, 3-55 Henlow Bay, Winnipeg, MB, Canada)
connected to an FSA interface module. Each OrthoTest mat
was of dimension 53 cm 53 cm 0.036 cm ( )
and contained a 16 by 16 grid of piezo resistive sensors spaced
2.8575 cm apart. The vertical pressure forces for each sensor
are equivalent to body mass multiplied by acceleration and
have movement in the perpendicular or horizontal plane. As the
body mass is constant, the forces at the sensors are proportional
to vertical accelerations due to gravity and body motions.
Thus, the reference frame is vertical or in the vector direction
of acceleration. The COP in the AP and ML planes was then
calculated using the FSA software, as the spatial center of all
the forces for the given mat [15]. The COP signals were filtered
using a fourth-order Butterworth low-pass filter, with a cutoff
frequency of 6 Hz [12]. A Seiko Quartz metronome, model
SQ44, was used to set the frequency of the subjects voluntary
sway at frequencies of 0.33 Hz and 0.67 Hz.

C. Protocol

The subjects stood on a dense sponge with a board placed on
top to evenly distribute their mass, with their feet apart at their
preferred normal position, and kept their arms crossed in front
of their chest. The sponge support surface served to pseudoran-
domly modify the ground reaction forces under the feet, as the
sponge surface cannot accept the normal forces from the feet
as the COM moves. Four trials were performed, where the sub-
ject was asked to produce two body movements in a sinusoidal
fashion at a frequency beat of a metronome, first with eyes open
and then eyes closed. Although there exists variability in the way
in which balance is maintained, the hip and ankle strategies are
the main balance strategies that emerge when a fixed base of
support is used [2]. Thus, the first movement emulates a single
inverted pendulum model of body sway, known as the ankle
movement strategy [10]. The subjects induced AP sway about
the ankle joint, with little or no knee and hip rotation at a fre-
quency of approximately 1/3 Hz, with eyes open and eyes closed
respectively. The second movement emulates a double inverted
pendulum model of body sway, known as the hip strategy [11].
Specifically, the body movements involved flex and extension
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of the upper body, head, arms and trunk, with the knee held in
extension. The hip strategy was performed in the AP direction
at a frequency of approximately 2/3 Hz. Each participant per-
formed 3 to 4 cycles at the indicated frequency before the trial
began for practice. The duration of the trials was 25 seconds,
with a two minute rest period between each trial.

D. Data Conditioning

The total number of data sets collected was 64; four per sub-
ject representing each of the four trials. Each of the input and
target vectors were normalized individually, by subtracting their
mean and then dividing by their maximum value; this was done
to account for position difference between the signals from the
top and bottom mats.

III. SYSTEM IDENTIFICATION

The sponge represents an unknown plant, which receives as
its input the COP signal as measured from on top of the sponge,
denoted . The output of the plant is the COP as measured
from below the sponge, denoted . The following sections
describe several linear and nonlinear techniques investigated for
determining the mathematical characteristics of the sponge.

A. Inverse Modeling: Linear

Inverse modeling involves the use of an adaptive filter to pro-
vide a linear model to compensate for the change in the original
signal by an unknown plant; in this case, the model was found
in the least squares sense. The system setup is given in Fig. 2
[16].

The sponge, with unknown transfer function , filters
to produce the center of foot pressure as measured from

the bottom of the sponge, . The adaptive filter then at-
tempts to equalize the difference between and the de-
sired output , by convolving the input with a vector of
tap weights . The
weights are then adjusted according to the least squares differ-
ence between the adaptive filter output, the estimated center of
foot pressure as measured from on top of the sponge ,
and a delayed version of the plant input. When computing the
error, the desired output that is compared with the estimated
output can be delayed by a factor (Fig. 2). The plant model
then is represented by the inverse of the adaptive filter model.
After convergence, is given by

(1)

where is the transfer function of the adaptive filter.
The specific method of weight vector adjustment is dependent

upon the algorithm used. In this paper, the adaptive filter was im-
plemented using the LMS and RLS algorithms (Appendix 1).
In each case, the leave-one-out method was employed when
adapting the filter coefficients, where all except one subject’s
data (randomly selected) was used in the adaptation of the co-
efficients. The left out subject’s data was then used to test the
filter. The adaptation and testing was repeated until each sub-
ject’s data had been left out. The reported performance is then
representative of the average of the test results obtained.

Fig. 2. Block diagram for inverse modeling using adaptive filtering technique.

Fig. 3. Block diagram for optimum filter system using Wiener-Hopf
technique.

For each of the adaptive filter algorithms, filter orders of
1, 2, 3, 5, and 7 were used, with delay in the range [0, ].
It should be noted that for some combinations of filter order
and delay, the inverse filter was not stable. The output of the
inverse filter was calculated for each of the 64 trials, for each

combination; the mean squared error (MSE) was then
calculated for each trial and averaged. Thus, the filter order
and delay combination , along with the corresponding
adapted weight vector, with the lowest MSE was selected to rep-
resent the inverse transfer function of the sponge.

B. Wiener Filter: Linear

Wiener filter is a linear FIR optimal filter designed to remove
noise caused by channel corruption. In the case of this study, the
original signal becomes corrupted by the channel, i.e.,
the sponge, and by noise of the measuring process itself, ;
this produces the signal which is then the input to the
Wiener filter [16]. The output of the filter is given by

(2)

where is the order of the filter, selected as for this
study. A diagram describing a Wiener filter can be seen in Fig. 3.
The filter is considered optimal in the minimum mean squared
error (MMSE) sense, as it minimizes

(3)

where is the error of the filter [16].
As with the adaptive filters, the leave-one-out method was

employed when determining the optimum filter coefficients.
The adaptation and testing was repeated until each subject’s
data had been left out. The reported performance is then rep-
resentative of the average of the test results obtained. Thus,
the determined optimal filter coefficients with the lowest MSE
represents the transfer function of the sponge.
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Fig. 4. Block diagram for neural network plant identification.

C. Neural Network Plant Model: Nonlinear

A feedforward backpropagation neural network can be used
for nonlinear plant identification in order to derive a formula that
represents the characteristics of the sponge [17]. Fig. 4 shows a
block diagram of this process. The network uses delayed ver-
sions of the plant input and output to estimate the plant output
of the current time step. The mean squared error between the
estimated and actual plant output is used as the training algo-
rithm’s objective function.

A feedforward backpropagation neural network consists of
two layers. The first layer, or hidden layer, has a tangent-sigmoid
(tan-sig) activation function, and the second layer, or output
layer, has a linear activation function, purelin. Thus, the first
layer limits the output to a narrow range, from which the linear
layer can produce all values. The output of each layer can be
represented by

(4)

where is a vector containing the output from each of the
neurons in a given layer, is a matrix containing the weights
for each of the inputs for all neurons, is a vector con-
taining the inputs, is a vector containing the biases and is
the activation function [17]. The network was created using the
neural network toolbox from Matlab 6.0 release 12 (The Math-
Works, Natick, MA).

In a backpropagation network, there are two steps during
training that are performed iteratively, attempting to minimize
the mean squared error between the true and estimated plant
output. The backpropagation step calculates the error in the gra-
dient descent and propagates it backward to each neuron in the
output layer, followed by the hidden layer. In the second step,
the weights and biases are recomputed, and the output from the
activated neurons is propagated forward from the hidden layer
to the output layer.

The network is initialized with random weights and biases,
and is then trained using the Levinson–Marquardt algorithm
[17]. The weights and biases are updated according to

(5)

where is a matrix containing the current weights and biases,
is a matrix containing the new weights and biases, is

the network error, is a Jacobian matrix containing the first
derivative of with respect to the current weights and biases, is
the identity matrix and is a variable that increases or decreases

Fig. 5. Block diagram of neural network architecture [16].

based on the performance function. The gradient of the error
surface, , is equal to [17].

The architecture of the feedforward backpropagation neural
network used to model the plant (sponge) consists of a single
neuron in each of the hidden and output layers. The inputs to the
network are the center of foot pressure from below the sponge,

, and from on top of the sponge, , at time .
The output of the network is the estimated plant output, ,
at time . The neural network architecture is illustrated in Fig. 5.

From the diagram, the overall system equation can be derived.
The output of the hidden layer, , is given by

(6)
where is the tan-sig function, represents the input
weights and is the bias. The output of the second layer,

, is given by

(7)

where is the purelin function and represents the layer
weight. The overall system equation is then obtained by substi-
tuting (6) into (7)

(8)

A network for the COP in each of the AP and ML directions
must now be trained in order to obtain values for ,
and .

The training data consisted of 75% of the 64 data sets; 12 sets
were randomly selected from each of the four trials. It should
be noted that different training sets were used and the network
performance was similar for any subset of training data. The
test data consisted of the remaining 25% of the data sets. Recall
that the data is normalized and thus the vectors lie within the
range [ ,1]; i.e., the range for which the tan-sig function is
most sensitive [17]. Thus, the determined weights and biases
for the system described in (8) that result in the lowest MSE
represents the nonlinear model of the sponge.

IV. RESULTS

A. Linear Models

The average MSE for each of the linear methods, as well as
the model parameters which provided the best results, are given
in Table I. As the results for the linear models were similar,
the results are plotted for the Wiener filter model only (Figs. 6
and 7).

1) Inverse Modeling: For the LMS algorithm, the output of
the plant filter, , is approximately equal to the input to the
filter, , rather than the desired output, . Similarly,
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TABLE I
MODEL RESULTS

Fig. 6. Plant filter results for the AP direction using a Wiener filter.

for the RLS algorithm, the output of the plant filter, , does
not match the desired output ; however, it more closely
resembles the desired output than it did for the LMS algorithm.
Therefore, the weights of the tap filter could not sufficiently be
adapted using the LMS or RLS algorithms; as such, the inverse
modeling technique does not show promising results.

2) Wiener Filter: Figs. 6 and 7 show the output of the plant
filter for subject 10, trial 1, for the AP and ML directions respec-
tively. The results for this subject are representative of the results
obtained for the remaining subjects. For the AP direction, the
output of the plant filter, , is approximately equal to the
input to the filter, , rather than the desired output, .
The output of plant filter, , in the ML direction does not
follow the input or desired output signal as closely. Therefore,
the results were not very promising.

B. Nonlinear Model

The output of the neural plant model was simulated for each
of the 64 trials; the MSE was then calculated for the plant model
for each trial and averaged.

Fig. 7. Plant filter results for the ML direction using a Wiener filter.

TABLE II
NEURAL NETWORK PLANT MODEL PARAMETERS

Fig. 8. Neural network plant model results for the AP direction.

For the center of pressure in the AP and ML directions, the
MSE was equal to and , respectively.
The network was trained according to (5) for 28 epochs, when
the maximum step size was reached. The values of the input
layer and hidden layer bias and weight vectors (obtained after
training) are given in Table II. Figs. 8 and 9 show the output of
neural network plant model for subject 10, trial 1. The results
for this subject are representative of the results obtained for the
remaining subjects.
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Fig. 9. Neural network plant model results for the ML direction.

Overall, the neural network method had superior performance
when compared with the linear models. The results are approx-
imately equal to the desired outputs, for both the AP and ML
directions.

V. DISCUSSION AND CONCLUSION

In general, the COP is usually measured from the bottom
of a piece of foam as an outcome balance measure. However,
Figs. 6–9 show that the COP measured on the bottom is not
the same as the COP measured on the top, particularly in the
ML direction. If the and are linearly related, the
COP as measured from below the sponge would only need to be
scaled. However, if they are nonlinearly related, then the COP
trajectory from the below the sponge is questionable and, hence,
this study.

The effects of linear distortion include amplitude scaling
and/or phase shifts. Linear models adapt or estimate weights in
attempt to equalize the effects of these linear distortions. With
the LMS and RLS algorithms, additional user-defined parame-
ters, , , , and , provide fine tuning of the weights. These
parameters can be modified in order to bias the weights toward
more favorable outcomes. In this study, however, adjustments
of the parameters had little effect on the output of the filter and
were not able to characterize all aspects of the signal distortion.
Figs. 10 and 11 show the relationship between the and

for the AP and ML directions respectively; for the AP
direction, a third-order polynomial curve was fit to the data.
These scatter plots indicate that the and are
not related linearly, particularly in the ML direction. This is
also reflected in the fact that the linear models developed in
this study could not derive a set of filter weights to sufficiently
describe the system, suggesting that the relationship between
the COP from below and above the sponge is nonlinear.

Conversely, the nonlinear neural network plant model had
very low MSE, effectively described the system and was supe-
rior to all the applied linear models. Part of the error is partially
due to the fact that individuals of different weight would be on
a slightly different plant, as the compression and quality of the

Fig. 10. COP from the bottom of the sponge versus COP from the top of the
sponge in the AP direction; a third-order polynomial is fit to the relationship.

Fig. 11. COP from the bottom of the sponge versus COP from the top of the
sponge in the ML direction.

sponge changes. Substituting the obtained weights and biases
(Table II) for the network into (8), the mathematical model for
the sponge in the AP and ML directions can be characterized.
Note that these values are for the particular foam sponge used
in this study, however the model may be used to identify any
other surface. Thus the COP as measured from the bottom of
the sponge is nonlinearly related to the balance system.

This study suggests that a neural network plant identification
model may be applied to any medium other than the sponge
and that the information can then be used to determine how the
balance control model is affected given the sensory information
received.

The analysis of how these different mediums affect foot func-
tions and balance control may also be applied to the develop-
ment of footwear for diabetics with peripheral neuropathy, pros-
thetics of amputees and in the elderly. Different insoles, inserts,
shoes and orthotic devices have been developed to enhance out-
door walking function, foot mechanics and re-distribution of
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TABLE III
LINEAR MODEL FORMULAS

contact forces. However it is difficult to design footwear for
all of the different surfaces encountered in daily life without
considering the effect the surfaces have on the postural control
system. The effects of different characteristics for the sponge
(e.g., IFD and size), board (e.g., size) and subject (e.g., weight)
are also of interest for further investigation. By modeling the
force signals as they transfer through different cushioning in-
soles, positioning inserts and amount of rocker angle, we can
determine the degree of somatosensory information the person
would receive. It will also allow us to determine the degree of
distortion and delay in interpreting the correct adjustments to
be made to control COM motion relative to an unstable support
base.

In summary, the results of this paper indicate that not only
are the COP signals measured from the top and bottom of the
sponge different, they are nonlinearly related. A nonlinear math-
ematical model is defined that describes this relationship.

APPENDIX

In inverse modeling, a vector of tap weights representing the
inverse filter’s transfer function needs to be adapted; there are
two methods used in this study, namely the LMS and RLS al-
gorithms. The LMS and RLS algorithms optimize the filter by
adapting the weight vector such that the mean square value of
the estimation error is minimized [16]. The RLS differs in that
it solves for the minimum least square recursively for each it-
eration , where , allowing for quicker convergence
than the LMS algorithm [16]. Similarly, the optimal filter co-
efficients of the Wiener filter need to be determined. Table III
gives the formulas for determining the weight vectors for these
methods; for a full derivation of the algorithms, refer to [16].
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