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DETECTION OF HUMAN FALL EPISODESBASED ON COORDINATES OF
BODY TAGSAND NUMERICAL DIFFERENTIATION

This paper presents a new method for detectiomanges in alignment of the human body, particuldréyfall,
on the basis of signals acquired from the positiensors placed on the body of the monitored pefBos.sensors are
located on the cuffs, waist and chest. Transfomatif data sequence collected from sensors is peapm order to
best distinguish between the collapse from the abmovement. It is based on nonlinear combinatibthe first two
derivatives of the signals being read. Because fiata the sensors is sent asynchronously, a nuaielgorithm for
unevenly sampled data differentiation is propodedrivative values are calculated in equidistant esodhrough
differentiation of a polynomial, which is adjustey minimizing the mean square error. The develapethod can be
used in home care telemedicine systems, wherenegégssary to long term monitor of multiple vitalrameters of
people under care.

1. INTRODUCTION

Telemedicine is medicine at a distance, which coetbin a harmonious manner the elements of
telecommunication, computing and medicine. It imesl the exchange of information and data (pictures
ultrasound, MRI, ECG) between different "objectspatient, physician, clinic, hospital, etc.. High-
resolution images, as well as highly accurate atiere audio-visual transmission in real time azats
through modern technology, using fast processors @gorithms for digital signal processing and
compression. Video systems work on the public IS@dital transmission lines, the global network
Internet, and satellite lines.

Home care telemedicine systems are the fastestimgomay to supervise or monitor the patient's
health status, and progress in rehabilitation. $igtem often results in data exchange (transfer of
examination results) "from the patient to the ddcto make the diagnosis, which also comes from a
distance. Telemedicine is very important for babletdr and patient. The doctor is able to provideous
information about the patient's treatment at vemge distances. On the other hand, the patient car
perform all testing alone in the house and immetiiagend it by special medical devices to the docto
The application of this system is also pleasedatiiepts who are unable to frequent visits to thetao
Home care telemedicine systems introduce more m®lnblogies, which are used to improve the
treatment.

Examples of application areas of telemedicine teghes include monitoring of pregnant women
[3], as well as home care of the elderly [1]. Tatdr issue is part of the area known as assisted.| It
incorporates, among other things, supervision df di@ing activities, alarming in case of deterabion
of health of supervised person and coordinationhedlth care services. Among the factors to be
monitored there is information about a person’'s enwnt activities, in particular the detection of
situations that raise suspicion of a fall or injuijowever, the amount of information from data
acquisition activities of supervised persons isiificant, which creates a need to develop methods t
automatically detect such situations [5, 6]. Typio@ethods of acquisition of such data are: video
monitoring or reading the information on the looatiof human from sensors located on his or her body
[8]. The latter approach, together with the usewafeless transmission, ensures obtaining precise
information about the location and positioninglod person’s body.
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This article presents a proposal for the transfoiomaof the signals read from the position sensors
in order to best extract the information aboutgbssible fall of the human body. The method is dase
an analysis of the acceleration, which is obtaa®d second derivative of position coordinates. ltasis
was laid on the difficulties associated with unespacing between the times of the readings from
individual sensors. In order to reduce the negagiffects of this phenomenon a method of numerical
differentiation has been proposed, which is basepgadynomial approximation.

2. METHODOLOGY

2.1.MONITORING SYSTEM

A typical movement monitoring system using sigrieden wireless sensors placed on human body
is presented in Figure 1. Sensors can be placelifferent areas of the body, especially on theapors
limbs, or even on the head. However, it is reconaednto select their position, limiting as little as
possible a daily life activity. The article [4] gents traffic monitoring system consisting of feensors
on the wrists, chest and waist. This article alescdbes the effect of the experiment involving the
monitoring of movements of selected five peoplamnartificial environment that provides the corais
similar to those an elderly person lives every ddye total surface area of the experiment was aPdut
square meters. The signals from the sensors waamenitted wirelessly to a receiving station locatad
the walls of the rooms. Average sampling rate wasi2, but readings were unevenly spaced. Moreover,
the interference and obstacles that occured betiheesensors and the receiving station causegérat
of the data from some sensors was lost.

Figure 1 shows a simplified image of the human wghsors that transmit data to receivers placed
near them. These data are expressed in the for@adésian coordinates relative to a fixed reference
point. This figure also shows an example of ontheftrajectories of motion sensors for the seletited
period. These trajectories are illustrated by thgegtions on the planes formed by pairs of coatdin
axes.

Fig. 1. Scheme of movement monitoring system (upgfBrand projections of exemplary signal fromgdéérsensor on planes formed by
pairs of axes
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Methods for detecting the abrupt changes in bodyjtipn, in particular the fall, are often based not
only on the values of the positions from sensaus,atso on the speed of change of these valuessia
natural interpretation as a derivative of the reegisignal. Moreover, it is possible to searchdecision
rules based on second order derivative, which e h@erpreted as the acceleration, i.e. a measiure
dynamics of changes in the location. For this reate method described here for solving the prable
of unevenly spaced sampling is focused on the nigaletalculation of the derivatives of this signal.
Postulated properties of this method are the nugirate representation of the unknown signal deviea
value in the selected moments of time, as wello@sistness to the occurrence of samples with values
significantly different from the actual locationardinates.

2.2. TIME ALIGNMENT OF SAMPLES

Each sensor sends, at the specified time, infoomain its location in the form of three Cartesian
coordinates. However, the signals from various @engome in different times. They are usually
transmitted in certain time sequences, althouglureven intervals. Moreover, it is possible that
information from some sensor is lost or ignored &mother reason. This creates the need for a
transformation of the original set of samples itite data sequence of uniform intervals on the timeel
There are different approaches to the problem etvenly sampled data, among which can be found, for
example, the use of computational intelligence w@sh[2]. These methods include, among others,
grouping data as well as nonlinear and adaptiterifig [7].

This section presents a simple method for solvimg above problem, which enables to find a
transformation of the original data set to obtairesult as a value of the derivative of uneveningiad
signal in the selected nodes. Assume that the veotwsisting of all three coordinates of the positis
described by the following symbol.
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Fig. 2. Schematic construction of a set of timeradid samples

General idea of a set of time-aligned samples @svahin figure 2. Detailed construction of this
procedure is described below for the first Cartesiaordinate, namely. For the remaining coordinates

the method is identical. Time-aligned samples shda placed in the moments. Since these samples
are used for the numerical determination of deireat positions of the sensors, it is necessaryefmel
the distance vector of measurement times of thigithehl samples from time, :

XN — |~X,N XN ~X,N ~%X,N X,N
S —|_S_N,...,S_1,SO 'S SNG (2

The numbeN determines the radius of neighborhood of timeneasured in samples. It is assumed

that the vector contains an even number of elemamiisthe element at index O is located in a non-
negative distance from time:
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SN <...<8y"'<0<sg"<g" << (3)

It is possible to express this through an indexngef by the earliest sample of the time not
exceedingt,

1%(t) = minfi :t* >t} )
S =t (5)

¥ (t,)+k n

The interpretation of these numeric quantitiedlustrated in figure 3.
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Fig. 3. Interpretation of indelxand distancs

The last element of the input data for the prooésifferentiation is the vector of coordinate vagu
read from the sensor

X" =R KRR R (6)
and the components of such vector are expresseulbyl:

ikn = XI *(t,)+k (7)

2.3.NUMERICAL DIFFERENTIATION

The basic idea of the numerical differentiationtioé data set presented in the previous section
consists in finding a polynomial of fixed ordBrthat approximates the coordinate values in ecpaidis
nodest,. Of course, the nodes corresponding to the in@lies are located in arbitrary distances,

represented by vect@d@". The resulting polynomial can be differentiatedaisymbolic manner, which
leads to estimating the value of the derivativéhatpoint node.

oL XS g
X—Za,-t ,E—Zla,-t (8)
i=0 i=1

The criterion for selection of the polynomial coeifints is to minimize the distance defined as
follows

G, = Z(i -Yals )j ©)

j=-N i=0

The minimum should be found with respect to polyramoefficients. This is a convex function,
therefore in order to find the minimum it is suf@iot to determine the stationary points. This |e@addhe
following equations:

(?9(2: ) 'ijz__N s )m(ij ~2.a s )j =0 (10)
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ia(JNZﬂ(S,» )‘"“] = Ys )% (11)

i=0 j=—N j=-N
which, after simple transformations may be writematrix form:
Ja=Hx (12)

The corresponding matrices are defined as follows

k
— l —_
N—l(S' )m+k em’ (13)
J= j=-N :
a=[ag,a,...a] , X=Xy Koo Xy (14)
1 1 1
H = s_:N s) sN:_1 (15)

N S I

It is worth emphasizing that obtaining the estimatbthe derivative at a specified node does not
require explicit calculation of all the polynom@defficients. Thus, introducing an auxiliary veathrand
solving the above equations (12), the result cawritéen in the following concise form

dx -
— =a,=d"JHx 16
i (16)

d=[020,...1] (17)

If it is necessary to numerically determine thehleigorder derivatives, the above described method
can be used repeatedly. Obviously after the fisst af this method a sequence of values with equal
distances is created. However, this does not pteivem the application of the method because it is
general in nature.

3. PRELIMINARY RESULTS

This article presents only preliminary resultstfoe problem of preparing unevenly sampled signals
from position sensors, focusing on determining deeivatives of first and higher order. In order to
illustrate the nature of the waveforms generate@rogessing the input data figure 4 shows the atiie
the Euclidean norms for acceleration vector fordhlected portion of signals from the databaseribest
in the article [4]. These values were calculatddgithe following formula:

1
M

s<n>=[z(x'<tn>)2+(w<tn>)2+(z"<tn>)2j2 1s)

i=0

The valueM=4 determines the number of sensors. In this example following values of
parameters in the procedure of numerical diffeedinin were takenN=3, D=3. The Figure 4 shows also

the graph of this waveform smoothed using arithoetoving average denoted I8(n). The radius of
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this moving average was 5 samples. The smoothesiorehighlights the local maxima, which can be
regarded as a criterion for initial selection ofidi intervals suspected to be a fall or other threaking

into account changes in the amplitude of the noofmthis vector is the basis for the development of
methods for detection of movement events. Howesiace the amplitude changes also occur in intervals
covering normal activities, it will be necessaryitelude additional criteria based on the individua
components of the signals derived from sensors.

S(n)

Fig. 4. Squared norm of second derivatives veetboye) and its smoothed version (below)

There are plans to further develop the methodsagking and motion detection events, using the
approach proposed here for preprocessing irregulsaimpled data from the sensors. Time series
representing the standard Euclidean vector deviesitdoes not contain complete information thatvwallo
to distinguish types of events, only their initsglection. Therefore, the development of a complete
detection and classification module requires amgslysthe movement of body tags relative to eatieiot

The sequences of the first and second derivatwieish are estimated based on the position signals
form a multi-dimensional time series. Further stepthis method will include the analysis of thdues
in the surroundings of suspected incidents ofrfgllor rising. Our investigation will be focused on
development of the algorithms based on the classidfin, including the method of nearest neighbass,
well as Bayesian inference, including its extensiothe form of fuzzy systems. Currently ongoingrikvo
includes fuzzy clustering of multidimensional sitgnderived from the sensors and learning fuzzy gaka
Sugeno-Kang system. This system in combination Wi¢éhBayesian classifier is planned to detection of
sudden changes in body position.
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