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Abstract 

Parkinson's Disease (PD) cannot be diagnosed by a medical 

image when the initial symptoms appear because brain scans 

technology using computed tomography and magnetic 

resonance imaging for PD symptoms looks normal. Therefore, 

it is needed an analytical method that can be used for early PD 

diagnostics even though people with PD still looks normal. 

Patients with PD not only have symptoms of shakiness and 

stiffness but also have movement disorder and loss of balance. 

Thus, this research is done by classifying the record of signals 

which generated by the vertical ground reaction force (VGRF) 

sensor from the Physiobank database. The VGRF sensor totals 

16 sensors mounted on the feet during walking in order to 

diagnose PD through a gait analysis by combining the wavelet 

packet coefficients of the VGRF signal decomposition results 

and classified using the support vector machine (SVM). This 

study shows that the wavelet packet coefficient is a good 

feature for representing VGRF signals. The SVM on 140 

training vectors and 139 testing vectors achieves classification 

accuracy of 83,45% with 141,22 seconds on central processing 

unit (CPU) time, then this method can be considered for the 

gait analysis based on VGRF signal recording. 

Keywords: Parkinson's Disease; VGRF; Wavelet; SVM; Gait 

Analysis. 

 

INTRODUCTION 

There have been many studies conducted as an attempt to cure 

Parkinson's disease by using advanced technology in the field 

of biomedical sciences at this time. So far, medicines and 

therapies have been used to treat symptoms of Parkinson's 

disease so as not to develop quickly and disrupt the daily 

activities of the sufferers [1, 2]. However, people with 

Parkinson's disease still cannot be cured with specific. 

Therefore, prevention by early diagnosis of Parkinson's 

symptoms is strongly recommended by neuroscientists in 

whom collaboration from various fields of science will be 

needed for more effective research [2]. 

In this study, we diagnosed Parkinson's disease by analyzing 

walking patterns that could indicate the source of the disease 

problem: muscle, nerve, or bone [3,4,5]. The diagnosis of the 

disease was analyzed using a VGRF record received through 

16 sensors mounted on the right foot and left foot of the study 

object. VGRF sensors record the pressure (in Newton) legs 

when walking [1].  

The analysis was performed on a VGRF record in the form of a 

signal in which the record data source came from the 

Physiobank database. These VGRF recordings may contain 

important clues about the nature of the illness experienced by 

PD patients. The VGRF signal recording is a non-stationary 

signal, so health status appears irregularly on a time scale. If 

the analysis is not done at the appropriate time interval there is 

the possibility of the researcher losing important information. 

Ccomputations analysis and disease classification can help in 

diagnosing this disease.  

The result of characteristic extraction from measurement of 

data tape that has been through the preprocessing process in the 

form of wavelet shrinkage denoising is called as feature vector, 

which can be used to describe the morphology of the recording 

of processed signal. The module of feature selection is an 

optional stage, in which the feature vector reduces the size of 

the data and can be considered as a necessary feature as a 

separator from a classification point of view. The classification 

module is the final stage in automatic diagnosis. This module 

tests the characteristic vector input and based on the 

algorithmic provision produces a suggestive hypothesis [6-8].  

Wavelet packet decomposition (WPD) is applied to 

characteristic extraction of discrete time signals. The proposed 

scheme is sub band coding or multiresolution signal analysis 

[8,9]. The multiresolution feature of WPD allows 

decomposition of signals into scales, each scale representing a 

certain roughness of the studied signal. WPD presents a 

common technique that can be applied to many cases in signal 

processing. One important application is the ability to compute 

and manipulate data in compressed parameters called attributes 

[10-13]. Then the VGRF signal containing many data points 

can be compressed into several parameters. This parameter 

characterizes the habits of the VGRF signal. The characteristic 

of using a small number of parameters to represent the VGRF 

signal is important for recognition and diagnostic purposes [14-

16].  

There are several methods to show the pattern as a 

characteristic grouping. Selection of appropriate methods for 

assigning pattern analysis tasks is rare. At each level (feature 

extraction, feature selection, classification) many methods can 

be used [6,7]. In order to distinguish the normal VGRF signals 

and Parkinson's obtained from the Physiobank database, SVM 

based on feature vectors that have been through the 

preprocessing stage of the wavelet shrinkage denoising and the 

feature extraction stage i.e. wavelet packet decomposition is 

applied. A significant contribution of this study was used to test 

the classification of VGRF signals. WPD is able to extract and 

localize a specific transient pattern of signals to make the signal 

the correct input in the SVM classification. Each section 

learned from the processed signal using the decomposition of 

the wavelet package into the multi-level low- and high-pass 

subband will be input into SVM for training and testing 
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purposes. High accuracy is obtained by using LSSVM with 

polynomial kernels trained on wavelet packet coefficients. This 

study was conducted to open the chance of healing Parkinson's 

with an accuracy of 83.45% with central processing time unit 

(CPU) for 141.33 seconds so that this method can be 

considered and prevent the development of symptoms of this 

disease early. 

 

NON SPECTRAL ANALYSIS 

Non-stationary signals are analyzed using WPD where WPD 

localizes time and frequency well. The main advantage of 

WPD is to have multiple window sizes, spread over low 

frequencies and high frequencies, which then leads to an 

optimal time-frequency resolution in all frequency sizes.  

Appropriate wavelet selection and number of decomposition 

levels are important in signal analysis using WPD. Levels are 

selected based on simulation results that have the best 

performance and efficiency so that signal sections correlated 

with the frequency required for signal classification are 

maintained in the packet wavelet coefficient. In this study, the 

number of selected decomposition levels was 4 the same as 

determined in the studies [8] and [16]. The general structure of 

evaluation scenarios can be seen in Figure 1. Thus, the VGRF 

signal is decomposed into 16 subbands. The experiments were 

performed using various types of wavelets and one of the 

wavelet types that provided maximum efficiency was selected 

to be applied to VGRF signals.  

Mother wavelet on the wavelet shrinkage denoising process 

that is more suitable for VGRF signal is Daubechies order 1 

(db1). While denoising parameters such as TPTR (vector 

characters containing threshold selection rules), SORH (soft or 

hard threshold in input vectors) and SCAL (multiplyative 

threshold rescaling) suitable for use in the preprocessing 

process are Stein's Unbiased Risk Estimation (SURE), soft 

thresholding   and   'mln'   (rescalling  uses  a   level-dependent 

estimate of the noise level). Based on the parameters suitable to 

be used can be concluded that the VGRF signal has a detail on 

the signal that the roar. The plot of normal and Parkinsonian 

signals that have not been and have been through the wavelet 

denoising are shown in Figure 2.  

 

Figure 1. General structure of evaluation scenarios 

 

In the feature extraction process, the appropriate mother 

wavelet for use on the VGRF signal is Daubechies order 1 

(db1). Thus, the packet wavelet coefficient was calculated 

using the mother wavelet in this study. To examine the effects 

of other wavelets in classification accuracy, testing was 

performed using other wavelets as well. 

 

 

         (a) 

 

         (b) 

 

         (c) 

 

         (d) 

Figure 2. VGRF signal plot: (a) normal signal, (b) 

Parkinson's signal, (c) normal signal through wavelet 

denoising, (d) Parkinson's signal through wavelet denoising 
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Table 1. Total Accuracy of SVM Classification on Each 

Wavelet of VGRF Signal 

Mother Wavelet 

Type 

Total 

Classification 

Accuracy (%) 

Iteration 
CPU Time 

(Second) 

Daubechies orde1 

(db1) 
83,45 7977 141,33 

Daubechies orde2 

(db2) 
80,57 1897 34,31 

 

 

In addition to the corresponding mother wavelet, Daubechies 

order 2 (db2) was also investigated. The total classification 

accuracy gained by each wavelet when the VGRF signal is 

classified using SVM is shown in Table 1 where it is proven 

that the first order Daubechies order 1 db1 (db1) wavelet is 

better and more efficiently applied to VGRF signals than other 

mother wavelets. While the characteristic extraction of the 

recording samples in each class of VGRF signal based on 

discrete wavelet coefficients calculated on each subband is 

presented in Table 2.  

 

Table 2. Example of Feature Extraction of VGRF Signal Recording in Each Class 

VGRF 

Signal 

Feature 

Extraction 

WPD Coefficient 

[4,0] [4,1] [4,2] [4,3] [4,4] [4,5] [4,6] [4,7] 

Normal 

Maximum 4491,12 1266,12 539 678,83 252,56 294,11 194,59 255,17 

Average 2167,97 -5,95 -3,84 2,23 -1,47 0,55 -0,05 -0.88 

Minimum 0 -1545,47 -744,53 -599,94 -332,5 -261,36 -196,79 -187,82 

Standard 

Deviation 
1751,32 446,09 221,33 161,22 108,77 73,74 40,08 48,81 

    [4,8] [4,9] [4,10] [4,11] [4,12] [4,13] [4,14] [4,15] 

  

Maximum 128,15 147,86 106,86 131,175 76,23 73,09 102,1 82,39 

Average -0,52 0,23 0,07 -0,13 0,06 -0,43 0,46 0,15 

Minimum -174,76 -142,86 -105,82 -96,99 -55,96 -76,23 -84,75 -102,1 

Standard 

Deviation 
53,54 35,65 18,83 23,44 11,58 12,64 13,3 13,74 

    [4,0] [4,1] [4,2] [4,3] [4,4] [4,5] [4,6] [4,7] 

Parkinson 

Maximum 3032,04 544,61 253,33 175,86 122,54 76,94 65,28 62,17 

Average 1416,5 4,9 1,36 -0,74 0,9 -0,23 -0,06 -0,44 

Minimum 0 -591,36 -270,68 -174,4 -110,68 -75,79 -47,96 -52,85 

Standard 

Deviation 
1071,88 173,23 85,93 41,71 41 19,22 12,39 11,59 

    [4,8] [4,9] [4,10] [4,11] [4,12] [4,13] [4,14] [4,15] 

  

Maximum 58,02 38,19 34,26 25,08 28,54 18,89 27,39 27,39 

Average 0,47 -0,11 -0,008 -0,26 0,001 -0,12 0,03 0,02 

Minimum -55,3 -36,19 -21,83 -23,54 -27,39 -27,39 -19,85 -25,16 

Standard 

Deviation 
19,55 9,29 5,59 5,46 3,31 3,58 4,28 3,81 
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Statistical features are used as feature vectors. For example in 

the Normal1.txt database there are 12119 vectors through the 

preprocessing process and WPD level 4 so that the vector 

becomes 24238, where the wavelet coefficients are 1515 

coefficients to be calculated statistically. The statistical feature 

below is used to represent the time-frequency distribution of 

the VGRF signal: the maximum value of the wavelet 

coefficients per subband, the average of the wavelet 

coefficients per subband, the minimum value of the wavelet 

coefficients per subband and the standard deviation of the 

wavelet coefficients per subband. These statistical features are 

formulated as follows: 

Average :  

     (2.1) 

Standard deviation :  

  (2.2) 

Maksimum value:  

     (2.3) 

Minimum value: 

     (2.4) 

where  is the average value of the wavelet coefficient,  is 

vector of wavelet coefficients and   is number of elements in 

the sample. 

 

SVM CLASSIFICATION 

Adequate function of artificial neural networks depends on the 

size of the training set and the test set. Various experiments 

were conducted to determine the size of the training set and test 

set of VGRF signals. The total classification accuracy obtained 

from  this experiment  is presented in Table 3. The training and 

test set were composed by 279 vectors (86 vectors belonging to 

86  normal signal  recordings and 193  vectors belonging to the 

Table 3. Total Classification Accuracy 

CV Number of 

Training 

Vectors 

Number of 

Test Vectors 

Total 

Classification 

Accuracy (%) 

0,10 252 27 100,00 

0,20 224 55 92,72 

0,30 196 83 87,80 

0,40 168 111 85,58 

0,50 140 139 83,45 

0,60 112 167 80,72 

0,70 84 195 78,46 

0,80 56 223 77,02 

0,90 28 251 75,20 

 

recording of the Parkinson's signal) in 64 dimensions 

(dimensions of the feature extraction vector). All these 

dimensional vectors are used to define the extraction features of 

VGRF signals. 

To determine the performance of SVM used for classification 

of VGRF signals, specificity, sensitivity, total classification 

accuracy and time of central processing unit (CPU) are 

presented in Table 4. The best method of training based on the 

research that has been done is the least squares SVM 

(LSSVM). While between the linear kernel function, radial 

base function (RBF), quadratic, polynomial and multilayer 

perceptron (MLP), the appropriate kernel function used in the 

VGRF signal is the Polynomial kernel, as shown in Table 4. 

 

Table 4. The Value of Statistical Parameters and CPU Time of SVM Classification Training  Based on Different Methods and 

Kernels 

Method Kernel Statistical Parameter  Iteration CPU time (second) 

Sensitivity (%) Spesificity (%) Total classification accuracy(%) 

SMO Linear 62,79 69,79 78,41 86 58,43 

RBF 0,00 100,00 69,06 3 0,98 

Quadratic 58,13 62,50 73,38 152 29,84 

Polynomial 48,83 87,50 77,69 25 2,13 

MLP 69,76 64,58 66,18 18700 863,99 

LS Linear 79,06 83,33 82,01 6432 108,41 

RBF 0,00 100,00 69,06 3 0,78 

Quadratic 62,79 82,29 76,25 9591 154,99 

Polynomial 69,76 89,58 83,45 7977 141,33 

MLP 53,48 78,12 70,50 429 6,75 

QP Linear 72,09 88,54 83,45 7977 3637e+03 

RBF 0,00 100,00 69,06 1 1,36 

Quadratic 53,48 87,50 76,97 16934 78770 e+03 

Polynomial 72,09 91,66 85,61 7977 39645 e+03 

MLP - - - - - 
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Based on the results of this study it is emphasized that the 

method of prepocessing and characteristic extraction is 

important in developing a diagnostic system because at this 

stage it can change the accuracy of classification. This study is 

in accordance with the studies [8] and [14-16] demonstrating 

wavelet-based analyzes and proving that this analysis provides 

good results. The use of rigrsure parameters on TPTR based on 

the best performance results of wavelet shrinkage denoising 

proves that the detail coefficient of VGRF signal resides on the 

signal portion that has noise.  

During the SVM training, many calculation efforts were used 

in solving SVM problems to find support vectors. SVM maps 

the feature to a higher dimension space and then uses the 

optimal hyperplane in the mapping space. This implies that 

although the original trait carries information adequate for good 

classification, the mapping of the higher-dimensional spaces 

has the potential to provide discriminatory clues that are not 

presented in the original feature space and require longer CPU 

time. The classification accuracy based on the statistical feature 

vector of SVM provides insight into the features used to define 

the VGRF signal. The conclusion of this study proves that the 

vector statistical feature of wavelet coefficients is a good 

feature for representing VGRF signals and with the use of this 

trait good special properties among classes can be obtained and 

reduce CPU time significantly.  

The selection of proper kernel functions is obtained through a 

trial-and-error process. The researcher was unable to find out 

the proper kernel function and SVM performance until the 

researchers tried and tested it with the analyzed data. For 

LSSVM training on recording VGRF signals with Polynomial 

kernel functions based on WT decomposition statistics on each 

subband previously wiped out through wavelet shrinkage 

denoising yields the best total classification accuracy and has 

the fastest central processing unit (CPU) time. 

 

CONCLUSION 

Based on this research that has been conducted to investigate 

the performance and efficiency of SVM trained in wavelet 

coefficients in the current pattern classification based on the 

VGRF signal used to diagnose early Parkinson's disease, it can 

be concluded that stein's unbiased risk estimation (SURE) 

wavelets Daubechies 1 is an excellent technique for use in 

denoising techniques. The use of SURE as the best TPTR 

parameter proves that the detail coefficient of VGRF signal 

resides on the signal portion that has noise. Based on 

experiments conducted from various cases it was determined 

that wavelets with four levels of decomposition and mother 

wavelet Daubechies 1 for feature extraction are appropriate to 

use. The vector of statistical features taken is the maximum 

value of the wavelet coefficients per subband, the average of 

the wavelet coefficients per subband, the minimum value of 

the wavelet coefficients per subband and the standard 

deviation of the wavelet coefficients per subband can represent 

the VGRF signal well. The least squares support vector 

machine (LSSVM) classification method has total 

classification accuracy of 83.45% with CPU time of 141.33 

sec so this method can be considered for use as a diagnosis 

algorithm of Parkinson's disease based on signal recording 

generated from VGRF sensors. LSSVM with Polynomial 

kernel can be used for classification of VGRF signals for PD 

diagnosis taking into account CPU time. Classification using 

the kernel has a sensitivity level of 89.58%, specificity of 

69.76% and total classification accuracy of 83.45%. 
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