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Parkinson's disease (PD) is a neurodegenerative disease that occurs due to loss of 
dopamine, a neurotransmitter and slow destruction of neurons. Brain area affected by 
progressive destruction of neurons is responsible for controlling movements, rigid 
gestures of patients with PD, uncontrollable position, postural instability, and tremor. 
Commercial activity-promoting gaming systems such as the Nintendo Wii™ and Xbox 
Kinect™ can be used as tools for tremor, gait or other biomedical signals acquisitions, 
also to aid and in rehabilitation in clinical settings. This paper emphasizes the 
importance of using intelligent optical sensors or accelerometers in biomedical signal 
acquisition, and the specific dynamics of nonlinear parameters in parkinsonian gait and 
tremor analysis.  

1. INTRODUCTION 

There is insufficient data in the literature that describes the methodology of 
obtaining new meta-knowledge specific to nonlinear dynamic processes, such as 
biomedical signals (tremor and gait).  Success in knowledge discovery depends on 
its ability to analyze various classes of specific data and apply appropriate methods 
to extract main features. This paper analysis the processing of biomedical signals 
(tremor, gait) acquired through modern methods (using sensors Wii™ and 
Xbox™), processing them and finding data and knowledge that can be used and 
included in new rules for the quantity and performance medical diagnosis. 
Information on biomedical signals are available in the form of time series that can 
be analyzed with chaotic dynamics specific parameters (Lyapunov exponents, 
fractal dimension of attractor dynamics generated in phase space). The data 
obtained from nonlinear analysis were classified by specific data mining 
algorithms, thus obtaining two separate classes: "normal" and "Parkinsonian". 

In Europe, there were reported about 1.2 million Parkinson patients, a 
number predicted to more than double by 2030, as populations age [1]. In Romania 
there are over 72.000 PD patients and the lack of a good clinical test (inexistence of 
biomarkers for PD diagnosis) combined with the patient's reticence to attend a 
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physician determines late correct diagnosis [2]. “Tremor is the first symptom that 
people with Parkinson’s disease notice. The typical Parkinson’s gait develops over 
time as a result of the features of Parkinson’s disease such as bradykinesia 
(slowness of movement and difficulty with walking or gait disturbance), postural 
instability (balance), and rigidity (increased tone)” [3]. 

The aim of this paper is to find an instrument for PD screening, using gait 
and tremor signals. Nowadays, there are insufficient evidences in the literature 
about the application of dynamical time series analysis for tremor evaluation on 
one hand and evaluation of the changes in brain rhythms in connection with the 
body movement impairment on the other hand [4, 5]. This vital information may be 
combined with the meta-knowledge system designed for archiving clinical and 
physiological inductions and other information about tremor and the prescribed 
trajectory of hand (or leg) movement to be used for Parkinson's disease screening 
[6]. Our contribution, therefore, has major impact as currently there is no clinically 
approved automatic system for monitoring Parkinson’s disease patients [7]. 
Though a method to assess and predict PD, based on the automatic processing of 
the image of the handwritten text belonging to a candidate of PD was proposed [8], 
in fact “there is still no reliable screening test to Parkinson’s disease early 
identification” [9], and this is a major roadblock to our study design. 

2. GAIT AND TREMOR – DATABASE STRUCTURE 

In a recent research conducted by the authors of this paper (a preliminary 
version of this paper has presented by the authors at SNET 2012 [7]), the 
physiological information and the time series parameters measured from gait and 
tremor have been combined in developing an automatic diagnostic system for 
Parkinson’s disease monitoring. Our database contains gait and tremor measures 
from 32 patients with PD (from Suceava Hospital, Neurology Clinic), 58 healthy 
subjects and 14 “suspicious” PD subjects. Young adults (n = 42; ages: 20–35 yrs, 
28 males and 14 females) and older adults (n = 62; ages: 65–87 yrs, 41 males and 
21 females) participated in this study. 

In Fig. 1 we described the “i-Parkin Screening System”. Our Screening 
System (i-Parkin Screening System) consists of four components: the first 
component records the skeletal information, gait parameters and tremor 
information using Kinect™ and Wii Remote™. This information is then analyzed 
using linear dynamics, nonlinear dynamics and statistical tools – the second 
component; and the third and fourth steps consist in feature extraction and 
classification. For the last stage of our research, we used K-means – one of the 
simplest unsupervised learning algorithms to identify a “normal” or a 
“Parkinsonian” subject (Fig. 1). 
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Fig. 1 – The workflow of this research and i-Parkin Screening System blocks. 

Human gait has been shown to be an important indicator of health, and is 
applicable in a wide range of settings, such as diabetes [10], neurological diseases 
[11–12], and fall detection and prediction [13–14]. Accurate, non-intrusive, low 
cost clinical gait analysis systems have many applications in diagnosis, monitoring, 
treatment and rehabilitation [15–17]. Such applications include early diagnosis and 
assessment [11–16]. Stone and Skubic [17–19] were the first to propose the use of 
Kinect™ for clinical gait analysis. The gait database includes the vertical ground 
reaction force records of subjects as they walked at their usual pace. Also, we 
studied the stride-to-stride dynamics, the variability of these time series and 
nonlinear dynamic parameters, using the methodologies described in [17–19]. 
Grasp, move, and release trajectory is another gait signal to be processed. The 
dynamics of the gait movement will be estimated using the trends in chaos 
measurement and included for further analysis and data fusion. A graphical user 
interface (GUI) has been designed using Microsoft Visual Studio 2010, as shown 
below in Fig. 2. 

 

Fig. 2 – Interactive GUI using Kinect™ (gait application). 



4 Acquisition and processing data for Parkinson’s disease 327 
 

 

We computed the average difference standard deviation of stride length, time, 
and velocity for each walking sequences (the results are shown in Table 1).  

Table 1  

Stride-to-Stride Standard Deviation with Kinect™ 

Stride-to-Stride Standard Deviation of Stride Length  
with Kinect™ (for 40 subjects) 

Normal  
gait 

Parkinsonian 
gait 

Standard Deviation (cm) 2.54 1.26 
Mean Difference (cm) 2.82 0.53 

 
The tremor data used in this paper are recorded using a box including 

accelerometers (such as those in a Wii™), pressure sensors, and inevitably a 
microcontroller which runs the data acquisition, analogue to digital conversion, and 
transmits the data through a Bluetooth™ wireless communication system. This 
postural tremor cannot be differentiated on clinical features (frequency, amplitude).  

The Wii™ Remote known as the Wiimote™ is the primary controller for 
Nintendo’s Wii™ console [20]. A main feature of the Wii™ Remote is its motion 
sensing capability, which allows the user to interact with and manipulate items on 
screen via gesture recognition and pointing through the use of accelerometer and 
optical sensor technology [21–23]. The device records both acceleration induced 
by hand movement and by the gravitational force. If the controller is rotated, the 
gravity accelerometer affects the values on the x, y, and z axes. The Wii™ Remote 
and PC are connected by Bluetooth™ – Human Interface Device Profile. The 
tremor analysis program was developed using Visual C 2010 Professional (Fig. 3). 
The acceleration sampling period was set at 10 ms in the Nintendo device. 

 

Fig. 3 – Interactive GUI using Wii™ Remote (tremor application). 
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The accelerometer built into Wii™ Remote (Nintendo) measures 
gravitational and non-gravitational acceleration and the results of this paper suggest 
that Nintendo will be useful for measurement and analysis of tremor using the 
methodologies described in [21–23]. 

3. DATA PROCESSING – LINEAR AND NONLINEAR ANALYSIS 

Linear analysis of the signal mainly uses Fourier analysis and reporting made 
comparison of the amplitude frequency bands. Based on the Fourier spectrum in 
the range of 0–25 Hz and amplitude-time representation, a number of parameters 
are used to characterize the tremor signal. For each time series (2131 samples) of 
analysis we choose the following parameters: the autocorrelation function – ACF 
(Correlation length = 524), power spectrum – FFT (60 dB resolution), deviation, 
fast mutual information, conditional entropy. We computed the average difference 
standard deviation of stride length (Table 1), time, and velocity for each walking 
sequences. Filtering a time series may be thought of as removing some components 
of its Fourier transform and then taking the inverse Fourier transform to get a new 
time series that is a filtered version of the original. 

Aside from amplitude, the most often used measure of tremor is frequency. 
Many reports suggest that Parkinsonian tremor is typically in the range of 4–6 Hz, 
and the essential tremor is in the range of 4–12 Hz. There is evidence that 
physiological tremor is a linear stochastic process and it has been suggested that 
pathological tremor are more nonlinear and possibly more deterministic [7]. For the 
nonlinear analysis of tremor signals, we used several software packages such as 
CDA (Chaos Data Analyzer Programs), NLyzer (Nonlinear Analysis in Real 
Time), and TISEAN (Nonlinear Time Series Analysis) [24–26]. With this software 
solution the phase diagram, the probability distribution, the tremor signal power 
spectrum, the dominant frequencies, the maximal Lyapunov exponent, the 
correlation dimension, the capacity dimension, the correlation function and the 
Poincaré sections can be analyzed. 

A very first phase of non-linear analysis is to draw the phase diagram. This 
represents the signal derivative against the signal itself. If the signal is periodical, 
the phase diagram is a closed curve. If the signal is chaotic, the diagram is a closed 
curve called “strange attractor” [27]. The positive Lyapunov exponent is the main 
chaotic dynamic indicator [28].  

We also used NLyzer, Nonlinear Analysis in Real Time software solution as 
well (Fig. 4), for identifying the nonlinear specific elements. There were obtained 
various values for the fractal dimension and various shapes for the autocorrelation 
function or attractors. The Lyapunov exponent value varies between 0.08 and 0.7 
(normal tremor) and for the Parkinson’s disease patients (Parkinsonian tremor) it 
varies between 0.02 and 0.06.  
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Fig. 4 – The nonlinear analysis for a PD gait time series: a) fast mutual information;  

b) the correlation dimension; c) the normalized gait time series; d) the capacity dimension;  
e) the gait time series; f) and the time series “strange".  

The program calculates embedding/correlation dimensions between 1 and 10, 
and a dimension greater than about five implies essentially random data (Fig. 4b). 
The mean of frequency X(t) is plotted as a function of time (second) on the 
horizontal axis (Fig. 4c). The capacity dimension is calculated by successively 
dividing the phase space with embedding dimension into equal hypercube and 
plotting the log of fraction of hypercube that are occupied with data points versus 
the log of the normalized linear dimension of the hypercube (Fig. 4d). The 
frequency is plotted as a function of time (second) on the horizontal axis (Fig. 4e) 
and the two-dimensional plot in which the derivative X’ is plotted versus X at each 
data point (Fig. 4f). As it can be seen in Fig. 5a–c, the studied parameters have 
different evolutions for Parkinson’s disease tremor; moreover, significant 
differences appear between the “normal” (N), respectively, “Parkinsonian” (P) or 
“suspicious” PD (S).  

 
Fig. 5 – Graphical values representations for: a) Lyapunov exponent; b) fractal dimension;  

c) correlation dimension for “normal” (N), “Parkinsonian” (P), “suspicious” (S). 
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We observed that the fractal dimension allows us to recognize with good 
accuracy the “normal” tremor class [26]. Analyzing the data, we observed that the 
fractal dimension allows us to recognize with good accuracy the “suspicious” 
tremor classes. Using the other parameters/rules, the classification becomes more 
accurate. 

Based on the information in Fig. 4a-f and Fig. 5a-c we may conclude:  
I – using the values of the Lyapunov exponent, we may distinguish “normal” class 
from all the other classes (“suspicious” or “Parkinsonian”), in this case the values 
of Lyapunov exponent are between 0.02 and 0.14 (1); II – using the values of the 
fractal dimension, we observe that in case of “normal” class there are important 
differences relative to other classes (for “normal” class, values between 3.2 and 
3.8); III – using the correlation dimension, we notice that for “Parkinsonian” class, 
its values are between 3.1 and 3.7, and for “normal” class the correlation dimension 
can reach a value of 4.5 (this value does not exist for any other class); IV – to 
establish a set of rules for the analyzed classes (“normal” / “suspicious” / 
“Parkinsonian”), we cannot use the correlation dimension; its values are not 
specific (4). 

4. DATA MINING – CLUSTER ANALYSIS  

For this phase of the work we used K-means algorithm using STATISTICA 
[29]. Given a data set of n objects, and K = the number of clusters to form, a 
partitioning algorithm organizes the objects into K partitions, where each partition 
represents a cluster. We adopt one of a popular heuristic method: the K-means 
algorithm, where each cluster is represented by the mean value of the objects in the 
cluster. If the components of the data instance vectors are all in the same physical 
units then it is possible that the simple Euclidean distance metric is sufficient to 
successfully group similar data instances. However, even in this case the Euclidean 
distance can sometimes be misleading. The main idea is to define K centroids, one 
for each cluster. 

This algorithm aims at minimizing an objective function, in this case a 
squared error function. The K-means algorithm is composed of the following steps: 
1 – place K points into the space represented by the objects that are being 
clustered; these points represent initial group centroids ; 2 – assign each object to 
the group that has the closest centroid; when all objects have been assigned, 
recalculate the positions of the K centroids; 4 – repeat Steps 2 and 3 until the 
centroids no longer move; this produces a separation of the objects into groups 
from which the metric to be minimized can be calculated. Although it can be 
proved that the procedure will always terminate, the K-means algorithm does not 
necessarily find the most optimal configuration, corresponding to the global 
objective function minimum. The algorithm is also significantly sensitive to the 



8 Acquisition and processing data for Parkinson’s disease 331 
 

 

initial randomly selected cluster centers. The K-means algorithm can be run 
multiple times to reduce this effect. After statistical analysis of data, we obtained a 
description of prototypes for each class. 

We notice that between the Parkinson’s disease tremor and the “suspicious” 
tremor there are visible similarities up to the time scale (Fig. 6). We also used 
Weka tools for data preprocessing, using data classification, regression, association 
rules, and visualization [7]. The result using K-means algorithm shows that the 
Parkinson’s disease tremor can detect with accuracy up to 98.25%. Test case 
results also show an error percentage of around ± 0.26% and ± 0.48% for “normal” 
and “suspicious” tremor detection. 

 
Fig. 6 – Parkinson’s disease tremor vs. “suspicious” tremor – statistical analysis.  

Confident Interval (Conf. Int.) is 0.95. 

5. CONCLUSIONS 

Because Parkinsonian tremor or gait are still quasi-unknown issues we argue 
that nonlinear dynamic parameters of Parkinsonian gait and tremor have certain 
peculiarities and can be used in knowledge-discovery [26]. These data and new 
knowledge will be integrated in a Knowledge-based System aimed at screening 
Parkinson’s disease. Finally, the dynamics of the gait movement or tremor will be 
estimated using the trends in chaos measurement and included for further analysis. 
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Knowledge was extracted from data analysis algorithms and specific methods of 
nonlinear dynamics (Lyapunov exponents, correlation dimension, size, capacity). 

The data used in this study are recorded by means of a box including 
accelerometers (such as those in a Wii™ console), pressure sensors, and a 
microcontroller which runs the data acquisition, analog to digital conversion, and 
transmits the data through a Bluetooth wireless communication system. 
Alternatively, telemonitoring systems based on wearable area sensors may be used 
for permanent surveillance of Parkinsonians [30]. Nonlinear parameters can 
provide essential information in the differential diagnosis, in comparison with 
classical linear parameters [31]. Our system is based on the Kinect™ sensor and 
Wii™ sensors and thus can extract tremor or gait information from subjects. 

Advanced signal processing methods involved in data fusion and constrained 
optimization may be used in combining physiological information within the 
algorithms and mathematical expressions. Patient examination can be done using 
advanced video systems and analyzing patient’s surprised movements in the stored 
images. We present an accurate tremor and gait analysis system (i-Parkin 
Screening System) that is economical and non-intrusive. 
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