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Abstract—The pressure map measured under foot by the 

contact with the ground is an essential tool to provide 

information how everyone is moving. Among all spatial and 

temporal data whose values can be measured by pressure 

gathering systems, the trajectory of the Centre of Pressure 

(CoP) in each footprint permit us to see a kind of foot 

signature from an individual.  Thus, it is possible to get 

some level of patterns’ grouping just based on similarity 

among all CoP trajectories. The problem is the large 

amount of data for comparing among all pressure maps that 

become unfeasible a visual inspection task by humans. From 

the engineering point of view, this research proposes a 

method applied to gait pattern classification based on 

Knowledge Discovery in Database (KDD), where the 

objective is to understand if exists specific patterns which 

permits to group and to classify footprints by an automatic 

way. The text also presents an example of application of the 

method. The database contain data from two testing groups, 

compound by healthy and unhealthy younger adults and 

elderly people. The health condition of each one was 

previously known, and after application of method, the 

decision tree classified the footprints groups with precision 

of 95,3% of confidence. The presented method 

demonstrated that is feasible to define a computational 

classification criterion based on CoP trajectory in order to 

assist gait analysis. 

I. INTRODUCTION 

The movement generated by walking is extremely 
necessary for humans’ autonomy in its daily activities at 
any stage of their life. Over time, problems associated 
with walking increase the difficulty in locomotion and 
balance disorder. The engineering field provides 
measuring equipment and software tools which allow to 
collect data of how a person is moving. For instance, such 
tools enhance the analysis procedures to gait evaluation, 
serving as decision maker in order to support the 
clinicians. Thus, it makes possible to transform qualitative 
indicators, which information are difficult to compare and 
measure, in quantitative ones, which data can be handled 
by the computational expert methods. 

Monitoring technologies based on biometric signals 
have improved this area, mainly contributing with 
rehabilitation and to early detection of diseases [1-6]. 
Tools such cameras, force plates and insole electronic 
devices are some of the most recent technologies applied 
to gait analysis research [7,8]. In addition, the walkway 

mat provides pressure maps generated from contact of the 
feet on device during walking [9] whose pressure levels 
are displayed as images from respective areas in the foot 
with major or minor pressure. 

The application of these devices in daily practice of 
clinical studies generate a large amount of data, and even 
though a clinician has large experience, it can spend a lot 
of time and resources to analysis and diagnoses. As well 
as, the history of data acquisitions can be kept in a 
database for further studies in treatment’s progression of 
someone, or also to provide comparative analysis among 
different pathologies and their respective treatments. 

A. The statement of problem 

According to [10,11], the Center of Pressure (CoP) 
values distributed on the footprint’s image provides an 
estimative of the position of the center of gravity of an 
individual projected on the ground, and it changes 
according the individual is moving or swinging. Thus, as 
stated by [12] the quantitative spatiotemporal measure of 
CoP has been repeatedly proven as a robust indicator of 
quality in functional stability. 

The GaitRite® System is a specialized tool for indoor 
gait analysis and it provides compiled results based on 
spatial and temporal data with large confidence. Also, it 
shows the footprints’ image sequence with their respective 
pressure levels. However, additional information from 
CoP’s influence to gait evaluation, as for instance the 
respective trajectory coordinates in each foot, must be 
obtained by an exported file. The sequence of the CoP 
trajectory in each foot can be rebuilt and displayed as a 
graph. The Fig.1 shows two samples of data collected 
from two individuals under standardized exams conditions 
called “protocols”. By an intuitive visual observation in 
Fig.1, for both individuals (a) and (b) it is possible to see 
different patterns in the alignment and grouping of CoP 
footprints between them. However, the pattern looks like 
remains similar between distinct velocities to the same 
individual. Since that it is possible to observe a kind of 
“walking signature” from CoP map, it can be inferred that 
the CoP may be indicative of a specific behavior pattern 
as a people walks. Certainly, due to the large number of 
footprints that can be obtained from each examination for 
several patients, the inspection by humans is practically 
unfeasible. Thus, the main question is how to define the 
parameters whose values can be applied to create an 
automated classifier to classify individuals according to 
the gait patterns similarities. 
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Figure 1. Two samples of the CoP footprints from two 
different adults. 

 

A Knowledge Discovery in Database (KDD) process 
through data mining strategy can be applied to allow an 
autonomous classification for different groups of data, i.e. 
gait patterns. In this way, we apply a classifier based on 
the supervised learning technique represented by a 
decision tree. A training data set was previously explored 
in [13] and [14] with a classifier to all the CoP coordinates 
for all exams. In fact, considering that each exported CoP 
file contains, on average 7 footprints, and each one 
containing about 50 Cartesian coordinate pairs (X, Y), 
then the total volume of data for tests were approximately 
122,500 coordinates for one person. In that case, the result 
obtained in [13] was not conclusive due a lack of a pre-
processing level in KDD.  

Now, in this research, instead to consider all Cartesian 
coordinates, we evaluate only some specific distances, as 
the distances between the heels center and metatarsus 
center from each step. Then, a pre-processing stage to 
proceed this calculation was included to improve the 
quality of data, and thus it was possible to reduce the 

amount of data to only about 1,630 instances for all 
exams. In this case, we are verifying if the distances 
variation among the CoP footprints are enough to proceed 
a correct classification of patterns. 

B. Measurement Device 

The gait consists in the body movement by alternating 
the support of its weight between the two legs, 
characterized as rhythmic movements to the progressive 
locomotion ahead [15-17]. A walkway device can be 
applied to register this movement and the Knowledge 
Discovery in Database (KDD) offer the computation 
support for pattern classification. The Gaitrite is an indoor 
walkway system, whose apparatus consists of a rubberized 
mat with 18,432 pressure sensors built into an active area 
of 4.3 meters of length by 0.6 meters in width, as 
presented in Fig.2. The measurement system [9] and [18-
20] defines spatial and temporal parameters used for gait 
analysis (for example step and stride length/width and 
times, toe in/toe out position, gait cycle, velocity and 
cadence among others). 

 

 
Figure 2. Walkway apparatus and its main parameters. 

 

According the patient walks over the active area, the 
mechanical pressure of the feet on the carpet activates the 
sensors and the system records the geometry and relative 
configuration of each footprint. 

C. Knowledge Discovering in Database (KDD) 

Knowledge Discovery in Database (KDD) according to 
[21] is an interactive and iterative process with several 
steps that require decisions to be made by the user. 
Reference [6] shows that the process of knowledge 
discovery in databases can be divided into three basic 
operational steps: Pre-processing, Data Mining and Post-
processing. The first step covers the preliminary steps of 
collecting or accessing the database to the organization 
and processing of the data. The second one is Data Mining 
that aims to discover patterns, which can be represented in 
different models from machine learning algorithms [22]. 
Subsequently, the third stage deals with post-processing 
and refers to evaluative activities, with the intention of 
analyzing the quality of the patterns in relation to the 
initial problem. 

II. PROPOSED METHOD 

The proposed method seeks to chain the necessary 

steps to include the CoP information in the gait analysis, 

complementing the analysis generated by the GaitRite 

system. Thus, in addition to the individualized analysis 
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based on spatial and temporal data for each patient, which 

is a characteristic of the system, the method allows inter-

individual comparison to be performed by analyzing the 

CoPs image patterns of all individuals observed together. 

According Fig.3, the proposed method has three main 

layers, such as Data Gathering & Analysis, Data 

Processing and Knowledge Discovering in Database 

(KDD). 

 

 

 
Figure 3. Proposed method improved from [13]. 

 

The initial step is the data gathering performed by a 

physician within a sequence of the clinical exams 

according five specific protocols, defined in [6,13] as:  

 

•protocol (1) - normal walking, with self-selected patient 

speed;  

•protocol (2) - slow walking, given the instruction to the 

patient / volunteer walk at the lowest speed 

without stopping;  

•protocol (3) - fast walking, orientation to walk as fast as 

possible, but without running;  

•protocol (4) - cognitive dual task walking is performed 

by counting (verbalizing) in decreasing 

order by two;  

•protocol (5) - normal gait associated with motor activity, 

carrying a glass cup filled with 2/3 of 

water. 

 

Thus, all temporal and spatial data collect by [9] from 

each one individual is stored in the system database in the 

second level. The both levels interact to store and provide 

data, as for example, to export CoP files. A specialist 

based on own experience and knowledge apply its rules 

for interpretation of information. Due the large amount of 

data, the proposed method added the KDD level in the 

methodology as a support to data analysis, whose process 

embedded two main tasks, respectively pre-processing 

and data mining. 

 

A. Pre-processing 

 

According to [6], the pre-processing is the needed step 

for the data preparation to Data Mining and includes 

abstraction, organization and treatment of the data. In our 

context, the pre-processing task is applied to reduce the 

amount of data. Thus, in this phase it investigated if the 

distance values among CoPs footprints can be a 

parameter for classification, instead use a wide amount of 

data from all CoP cartesian coordinates. 

The new calculated parameters are presented in Fig.4. 

For each footprint, there are two distinct points, which are 

respectively the heel center (HC) and the center of 

metatarsus (CM). These points were used to calculate the 

distance in the step by two ways: (i) distance between the 

HC to the center of the heel of the next foot (HC_HC); 

and (ii) distance from to the heel center of the current foot 

to center of metatarsus of the next foot (CM_HC). We 

notice that these distances are not the same (step and 

stride width) already provided by [9]. 

 

 
Figure 4. Definition of distance parameters nomenclature. 

 

B. Data Mining 

According [22-24] the data mining technique by 
Supervised Learning is the one that discovers the response 
variable based on the forecast variables. The Weka 
software [25], implements the data mining by supervised 
learning technic and it applies a classification algorithm 
for classifying records with previously defined categorical 
labels (classes) called J48 classifier. For the data mining, 
it is applied a “training data set” with well-known data 
categorization, as for example young, elderly, healthy, 
unhealthy and so on. From this data set, Weka builds a 
decision tree based on distances HC and CM. In order to 
evaluate the classifier performance, the decision tree is 
applied to a different “test dataset” with unknown 
categorization. A so called “confusion matrix” [6] shows 
the prediction and false positives to that test. Thus, data 
mining predicts the correct class of individuals conditions 
(for instance, healthy or unhealthy). 

III. EXAMPLE AND DISCUSSION 

An example to application of the method considers two 
different datasets, as: 

Training Data Set -this group contains 29 individuals, 
where it has 22 volunteers, young adults considered 
healthy (without pathology known) and the remain 7 are 
elderly patients submitted to total hip arthroplasty or to 
endoprosthesis hip surgery. All CoP data from those five 
different protocols are distributed in 282 files.  

Test Data Set - This data set contains measurements taken 
from 68 individuals, all considered healthy with distinct 
ages among young and elderly adults. In this case the data 
were collected for only the protocol (1) -"self-selected 
speed" speed by the patient himself, generating just one 
CoPs exported file per individual. 
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 In an intuitive way, one can expect that the patterns of 
the two groups may have different characteristics, since 
they deal with very different situations, because possibly 
the pattern of the unhealthy elderly and healthy adult 
pattern should be easily identified. By this example, it is 
expected that the classification after decision tree 
(quantitative analysis) corresponds to our intuitive 
analysis (qualitative analysis). Another question involved 
is also to verify the correlation between the different 
protocols. Thus, in this example it is sought to verify that 
the gait in different speeds (protocols 2 to 5) maintains the 
same pattern of the protocol 1 (self-selected speed) as 
criterion.  

The decision tree produced the confusion matrix 
presented in Table I. The quality evaluation of decision 
tree was measured by the parameters S=Sensitivity 
(Recall), P=Precision and F = F score (harmonic mean) as 
defined in [6] and [26-28]. 

Among 1027 instances of healthy people, the model made 
997 correct predictions. Also, among 497 instances of 
unhealthy people, 456 were classified correctly. In total 71 
instances were incorrectly classified compared to the 
original file to both groups, thus the overall accuracy rate 
is 95.34% according harmonic mean F-measure [26]. In 
order to evaluate the accuracy of the discovered classifier, 
a confusion matrix was constructed from the Test Data 
Set, as a different database from that used to discover the 
classifier.  

 

Table I. Confusion Matrix for the decision tree applied to 

the Training Data Set. 

 

Training Data Set 
Predicted Class Total of 

Instances 
Healthy Unhealthy 

Actual 

Class 

Healthy 997 30 1027 

Unhealthy 41 456 497 

     

S P F Accuracy Rate (%) 

0.971 0.961 0.966 95.3 

 

 The result is presented in Table II. Considering that all 
individuals were healthy-classified, among 605 instances, 
69 instances are false-positives, that is, 88.6% of accuracy 
rate in the classification. It signifies that 69 calculated 
distances are compatible with an unhealthy condition. 

 

Table II. Result of Confusion Matrix applied to the Test 

Data Set 

 
As presented in Fig.5, the individual (patient) #20 is 
healthy in its known condition, but it has one instance 

predicted as unhealthy. For sure, just one instance 
identified as false positive is not enough to qualify his 
condition as unhealthy. In addition, the individual #22 has 
five instances predicted as unhealthy, but his known 
condition was healthy. Then maybe this individual should 
be examined to observe its real condition. Thus, the 
number of instances incorrectly predicted from the initial 
condition, can define a new parameter to make decision 
about the patient condition. The improvement to 
classification in terms of individuals (Patients/Volunteers) 
is through a new parameter called threshold. It defines a 
limit value dependent of the number of false-positive 
instances for each individual. The Table III presents the 
relationship between the training and test data sets for two 
specific levels for the threshold, and their respective 
accuracy by the number of false-positives. 

 

 
Figure 5. Resulting spreadsheet after decision tree. 

 

Table III. Training and testing for different threshold. 

Group Number of 

patients 
Threshold FP 

Accuracy 

(%) 

Training 29 0.0 7 75,86 

Test 68 0.0 9 86,76 

Training 29 0.5 0 100,0 

Test 68 0.5 6 91,18 
 

Considering individuals (patients / volunteer) instead 
the instances (distances), the classification rate reaches 
100% assertiveness to the training data set and grows up 
from 88.6% to 91.1% to the testing data set for the 
threshold equal 0.5.  

According to [29-30], people who have submitted to hip 
surgery have an asymmetrical gait pattern and it have a 
shorter stride length compared to people not submitted to 
this procedure. The method is able to show the incorrectly 
classified person (false positives) presents short distances 
HC_HC and CM_HC, being compatible to a person with a 
pathological condition. 

IV. CONCLUSION 

A method for the pre-processing in KDD strategy was 
proposed based on distances among selected points in 
footprints. Those all distance values were stored in a 
training dataset with its respective known about the 
individual condition (healthy or unhealthy). After, a 
decision tree was applied inside initial dataset, and it was 

Test Data Set 
Predicted Class Total of 

Instances 
Healthy Unhealthy 

Actual 

Class 

Healthy 536 69 605 

Unhealthy - - - 

     

S P F Accuracy Rate (%) 

0.886 1.000 0.940 88.6 
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obtained an accuracy rate of 95.3% for those data. It 
significates that the decision tree was able to classify each 
instance correctly in ~95% of cases in your own dataset. 
In this test, we can infer that the patterns from different 
walking velocities are similar. 

In order to validate the decision tree, the same model 
was applied to another testing dataset. In this sense, the 
model was calibrated considering all protocols from the 
Training Data Set. After, it was applied to the dataset 
which contains just the protocol (1) – self-selected 
walking. There were 605 instances (distances calculated 
from 68 patients/volunteers), whose false-positives were 
69 instances incorrectly classified. These false-positives 
distances belong to nine distinct individuals. Those 
individuals are people with an average age about 75 years 
old. Also, only three instances were from one non-elderly 
person. In conclusion, the decision tree based on distances 
(HC and CM) found the elderly people among all set of 
data.  

The interpretation for this data is that it is possible to 
separate the elderly and young groups independent of 
healthy or unhealthy condition. This study shows a 
possible path to future researches to explore the spatial 
parameters from CoP to distinguish different diseases in 
similar groups. 
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