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Abstract—This article suggests the method to distinguish 

normal persons and a Parkinson’s disease patients by their 

sole pressure sensor data using NEWFM (Neural Network 

with Weighted Fuzzy Membership Functions). To make the 

features to be used as initial input data of NEWFM, the left 

and right sole pressure sensor data were extracted at the 1st 

step. In the 2nd step, the frequency scales of the 

characteristics extracted in the 1st step were divided into 

individual scales by the FFT (Fast Fourier Transform) using 

the Hamming method. In the final step, 1 to 15 dimensions 

were extracted as the characteristics from the values of the 

individual frequency scales produced in the 2st step by the 

PCA (Principal Component Analysis). The 75.90% in 

accuracy performance was acquired from the 8 dimensions 

with the highest performance, using them as the 

characteristics.   

 

Index Terms—Parkinson’s disease, gait, FFT, PCA, 

NEWFM 

 

I. INTRODUCTION 

Parkinson's disease, one of the representative 

degenerative brain diseases, is caused by the lack of 

dopamine, a neurotransmitter secreted from substantia 

nigra of the brain, and its clinical characteristics include 

resting tremor, rigidity, bradykinesia, postural instability, 

etc. [1]-[8]. To diagnose Parkinson's disease based on 

bradykinesia, analysis of the figure motion [4] and gate 

pattern [5]-[10] have been used. In addition, computer 

keystroke [11], speech signal processing [12], [13], and 

Handwriting [14] have been used to diagnose Parkinson's 

disease. In preprocessing method, phase space 

reconstruction [9], wavelet transform [13], and recurrence 

plot [15] have been used to diagnose Parkinson's disease 

too. 

In this article, normal persons and Parkinson’s disease 

patients were distinguished by their sole pressure sensor 

data using NEWFM [16]-[19]. To make the characteristics 

to be used as the initial input data of NEWFM, the left and 

right sole pressure sensor data were extracted at the 1
st
 step. 

In the 2
nd

 step, the frequency scales of the characteristics 
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extracted in the 1
st
 step were divided into individual scales 

by the FFT using the Hamming method. In the final step, 1 

to 15 dimensions were extracted as the characteristics from 

the values of the individual frequency scales produced in 

the 2
nd

 step by the PCA. 

In this article, 1 to 15 dimensions were used as the 

characteristics and the performance of each characteristic 

was acquired. The highest performance was acquired when 

8 dimensions among them were used as the characteristics. 

8 fuzzy membership functions were suggested for the 8 

characteristics in this article so that the characteristics 

could be interpreted [16]-[19]. 

II. EXPERIMENTAL DATA AND PREPROCESSING 

A.   Experimental Data 

In this article, normal people and Parkinson’s disease 

patients were distinguished using the experimental data 

acquired from PhysioBank. The experimental data were 

acquired from the sensors on the sole, 8 for each side, of 93 

Parkinson’s disease patients (mean age: 66.3 years; 63% 

men) and 73 normal persons (mean age: 66.3 years; 55% 

men) shown in Fig. 1. 92 experimental group data were 

acquired from 73 persons and 214 experimental group data 

were acquired from the 93 Parkinson’s disease patients. 

The experimental data of about 2 minutes was acquired in 

the individual experimental group data. The frequency of 

the acquired experimental group data was 100 Hz.  

 

Figure 1. Pressure data collected through the sensors on the sole. 
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TABLE I. EXPLANATIONS ABOUT THE MEASURED DATA 

Input Order Explanation 

The first input Time 

The second to the 

ninth inputs 

8 data collected from the sensors on the left sole 

shown in Fig. 1 

The tenth to the 

seventeenth inputs 

8 data collected from the sensors on the right 

sole shown in Fig. 1 

The eighteenth input The entire input data collected from the left sole 

The nineteenth input 
The entire input data collected from the right 

sole 

 

Table I shows that the data acquired at one time include 

total 19 inputs. This article used the sum of the 18th input 

and the 19th input for the experiment. The experimental 

group data shown in Table II was acquired from the sum of 

the 18th input and the 19th input and they consisted of 

2048 sums of the 18th input and the 19th input. For the 

experiment in this article, 420 data of the health persons 

and 974 data of the Parkinson’s disease patients were 

allotted to the training set and the test set in the ratio of 5:5, 

as shown in Table II. Fig. 2 shows the difference of sole 

pressure sensor data of normal people and Parkinson’s 

disease patients. 

TABLE II. THE EXPERIMENTAL GROUPS USED FOR THE 

IDENTIFICATION OF THE PARKINSON’S DISEASE (IN THE RATIO OF 5:5) 

Class Training Set Test Set Total Number 

Parkinson’s 

disease 
487 487 974 

Normal 210 210 420 

Total Number 697 697 1394 

 

 

 

Figure 2. Graph of pressure data collected through the sensors on the sole. 

Fig. 3 shows the big difference of sole pressure sensor 

data of normal people and Parkinson’s disease patients by 

phase space reconstruction (PSR). The sole pressure 

sensor data of normal people is closer than that of 

Parkinson’s disease patients from square point in Fig. 3. 

 

 

Figure 3. Graph of pressure data collected through the sensors on the sole 

by PSR. 

B.   Feature Selection Based on Euclid Distance 

FFT (fast Fourier transform) was made as a method for 

rapid generation DFT (discrete FT). FFT was made to 

lessen the number of calculations of DFT and it can be 

considered as a method to make DFT rapidly by removing 

the repeated calculation in the DFT equations. FFT can be 

divided into the methods that separate the time domain and 

the frequency domain where N is a number of instances. 

),( cif  is i
th

 feature with class 1 or 2. The Hamming 

method-based FFT was carried out to disassemble the 2048 

data that constitute the individual groups shown in Table II 

into 1024 frequency domains. 

N

if

N

if
iED




)2,()1,(
)(              (1) 

where N is a number of instances. ),( cif  is ith feature 

with class 1 or 2 

C.   Principal Component Analysis 

The purpose of PCA (principal component analysis) to 

explain the whole change with m principal components by 

consisting of the principal components by means of the 

first-order association of the p given (measured) 

parameters and ranking the component as the 1
st
 

component, the 2
nd

 component, …, the mth component in 

the order of how much each component contributes to the 

explanation of the entire change. In this article, 1 to 15 

156© 2020 J. Adv. Inf. Technol.

Journal of Advances in Information Technology Vol. 11, No. 3, August 2020



  

components were extracted by PCA from the 1024 

characteristics that were generated by FFT. 

D.   Overview of Classifying Normal Persons and a 

Parkinson’s Disease Patients 

Fig. 4 shows a process for classifying normal persons 

and a Parkinson’s disease patients. As shown in the 

diagram in Fig. 4, NEWFM is used to classify normal 

persons and a Parkinson’s disease patients as the classifier. 

PCA (Principal Component Analysis)

Classifier by NEWFM

FFT (fast Fourier transform) 

Euclidean distance

Foot pressure sensor data

 

Figure 4. Diagram of model proposed for classifying normal persons and 

a Parkinson’s disease patients by sole pressure sensor data. 

III. NEURAL NETWORK WITH WEIGHTED FUZZY 

MEMBERSHIP FUNCTION (NEWFM) 

NEWFM is a kind of fuzzy neural networks using the 

Bounded Sum of Weighted Fuzzy Membership functions 

(BSWFMs) [16]-[19]. Fig. 5 explains the structure of the 

NEWFM that is composed of three layers (input, hyperbox, 

and the class layer). An hth input can be used as Ih={Ah=(a1, 

a2, … , an), class}, where class is classification node and Ah 

is n features of an input. 1 to 15 dimensions extracted by 

the PCA were used as inputs in Fig. 5. 
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Figure 5. Structure of NEWFM. 
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Figure 6. Example of before and after Adjust(Bl) operation. 

The Adjust(Bl) operation adjusted the weights and the 

center of membership functions in Fig. 6. W1, W2, and W3 

are moved up or down, v1 and v2 are moved up to ai, and v3 

stays in the same position [17]. After finishing Adjust(Bl), 

each of all fuzzy sets in hyperbox node Bl in Fig. 5 contains 

three Weighted Fuzzy Membership functions (WFMs). The 

WFM means grey membership functions in Fig. 7. The 

bounded sum of WFMs (BSWFM) in the ith fuzzy set 

of )(xBi

l
 denoted as )(xi

b  defined by: 
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Figure 7. Example of the 3 BSWFMs. 

The BSWFM means bold line in Fig. 7. The two 

BSWFMs graphically show the difference between a 

normal person and Parkinson’s disease patient for each 

input feature. 
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IV. EXPERIMENTAL RESULTS 

This article carried out the Hamming method-based FFT 

to extract 1024 characteristics for each frequency domain 

from the 2048 initial sole pressure sensor data. From the 

1024 extracted characteristics, 1 to 15 characteristics were 

extracted by PCA. The 1 to 15 characteristics were used as 

the input data to distinguish Parkinson’s disease patients 

from normal persons.  

Fig. 8 shows the examples of fuzzy membership 

functions on the 15 dimensions among the 1 to 15 

dimensions produced by PCA. These describes the 

BSWFM in [16]. The difference in the sole pressure sensor 

data of the normal persons and the Parkinson’s disease 

patients could be visualized and analyzed accordingly. 

This article compared performance of NEWFM with 

that of  Backpropagation (BP), Support Vector Machine 

(SVM), and Multilayer Perception (MP). In Equation (1), 

TP (True Positive) means the cases where the sole pressure 

of the Parkinson’s disease patient was identified as that of 

the Parkinson’s disease patient and TN means the cases 

where the sole pressure of the normal person is identified 

as that of the normal person. On the contrary, FP (False 

Positive) means the cases where the sole pressure of the 

Parkinson’s disease patient was identified as that of the 

normal person and FN (False Negative) means the cases 

where the sole pressure of the normal person as that of the 

Parkinson’s disease patient. Table III, Table IV, Table V, 

and Table VI show the performance results, and Table VII, 

Table VIII, Table IX, and Table X show the accuracy, 

specificity and sensitivity defined in Equation (3). 

100
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
FNTP
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ySensitivit  

100

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TN
ySpecificit                      (3) 

100





FPTNFNTP

TNTP
Accuracy

 
 

    
(a)            (b)              (c)            (d) 

 

    
(e)             (f)            (g)            (h) 

 

    
(i)             (j)              (k)           (l) 

 

   
(m)            (n)            (o) 

Figure 8. Examples of the BSWFM of the 15 features. 
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TABLE III. PERFORMANCE RESULTS WITH BP 

The sole pressure of 

the Parkinson’s 

disease patient 

TP FN 

364 123 

The sole pressure of 

the normal person 

FP TN 

95 115 

TABLE IV. PERFORMANCE RESULTS WITH SVM 

The sole pressure of 

the Parkinson’s 

disease patient 

TP FN 

332 155 

The sole pressure of 

the normal person 

FP TN 

100 110 

TABLE V. PERFORMANCE RESULTS WITH MP 

The sole pressure of 

the Parkinson’s 

disease patient 

TP FN 

307 180 

The sole pressure of 

the normal person 

FP TN 

76 134 

TABLE VI. PERFORMANCE RESULTS WITH NEWFM 

The sole pressure of 

the Parkinson’s 

disease patient 

TP FN 

416 71 

The sole pressure of 

the normal person 

FP TN 

97 113 

TABLE VII. PERFORMANCE RESULTS WITH BP 

Epochs 
Number of 

Hidden Nodes 
Accuracy Specificity Sensitivity 

5000 

4 63.99 62.86 64.48 

6 64.85 61.90 66.12 

8 66.66 57.62 70.43 

10 66.28 58.57 69.61 

10000 

4 65.14 55.24 69.40 

6 68.58 58.57 72.90 

8 68.72 54.76 74.74 

10 66.71 50.48 73.72 

15000 

4 66.28 53.33 71.87 

6 68.58 59.05 72.69 

8 66.14 51.90 72.28 

10 66.57 48.57 74.33 

20000 

4 66.68 54.33 71.89 

6 68.88 59.55 72.79 

8 66.54 52.10 72.38 

10 66.67 48.67 74.23 

(Learning rate: 0.01, momentum: 0.7) 

TABLE VIII.  PERFORMANCE RESULTS WITH SVM 

 Accuracy Specificity Sensitivity 

Performance (%) 63.41 41.5 76.85 

(Step size: 0.01, output layer: 2, threshold: 0.1) 

TABLE IX. PERFORMANCE RESULTS WITH MP 

 Accuracy Specificity Sensitivity 

Performance (%) 63.27 42.68 80.16 

(Hidden layers: 3, momentum: 0.7) 

TABLEX. PERFORMANCE RESULTS WITH NEWFM 

 Accuracy Specificity Sensitivity 

Performance (%) 75.90 61.41 81.09 

V. CONCLUDING REMARKS 

In this article, the Hamming method-based FFT was 

carried out with the sole pressure sensor data of normal 

persons and Parkinson’s disease patients to extract 1024 

characteristics for each frequency domain. The generated 

1024 characteristics were reduced to 8 dimensions by 

means of PCA and they were used as the input data for 

NEWFM. The method proposed in this article can 

distinguish normal persons and Parkinson’s disease 

patients using their sole pressure sensor data in real-time. 

NEWFM shows the characteristics of 8 features with the 

fuzzy membership functions by deriving their BSWFMs. 

The accuracy of 75.90% was acquired from the 8 

dimensions with the highest performance, using their 

BSWFMs as the characteristics. 
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