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Abstract. The paper presents a method developed for the gait classification based on
the analysis of the trajectory of the pressure centres (CoP) extracted from the contact
points of the feet with the ground during walking. The data acquirement is performed
ba means of a walkway with embedded tactile sensors. The proposed method includes
capturing procedures, standardization of data, creation of an organized repository
(data warehouse), and development of a process mining. A graphical analysis is
applied to looking at the footprint signature patterns. The aim is to obtain a visual
interpretation of the grouping by situating it into the normal walking patterns or
deviations associated with an individual way of walking. The method consists of data
classification automation which divides them into healthy and non-healthy subjects in
order to assist in rehabilitation treatments for the people with related mobility
problems.
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1. INTRODUCTION

Actual monitoring technologies based on biometric signals have allowed important
improvements in healthcare applications and assistive uses. The approaches that include
biomechanics analysis and its functional signaling which focus on rehabilitation or early
disease detection are being investigated in many ways as in [1-5, 19, 20]. New systems
using cameras, forceplates, walkways and insole devices offer new perspectives to data
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analysis as in [6]. Nowadays an increasing field is observed with the use of sensors to
achieve informative data applied to the evaluation of movement of a person. The tactile
sensors generate pressure distribution maps from the feet contact during walking [7]. This
mapping might be used in the measurements of posture, equilibrium and motor control of
the patients within the clinical evaluation of the walking process. Measuring stability
allows a better understanding of the people’s necessities.

In this context, the research demonstrates a special interest in the investigation of
elderly people [8]. The goal is to provide support to the patients susceptible to the risk of
falls due to the deterioration of their mobility caused by neurological disorders, diseases
or surgery that affect their motor control [9]. For example, the systems can provide a data
analysis during the patient treatment period in his physical rehabilitation to evaluate his
self-control in the movements’ progression. Four essential features about the gait analysis
are described in [9]. The first is how much and in what direction the given patient leans
while standing still. The second feature is how much pressure the patient exerts under
each foot and in what regions of the foot. The third clinical feature is how much the
patient sways while attempting to stand still. The fourth clinical feature characterizes
dynamic balance. In motion the whole set of features occurs at same time; that is why it is
not possible to fully capture the essence of motion without tactile information [10].

There are several applications in which the medical professional needs information of
healthy subjects that can be used as reference for comparison with the patient’s behavior
as in [6, 12, 13]. The pressure maps produce this relationship. One possible way of
getting the visualization of the pressure map of walking is by the trajectory of the centre
of pressure (CoP) under each footprint in the walking map. In the standing position, as
the method of [10, 11], it is used a sensor plate system to generate a graphical
representation of the CoP variation determined by averaging the pixel values on the
location of the intensity-weighted pressure points of each foot. In that case, the CoP
changes according the equilibrium for the overall image, which could be considered an
estimate of the person’s centre of gravity (CoG). As proved by [1, 8, 9, 10, 14 and 15], it
is possible to estimate the balance information from CoP. Then, the CoP analysis is very
useful to understand the gait pattern of an individual for his rehabilitation evaluation.

The information used in this research is from a tactile sensor mattress (walkway) [7].
This device generates a map containing the pressure variations of the contact points of foot
during walking. This enables us to conduct the study by achieving the walking characteristics
of each individual, i. e.; it provides a way to carry out balance measurement and cadence
motor control analysis of each individual. The special interest is a gait analysis in elderly
patients with a potential risk of falling; thus, it can act to prevent the risks and build support
devices customized to the individual walking characteristics.

In this wide context, the main objective of the research is to define a separation
process using the automated data mining of the behavior pattern by classifying healthy or
unhealthy people, or classifying different pathologies that interfere with the movement.

2. PROPOSED METHOD

The functional structure of proposed method for the gait pattern classification is shown
in Fig. 1. Basically, the process model has two main parts; a pool dedicated to the “Data
Gathering and Analysis” (i.e. clinical viewpoint) and the “Data Processing” contains four
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inner process, as i) Data Normalization; ii) Data Warehouse; iii) Data Mining and iv)
Graphical Representation. These steps are discussed in the following sections as well as the
background concepts about data acquirement and their respective parameters.
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Fig. 1 Process modelling of the gait pattern classification
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2.1. Gait data background

The Gaitrite® [7] system is a complete tool for measuring the gait information to the
indoor laboratorial approach. During the patient movement while crossing the walkway,
the pressure points affected by the footfall generate two groups of measured values called
spatial and temporal parameters. Spatial Parameters are the step length, stride length,
base width, step width, stride width, toe in / toe out, leg length, length of foot, and width
of foot. The temporal parameters are step time, stride time, stance time, swing time,
ambulation time, velocity, cadence, single support, double support. Fig.2 shows the
spatial parameters used in our study and definitions are in [7].
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Fig. 2 Parameters identification on footfall
Based on these generated parameters during the whole walking cycle, it is possible to

compute the standard deviation and coefficient of variations for stride time, stride length,
stance time and base of support in order to get complementary information about the gait
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(one cycle = stride). In addition, it is possible to record the footprints and respective
pressure values stamped and also assess the respective CoP values. As presented by [11],
the risk of falls can be measured by correlation with (i) “stride-to-stride” variability in
velocity, (ii) variability in stride width and (iii) double-support time. This information is
implicit in the CoP distribution of each foot. Based on the spatial and temporal
parameters, the doctor is able to evaluate the gait and provide the diagnosis related to a
specific problem.

Some other additional information can be extracted from the CoP’s trajectory. Fig 2
shows three bounded regions representing the foot position extracted from the walking
along the indicated line of progression, and the inner points are the CoPs trajectory for
each one. The positions labeled as ‘A’, ‘B’ and ‘C’ are those of the heel of foot in its first
point of contact. This is the pattern assumed by the Gaitrite system as reference to stride
length and step length calculation [7]. The stride width and step width might be measured
by Gaitrite and this relationship is also based on the heel position. Toe-toe measures
instead of heel-heel measures have been chosen in specific cases for calculating the gait
parameters as in [16], because the measure of lengths of step and stride depends on how
much pressure information exists in a specific region of the footprint. In our research we
are adopting a centroid reference as indicated in Fig. 2 based on the method of [14].

The CoP values are exported by the Gaitrite system, and it is the point of location of
the vertical ground reaction force vector in each foot [14]. In motion, a set of the CoP
defines the trajectory of each foot while in the ground-contact during the time, based on
its weighted average pressure values in the contact area. The CoP position values change
in various directions under the foot according to the individual sway. Note that a different
interpretation is given if the analysis is based on a sensor plate [17, 18] where the CoP is
a calculated median value between feet (CoP = CoG). The assumption is different in our
study because the CoPs are individual set data from each individual footprint (CoP #
CoG). A graphical plot of its (X, y) coordinates gives a visual sense of foot movement
during the footfall. To sum up, the CoP is the median representation of all the affected
sensors along the footfall during the foot sway and it gives a foot signature map that
describes the footfall behavior [18, 21].

2.2. Data normalization and repository

The Gaitrite system exports a file containing the individual trajectories of the pressure
centres of each foot of a given patient. Each patient is submitted to five standardized
testing protocols which are: 1) normal walking); 2) slow walking; 3) fast walking;
4) normal walking in conjunction with cognitive task (cognitive task is the patient
speaking aloud the countdown by 2 in 2, starting with 50 or 30 depending on the
condition of the patient); and 5) normal walking associated with motor activity (motor
activity is the patient carrying a glass cup with 2/3 filled with water). Each test combines
two runs, i.e. going and coming back on the walkway.

The generated file contains the gait data tabulated in ASCII format as in Fig 3. The
file can be imported as an Excel spreadsheet whose columns are: the parameter ‘obj', i.e..
the sequential number of each foot; the ‘time' column records the time (in ms) in which
each sensor has been activated; column 'L/R' is the respective foot in ground contact,
where '0' represents the right foot, and value '1' to the left foot; columns X' and "Y'
contain the coordinates of each centre of pressure (COP) forming part of the sensor
activation trajectory line during the contact of each individual foot on mattress.
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Fig. 3 File model to data exchange from GaitRite® and respective extracted footprints

From the CoP file we obtain all separate footprints graphs [23], as indicated by blue
(right foot) and red (left foot) plots in Fig. 3. Each footprint represents the respective foot
signature compound by their X and Y coordinates normalized to [0-1] range. A repository
database is organized by all the spreadsheets containing walking information for all

patients.
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2.3. Data mining procedure

As described by Mirkovic in [25], data mining is a practical procedure based on
clustering and it is widely applied to group selection. It represents roles to find patterns
and also implements methods in order to describe the structural patterns in data
repository. In our context, we apply this functionality in order to classify healthy or non-
healthy individuals by their CoP footprints. The data is taken from a sample set with
individual trajectories of the CoPs of each foot for a given patient. We expect that the
output should give us a prediction about new samples. In our approach we have applied
the RapidMiner® Studio software [24] to the data mining because it is an open source
tool; it also has applicability for a wide range of problems. The steps of implementation
are shown in Fig 4.

Dados Real Set Role Decision Tree
% out ) C exa exa ) ( tra N mod ) ( res
o4, ori ) ) Apply Model qr
o &) mod lab =
Dados Descob..) Set Role (2) unl g mod
@ out j C exa exa ) 0
; @ .
0 .L. on)
0

Fig. 4 Steps implementation of mining process

As depicted in Fig. 4, the mining process implementation has the following operations
as defined in [24]:

2.3.1. Retrieves

Each ‘Retrieve’ activity is an operator with reading function of an object from the
data repository. Thus, we can get data / metadata like subject and his particular set of
parameters. For our process of the gait analysis we have two Retrieves where one
‘retrieve’ is the known data and the other is the testing data. The training set contains X
and Y coordinates of the footprints of all subjects, as plotted in Fig. 5.

2.3.2. Set roles

A ‘Role’ operator is used to change the role for each of the attributes. The role of an
attribute reflects its categorization and embeds some specific task. The special roles are:
label, id, prediction, cluster, weight, and batch. For our proposal, we have two Roles. A
first operator Set Role is to assign the role identifier to the attribute "patient™ just to its
own identification as well as the “healthy” attribute is assigned as a label for it. The
second Role Set is related to testing data and it carries the attribute "Patient” only. (Note
that the healthy or non-healthy is a further output).
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2.3.3. Decision tree

It is a graphical representation tool of the searching model composed by nodes and
leafs [22]. The idea behind the decision tree is to create the classification model whose
function is to predict the classification of a value. Each inner node corresponds to one of
the input attributes and each leaf node represents a value of the label attribute (the path
from the root to the leaf). Thus the decision tree implements the model.

2.3.4. Apply model

The model is first trained through a known sample, and the related information is
learnt by the model. After this, the model (decision tree) can be applied to another set of
values for prediction. This operation generates the processed output.
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Fig. 5 An example of footprints along walkway (from data repository)

3. RESULTS AND DISCUSSION

A testing condition is implemented in order to evaluate the proposed classification
mechanism. The range of test includes the total of 22 healthy and 7 non-healthy patients
through the amount of almost 200 footprints. Fig. 6 shows an example of the CoP
distribution under one individual foot for both (a) healthy and (b) non-healthy cases.
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Fig. 6 Example of the CoP distribution of one foot,
for (a) healthy and (b) non-healthy individual
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In Fig. 6, the points are, respectively, X and Y Cartesian coordinates of the COP
trajectory. The normal walking protocol as experienced and the respective decision tree
generated by the data mining is presented in Fig. 7.
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Fig.7 Decision tree to pattern classification from footprint parameters

The parameters of the searching model are, the contacting ‘time’ of each foot (heel-
toe) on ground and object ‘obj’ (right or left foot) as the nodes in the decision tree. The
leaves are ‘X’ and Y’ coordinates as a deviation in the CoP trajectory in each foot on
walkway (as normalized data examples previously presented in Fig. 6). Fig. 8, in (a)
presents the comparative graphical representation about the gait pattern classification
executed between the real data and the respective mining classification.
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Fig. 8 (a) Real data from all patients; (b) Classification for testing subject
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From graphs in Fig. 8, in (a) presented are in red all the footprint plots for the healthy
people set and the blue are footprints for a non-healthy group. The red or blue points are
the trajectory of each patient along the walkway. The representation is based on a pair of
coordinates of their respective CoP trajectories. The graph in (b) shows the footprints
classification result based on the decision tree. In this case all the parameters, i.e. ‘time’,
‘object” and ‘X’, Y’ CoP coordinates for each patient are classified according to the
decision tree. In the same way the graph shows the footprints in red and blue for healthy
and non-healthy subjects, respectively.

Thus it is possible to have a visual interpretation of the pattern classification. In graph
(b) it possible to see that the resulting data for a testing subject are very similar to the
classification ones. Surely, we can generally understand how the classification works;
however, the visual sense of the pattern is the only information possible to get from the
graphs. The displacement measurement cannot be estimated and an additional mechanism
should be implemented to improve this evaluation.

3. CONCLUSIONS

The text presents a proposal of the method developed to provide the classification of
individuals in two possible conditions concerning their gait, so called healthy and non-
healthy subjects, through analysis of their gait patterns. The centre of pressure (CoP)
trajectory in each foot is calculated by the GaitRite system and the parameters (time,
footprint position) can be used to define gait characteristics. A data mining approach is
implemented as a computational tool for the support in the gait pattern classification. The
main application of method is to assist the clinical diagnosis and respective treatment
evaluation. A decision tree is modeled in order to provide the classification of objects
according to the known training group. The example has shown that a selected patient is
classified according its condition, i.e., his gait behavior is mapped inside the correct
group. Then, the tested features have contributed to the classification of individuals
regarding their similarity, and as demonstrated, the proposal is a promising tool in the
gait analysis context. For future works, we want to improve the classification (decision
tree) for patient classification by their associate deceases adding machine learning
strategies. Different kinds of deceases have an influence on the gait pattern (due stroke,
surgery, etc.) and we still need to process more specific patterns by a reasoning system in
order to assist gait treatments.
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