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ABSTRACT

These days, the most important areas of research in many different applications, with different tools,
are focused on how to get awareness. One of the serious applications is the awareness of the behavior
and activities of patients. The importance is due to the need of ubiquitous medical care for individuals.
That the doctor knows the patient's physical condition, sometimes is very important. Of course, there
are other important applications for this information. There are a variety of methods and tools for
measurement, gathering, and analysis of the physical behaviors and activities” information. One of the
most successful tools for this aim are ubiquitous intelligent electronic devices, specifically
smartphones, and smart watches. There are many sensors in these devices, some of which can be used
to understand the activities of daily living. As an output result, these sensors produce many raw data.
Thus, it is needed to process these information and recognize the individual behavior of the output of
this processing. In this paper, the basic components of the analysis phase for this process have been

proposed. Simulations validate the benefits and superiority of this method.

doi: 10.5829/idosi.ije.2017.30.04a.06

1. INTRODUCTION

In recent decades, the ubiquitous devices have made a
considerable growth in technology and applications. As
an instance, the use of such devices has entered into
medical care. Different types of sensors such as
accelerometers, magnetometer and gyroscope, are
generally found in every device. The ubiquitous nature
of these devices is discovered especially by considering
the global sales of such devices. It is estimated that only
smartphone sales has surpassed 837 million units in
2013 [1]. In addition, the rate of worldwide growth of
26% for both tablets and smart phones, between 2012
and 2016, was predicted. These devices are portable and
thus can be remained close to the user in a long time [2].
In addition, these devices are becoming usual, not only
in the developed economies, but worldwide [3]. Mobile
devices are solutions for healthcare remote monitoring
of those who are mostly at risk. It is predicted that the
prevalence of cardiovascular disease and stroke among
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Americans increases on an average of 20.75% by 2030.
Therefore, there are persuasive reasons to do studies on
effectiveness of such devices in the applications related
to mobile healthcare. There are multiple applications for
these devices, including detection of falls [4-7] and
preventing falls [8, 9]. A number of studies investigate
the potential role of individual sensors including
accelerometers [10-13] and GPS [14] in the activity
detection. Recently, multisensory fusions attract more
attention in this area [15-17] or in some other
applications [17-19]. In recent developments, a smart
tool, such as a mobile phone can be used as a gateway
for one or more embedded sensors [20]. A number of
articles have tried to study the detection and
understanding of the physical activities using dedicated
sensors, which are often tied to the user by straps or
tapes [21-23]. However, most recent researches have
focused on mobile devices embedded sensors. In some
workes [24], Android-based smartphone built-in
accelerometer sensor was used for data collection of
everyday activities in 29 patients. Activities included
walking, jumping, going up and down the stairs, sitting
and standing. However, the authors only examined a
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mobile phone's accelerometer, and did not use the other
sensors data. In the literature [25], a dual-axis
accelerometer beside a sensitive optical sensor in
eWatchs was used to recognize six activities: standing,
sitting, running, walking, going up and down the stairs.
The authors gained 92 percent precision. Ganti et al.
[16] recorded the data from four sensors of a Nokia
N95; including a microphone, accelerometer, GPS and
GSM. Eight separate activities that have been recorded
include aerobic exercise, cooking, desk, driving, eating,
hygiene, meeting, and watching television. Selected
features included estimating energy expenditure,
skewness of acceleration size, and microphone signal.
The authors decided to use a three hidden Markov
model (HMM) and the average results were 66%. The
potential role of cell phones and smart watches in
everyday human behavior elicitation, using a single
sensor or multisensor, was also studied [26], for
example, patient indoor/outdoor situation detection
using GPS and light sensors. A feasibility study was
done which included 10 participants to evaluate the
devices ability to distinguish between nine daily
activities. Activities included walking, running, biking,
standing, sitting, elevator ascent/descent, going up and
down the stairs. The authors also investigated the
indoor/outdoor distinguish ability of this device. This
data was used to train five known test machine-learning
algorithms: C4.5, CART, Naive Bayes, MLP and
support vector machine. The authors claimed that some
correct models can reach up to 100% recognition of all
cases [26]. However, they did not properly prove the
validity of their claims, and did not describe the
preprocessing and post-processing algorithms in details.

One impressive problem in all these studies is the
big size and dimensions of information, which prolong
the process and in fact cause all the methods unusable.
Therefore, as a basic solution, the majority of articles
summarize the information, for example using Principle
Component Analysis (PCA) approach. PCA is very
useful in feature dimention reduction, and has lots of
applications [27-31].

Here, a novel Principle Component Fuzzy Analysis
approach is introduced to solve the described problem
using the advantages of combination of fuzzy logic into
the traditional PCA. The main reason of this
combination is the nature of human behaviors and
activities that are not precise and distinctly partitioned
from each other. Sometimes running in a person is very
similar to walking in another person or also can be very
similar to a new person periodically falling down! Thus,
the fuzzy logic view can be more successful to crisp
approaches. In the other words, for coping with this type
of human based uncertain information, one should treat
very similar to the main character. In this type of
problems, certain, crisp and determined boundary

solutions lead to several self-constructed mistakes in
information processing, detection and inference. Fuzzy
logic was first raised in 1964 by Dr. Zadeh to deal with
this kind of uncertain problems.

The second problem is the presence of noise in the
received information from the sensors. Information
received from almost all sensors are noisy, but mobile
sensors are inherently more noisy. Scientists omit this
noise by a variety of filters such as low pass filters,
integrator, received interval data average, etc. Using
fuzzy logic in the proposed Principle Components
Fuzzy Analysis (PCFA), also helps to noise filtering and
effectively removing small noises.

According to above-mentioned problems, in this
paper, traditional PCA is combined with fuzzy logic
(FL) and a novel method called PCFA is proposed for
noise cancelation and summarize the sensors
information for use in health care. Problems included
the need to compress due to the large volume of data,
and the need to remove noise that is observed in the
sensor data.

Section 2 describes the traditional principle
component analysis; in section 3 the novel fuzzy based
version is explained. In addition, some discussion is
detailed in section 4. To illustrate the validity of our
novelty, several simulations are done and reported in
section 5.

2. PRINCIPLE COMPONENT ANALYSIS

The PCA is based on the analysis of covariance or
correlation matrices. If we consider the data set as
follows:

X ={x%..x"} E R @
and covariance matrix as Equation (2):

p
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where n is the number of samples and p is the number
of the original variables. Let us name the orthonormal

eigenvalues of matrix M by e' and corresponding
eigenvalues by /, . The principle components of data X,

will appear as a linear combination of main variables as
follows:

PC; =ely’ #py% # ey" ©)
In which y' is i" main variable (y| =x/), e is j"
element of i™ eignvector of matrix M and pc, is the i"

principle component. The constraint
€)?+(€)? +. (&)> 1 istrue for all the components,

and the following constraints, too.
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The main property of the new variable is uncorrelation.

3. TOWARD PRINCIPLE COMPONENT&UZZY
ANALYSIS

Here, we propose to utilize sugeno fuzzy system to
improve PCA. Consider the dataset X, assuming that the
matrix L to be defined as | =(_*L?,...L*), and each one

determines one of s clusters. Mapping X into s fuzzy
clusters is achieved by minimizing the following
objective function:

IPL)=4 dAi(xj)) d2(x1.L) (5)
i=1j %

In which p=ga A, . A} is fuzzy partitions and
A (x')I [0, is the fuzzy membership function of data
x! in fuzzy cluster A .
Covariance matrix is calculated as follows:

4 m

ane ] ) )
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Fuzzy membership function is calculated as:

_a_
AlxT])= 1-a

LI =

U]

where d is the Euclidian distance between input data
and center of cluster, m and gj (0,1) are design

parameters. The effects of change in these two design
parameters are shown in Figures land 2.

The number of fuzzy membership functions is directly
equal to the number of fuzzy clusters (principle
components).

Thus, the proposed method determines A(x'), the
best values that describe the best fuzzy sets, and the
relation with its linear prototype (the first principal
component), using Equation (5).

4. DISCUSSION

Utilizing PCFA instead of using PCA can solve the two
problems. The first problem is large volume of data
beside uncertainties in the data, and the second problem
is presence of noise in sensor data. This claim is proven

by simulations conducted and the results have been
announced in the next section.

The presented method using the advantage of fuzzy
approach, maps the noisy data into the fuzzy
memberships and even in this first step, the effect of
noise is paled significantly. Then, by eigenvector and
covariance analysis, decrease the number of features
and only send the principle features to clustering
methods. Thus, the resulted system is more efficient and
robust to environmental noises.

The proposed method has many applications, i.e.
wherever the PCA is used the proposed PCFA might
work better, and overal in problems where we need to
decrease the number of features into only principle
components, we can use the PCFA; an experimental
application of this method is studied in the next section.

5. SIMULATION

In this paper, the database taken from mobile sensors by
Mike Stanley? is used and the discriminant ability for
three actions including fast picking up the mobile
phone, picking up the phone, and slow picking up the
mobile phone are studied. Sensors used in this study are
gyroscope, accelerometer, and magnetometer, which
each has three degrees of freedom.
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Figure 1. Fuzzy membership function, the effect of altering
the design parameter, m.
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Figure 2. Fuzzy membership function, the effect of altering
the design parameter,a

2 http://www.nxp.com/products/sensors/sample-data-sets-for-inertial-
and-magnetic-sensors:sensordata
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In the literature [26] both Samsung Galaxy Nexus
smartphones and Motorola MotoActv smartwatch were
used in order to collect data from all sensors. Data are
collected from sensors in Nexus from, data 3-axial
accelerometer sensor, 3- axial magnetometer, 3- axial
gyroscope, GPS, light and pressure, and from the 3-
axial accelerometer of smartwatch. The preprocessing
reshapes the raw data into the interval. On both devices,
the accelerometer raw data can be somewhat sporadic
(intermittent), about 90 Hz and 15 Hz, respectively, for
phone and watch.

With full interpolation, the authors focused on signal
filtering. The use of such a filter is not particularly
insignificant. Two accelerometers aim to separate the
dynamic components according to human movement,
and static component due to gravity, filtered with
lowpass filters. Preprocessing was applied also to
pressure and other sensors, although the gravity is not
an issue for the magnetometer or gyroscope. Similarly,
pressure sensor accepts all frequencies lower than 0.1
Hz.

PCA method is used in most of the algorithms, in
order to reduce the dimensions of the feature vector.
The main component follows the data direction with the
biggest power or changes. PCA algorithm is fully
described elsewhere [32]. PCA involves the calculation
of covariance matrix of eigenvalues and eigenvectors.
PCA is used for both data of smartphone and
smartwatch. It is shown that 29 principle features from
53 main features, have 95% of the whole information,
and the important features of all sensors (accelerometer,
magnetometer, gyroscope and etc.) are seen in the
principle features.

In this paper, using the novel PCFA instead of PCA
is proposed, that helps dramatically to reduce the
number of features on systems with a big data size and
eliminates the noise, and as a result, the system is robust
against environmental disturbances.

Here, a data set is utilized that is related to data
taken from the three sensors, gyroscope, accelerometer
and magnetometer, and each of these sensors sends
information in three degrees of freedom. Sensors data
can be seen in Figures 3-11; these data have been
received for three activities, fast picking up the mobile
phone, picking up the phone, and slow picking up the
mobile phone. The collected data are noisy and have
other uncertainties of environmental.

Before we can learn how to use such huge amount of
data in the system, we must reduce the number of
features, i.e., the basic features are found and the rest
are deleted.

The result of using PCFA instead of PCA is
summarized in Table 1.

As seen in the table, discrimination is done far better
by the proposed PCFA. It reduced the number of
features and accuracy is higher than PCA.
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Figure 5. Accelerometer data of axes Z
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Figure 10. Magnetometer data of axes Y
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Figure 11. Magnetometer data of axes Z

TABLE 1. A comparison between PCFA and PCA

erod e e
PCA 444 29 3e-25
PCFA 444 2 9e-27
PCA 835 50 4e-24
PCFA 835 2 20-24
PCA 444 25 8e-23
PCFA 444 2 2¢-28

6. CONCLUSION

In this paper, Principal Components Fuzzy Analysis
(PCFA) is presented. The proposed algorithm is utilized
to reduce the size of data and eleminates the noise of
received data from sensors for remote healthcare patient
monitoring. Use of the proposed PCFA instead of
traditional PCA, leads to accuracy improvement,
increases the speed of computations, better noise
cancelation, and results in making a robust system in
patient behavior recognition according to multisensor
fusion of mobile devices. Simulations validated the
advantages and benefits of this approach. The resulting
benefits include fewer principle features and higher
accuracy in the presence of noise.
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