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Abstract. This work propose a remote healthcare monitoring system designed to derive
elderly’s activities of daily living and distress situation in Nursing Home environments
through a set of pyroelectric infrared sensor placed in the rooms. We aim to infer from the
nursing home environment information as the exits and entries in the room, presence of care-
givers and activities as night rounds, sleeping, eating, care-giver intervention. Thank to the
sensors emplacement in the present case is possible to extract patterns regarding paths
performed inside the room. Based on these patterns, we propose in a first step, a finite state
model that represents the behavior of only one person moving inside the room. Through
accomplishing of this model, we can derive some information as resident tracking, presence
of care-givers, entries and exits. In previous work we have used the Dempster-Shafer theory
(DST) based on static and dynamic model called Evidential Networks [11] in order to take
into account the imperfect information (uncertainty, precision and conflict) involved by the
sensors data acquisition and also providing a framework allowing the fusion of multi-sensors
data yielding richer and reliable information. To this aim, the imperfect information
representation by DST was considered in the proposed model. Thus, degradation of the sensor
signals can be considered, becoming our model most reliable. In a second step, DST can also
be used to perform the data fusion of the infrared sensors with other sensors introduced in the
environment [11]. The proposed algorithms were evaluated in the framework of real data
recording made in a medical nursing home in France in the framework of EMonitor’age
project.
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1 INTRODUCTION

Patient telemonitoring is a good solution to help manage medical environments such as
nursing homes and hospitals in daily tasks as well patients managing, health monitoring,
abnormality and distress situations detection and activities of daily living recognition. It can
increase the quality of care and the efficiency of services provided. Indeed, it should facilitate
daily tasks of care-givers in the cases of casual and continuous monitoring of chronic patients,
elderly and dependent people.

Several patient telemonitoring systems using different kind of sensors have been proposed
in the literature. [1] presents a multi-camera motion capture system aiming to provide
caregivers with timely access to the patient's health status through mobile communication
devices. In [2], a Distress Sound Extraction System for Elder Care is proposed. [3] presents a
fall detection system based on accelerometer sensors from smartphone based using machine
learning classification algorithms. [4] describes a prototype developed for remote healthcare
monitoring using a Wireless Sensor Network (WSN) Pulse Oximeters, environmental sensors
and streaming video to monitor patients.

The greatest presented sensors, such as cameras, microphones, oximeters and pulse sensors
could be intrusive for the most of monitored people. To this aim, telemonitoring systems have
been giving increasing attention to the utilization of less intrusive sensors such as pyroelectric
infrared movement sensors. In this context, [5] developed a monitoring system to monitor
patient activities of daily living, such as mobility, agitation, repartitions of stays, and
displacements. [6] proposed a new benchmarking for human activity recognition algorithms
based on infrared sensors. [7] developed a soft tracking system using an infrared ceiling
sensor network and proposes a novel algorithm for tracking multiple people.

In this work we proposed a remote healthcare monitoring system to derive elderly’s
activities of daily living and distress situation in Nursing Home environments through a set of
pyroelectric infrared sensor placed in the rooms. In the first step of our researches we
proposes, a finite state model that represents the behavior of only one person moving inside
the room. Through accomplishing of this model, we can derive some information as resident
tracking, presence of care givers, entries and exits in the room.

Furthermore, to better representing and processing the imperfect information in this model,
Dempster-Shafer Theory [8,9] was considered. Thus, degradation of the sensor signals can be
considered, becoming our model most reliable. The proposed finite state model is
approximated by a Markovian Prediction Framework [10,11].

The proposed approach is validated through unannotated real dataset and tested by an
annotated dataset performed in an isolated room where all sensors were installed reproducing
the same architecture of the real dataset.

This paper is organized as follows: Section 2 further details the E-Monitor’Age Project
where this work was inserted. Section 3 presents the proposed approach. In Section 4, we
represented the proposed model by Dempter-Shafer theory. Section 5 presents the
experiments and results of our approach. Finally, Section 6 presents conclusions and
perspectives.

2 EMONITOR’AGE PROJECT
The EMonitor’age project is a National project which aims to help medical staff in a
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nursing home providing a report about the elderly people activities daily life. In the

framework of this project several sensors are used: infrared sensors, sound sensor,

environmental sensor and respiration sensor.

In the framework of EMonitor’age project [13], this work propose a remote healthcare
monitoring system designed to derive elderly’s activities of daily living and distress situation
from a medical nursing home in France through a set of pyroelectric infrared sensor placed in
the rooms.

We aim to infer from the nursing home environment:

- Tracking of residents inside their room;

Identifying the presence of care givers inside the rooms;

Identifying entries and exits of persons;

Identifying some activities inside rooms: night rounds, sleeping, eating, care giver
intervention (toilets, meals, etc.).

The proposed solution for each issue above will aid medical staff for:

- Patient’s Managing: The hospital administration has a low quantity of employees
such that we need optimize their schedules in order to assist all patients;

- Abnormality and Distress Situations: The identification of some kind of situations
like falls, bathroom accidents, invasion or even if any caregiver forget your task to
watch this room.

- Activity Daily Life Identification: The knowledge about the patient’s habits will help
hospital administration to manage better the employee’s time schedule and identify
some patient actions that could characterize a good recovery or a worsening of his
clinical situation.

2.1. Medical Nursing Home of Ambazac

In order to perform the experiments of validation and evaluation, some rooms of the
medical nursing home of Ambazac [14] in France was equipped with sensors as shown in the
Figure 1. In a modern room configuration, each room is divided in three distinct zones:
bedroom, bathroom and corridor. This architecture can be different in older configurations
having separate toilets from the shower.

In order to monitor activities from residents in this environment, some rooms were
equipped with domotic sensors, such as pyroelectric infrared, CO2, temperature and humidity
sensors. In the first step of our approach it was only used pyroelectric infrared sensors. Sensor
specifications and architecture of the proposed system is detailed as follow.
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Figure 1: The medical nursing home of Ambazac.
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2.2. Sensor specifications and architecture

In the proposed architecture, each room is equipped with a set of pyroelectric infrared
sensors that detects the movement of a person that stay in its covered area. Sensors used are
products from Legrand. It was used the references 78490 for the corridor and bedroom and
48823 (corner) or 48822 (ceiling) for the bathroom as described in Figure 2 and 3.
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Figure 2: Characteristics of sensors used in the experiments: above 78490 and below 48823.

In the architecture of the Figure 3, we covered the three main areas of the room by five
sensors: Bed h (Bed High position), Bed w (Bed Window positiondetect) and Bed b (Bed
Bathroom) in the bedroom, Bath (Bathroom) and Corr (Corridor). They were described as

follow.

Bed h: Placed inverted on the bed wall at 1m45 from the floor. It only detects
movements from people who are in standing position in the bedroom. It does not
detect movements from people who are in the sitting and lying position (below the
1m45).

Bed w: Placed on the window wall at 0m30 from the floor, it detects movements from
people when they get out of the bed and putting their feet on the floor.

Bed b: Placed on the bathroom wall at 0Om30 from the floor, it detects movements from
people when they get out of the bed and putting their feet on the floor.

Bath: Placed upper to the bathroom door, it detects movements in the bathroom.

Corr: Placed on the corridor wall at 1m45 from de floor in order to detect every
people which enter/goes out from the room. It detects movements from people who
pass in the corridor. We use this information to try to infer entries and exits from the
room.

The sensor technology adopted in this work operates according the specific architecture
described as follows in the section 2.3.

2.3. System architecture

Every sensor sends its information through a wireless network to fixed PLC (power line
carrier) base. It receives the signals from Infrared sensors by radio frequency and sends them
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Figure 3: Sensor’s architecture of Ambazac.

through the power line to another device responsible to take, decode and transmit them to PC
by USB connection according protocol OpenWebNet as shown in Figure 4.

When the PC receives a signal, it uses a data base and the sensor identifier in order to
obtain information about the sensor which generates this emission. The identifier is linked to
the information about instant when the sensor was excited, and all information is stored in a
table. The information about the time of activation is important to compute the elapsed time
between two signals in the sequence. It could be useful afterward to cross with information
about the daily service schedule in order to predict certain situations in each room.

Thus, starting from the presented sensor architecture, in the next section we detailed our
first approach to derive some elderly’s activities from the medical nursing home of Ambazac.
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Figure 4: System Architecture.
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3 THE PROPOSED APPROACH

As we described before each room has three distinct zones: bedroom, bathroom and
corridor. These zones were covered by five movement sensors (Bed h, Bed w, Bed b, Bath
and Corr) as detailed in Table 1. There is also another zone that it was taken into account: the
outside (out) of the room. These four zones are shown in Figure 5.

Table 1: Relationship between the zones and sensors

Sensors Zones
Bed w, Bed h, Bed b | Bedroom
Corr Corridor
Bath Bathroom

Regarding the Figure 5 and some empirical considerations, we note that the all the

movements performed by a person inside the room, must fulfil specific rules as follows:

a) There is no way to directly move from the bathroom to corridor (and vice-versa)
without passing from the bedroom.

b) We can identify someone exiting the room if the last active sensor was in the corridor
(Corr) followed by a long time of absence of sensor activity. We call “silence” the
interval of time that there is no sensor activity. The threshold that determines if a
“silence” is a high value is an adjustable parameter and we can tune it manually to best
fit the model. The inverse treatment happens when we need to identify someone
entering: a long “silence” followed by Corr activation.

c) The movement performed by a person, between two adjacent zones, should be
continuous. If we move between two adjacent zones, the sensors could be activated.

Figure 5: Zone Mapping.
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Since the observed phenomena above, we proposed a finite state model that describes the
behaviour of the path performed by only one person inside according to the Figure 6 below:

P(81US2US38s) P(S2|S$1US2U S3) P(0+ | S4)

P(Ss [ S1US2U S3) P(S1US2U S3 | S4)

{ Z2 [«
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Figure 6: Finite State Model of a person’s path.

Z1234 1S the set of zones covered by sensors as described before in Figure 5. The arcs
between the zone states indicate which paths are permitted between each one. S; , ; are the
sensors of the bedroom, S, is the sensor of the corridor and S5 is the bathroom sensor.
P(S,|S;) points the activation conditional probability of sensor S; given the activation sensor
S; before.

This model reproduces the normal path behaviour of an alone resident as well as his entries
and exits of the room. However, the rupture of this model could indicate the presence of a
care-giver or a third person inside the room. This information is very important for us. Thus,
the primary goal of this model is to derive this information: resident tracking, presence of care
givers, entries and exits in the room.

Zones Activation History

QOutside -
Corridor |
Bedroom

Bathroom

SUEF —o Alone

Sas Fo| —o Accompanied TN P TR, o o iusaoiois o 001058 peouee 8 0tss pestesn trsars s
[ = LR WS e sy asmvenss somaemes ss
LitHF--ooeeeeeeeees W’J ASE RS B R 7 TR 3 o AR
Lit SAEF---vvvvrvenens B0 1l 01 I IR YDA I e "
LR ﬂ] % :
16:40 16:41 16:42 16:43 16:44

Figure 7: Rules-based algorithm implemented in Matlab.

Regarding the established rules, we developed a simple algorithm in order to verify how
these rules can help to solve the proposed problems and identify some situations as indicated
before. This algorithm was implemented in MATLAB in order to perform reliability tests
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with real non-annotated dataset (Ambazac nursing home recordings) and experimental
annotated dataset (laboratory recordings) as shown Figure 7.

4 DEMPSTER-SHAFER’S REPRESENTATION

Sensors never are completely reliable; they may present some kind of failure. Then, we
must consider the imperfections from sensor’s observations. In order to take into account the
imperfect information (uncertainty, precision and conflict) involved by the sensors data
acquisition in the proposed model, a framework using the uncertainty theory of Dempster-
Shafer [8,9] is presented. In this section we modelled the proposed finite state model by
Dempster-Shafer’s representation [11]. Firstly we give some preliminary mathematical
definitions.

The frame of discernment © represents a finite set containing mutually exclusive and
exhaustive events about the knowledge of our problem. In this problem we have four possible
zones: bedroom (bedr), bathroom (bath), corridor (corr) and ouside (out). Thus we have a
frame of discernment containing four possible events:

© = {bedr, bath, corr, out} (D
The power set 2° of © contain the set of the subsets of ©. It contains 2/°! elements, called
focal elements. Thus we have,
{bedr},{bath},{corr}, {out}, {bedr, bath},{bedr, corr}, {bedr, out}
29 = [{bath, corr}, {bath, out}, {corr, out}, {bedr, bath, corr}, {bedr, corr,out},| (2)
{bedr, bath, out}, {bath, corr, out}, {bedr, bath, corr, out}, {0}

In our previous model, we assumed in the inference process that each sensor is completely
reliable (1 for excited and O for a non-excited sensor). A belief mass function m(-) allow us to
assign a belief degree to the sensor’s observations within the range [0 1].

The Basic Belief Assignment (BBA) is defined for each binary sensor providing a belief
distribution which is created from the belief mass functions shown in Fig. 8.

mass mass
] m(@) m(bath) 1 m(0) m(corr)
= £
S ]
0 | ] 0 Il 1
0 I 1 Iobs 0 I 1 IObS
] m(@) m(bedr) 1 m(0) m(out)
b -
0 I I 0 | |
0 1 obs 0 1 obs

Figure 8: Basic Belief Assignment (BBA) defined for each binary sensor.
For each observation a belief distribution containing a belief mass function related for the
available evidences (known focal elements) is produced as shown below,
me”Y = [m({bedr}), m({bedr, bath, corr, out})]
mo”*" = [m({bath}), m({bedr, bath, corr, out})] 3)
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@COTT

= [m({corr}), m({bedr, bath, corr, out})]
= [m({out}), m({bedr, bath, corr, out})]

After computing the belief distribution from each sensor observations according to the
basic belief assignment, the Smets operator [12] is used to perform the fusion of these belief
distributions in order to obtain a consensus. The Smets operator is particularly well adapted to
isolate the resulting conflict from the data fusion of these belief distributions. Thus we have,

@Out

mo () = ) m®(4) - m* () @

ANB=C

and the conflicting value is achieved as follows
m®1®2 (@) — Z mGI(A) . m(~)2 (B) (5)

ANB=0

As shown in [10], we can represent the proposed finite state model within a Markovian
Prediction Framework. A Markovian prediction of a probabilistic observation in the time t +
1 is produced given a probabilistic observation in the time t and a transition matrix denoted T:

P;:eldiction = Pgbservation T (6)
where the transition matrix can be fixed according to experimental considerations:
bath bedr corr out
bath [1/2 1/2 9 0
_ bedr|1/3 1/3 1/3 0
“corr| o 1/3 1/3 1/3 (7)
out | o 0 1/2 1/2

The pignistic transformation is used to convert the set of masses mf,q.rparion INTO @

probability set Pgbservation

1
BetP(A) = —m(0) (8)
AcO |®|
After obtaining a Markovian prediction, the predicted set of probabilities Pyt u;crion Must

be converted into a predicted set of masses m;tf;iaiction in order to be able to carry out an

evidential fusion between the predicted and the observed set of masses using the Smets
operator.
The fusion of the predicted mass function m;’;gdicmn and the observed mass function

mitl  ations 18 achieved through the Smets’ operator ‘N’ to separate the conflict resulting
from the fusion:
t+1 _ pt+1 t+1
mfusion - Pprediction N Mobservation (9)
and the conflict
t+1 — t+1 t+1
mfusion(w) - Z Pprediction (A) ) mobservation(B) (10)
ANB=0

The conflict measure from this fusion represents a rupture model, i.e., a forbidden
transition between the zones indicating a care-givers presence.
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5 EXPERIMENTS AND RESULTS

In the beginning of the project, a dataset composed by a 4 subsets was available in order to
be used in tests and validation of the algorithm. Each subset contains data for one whole day
patient activity detected by infrared sensors. Each subset was composed by 2 attributes:
activated sensor and time stamp for the activation. However, there was no annotated data.
Thus, the outputs of the algorithm cannot be evaluated because the use of this data was a blind
process.

In order to get new annotated data, some scenarios were composed taking care to represent
the main situations that the algorithm seeks to treat. In this time, the dataset was built add 2
more attributes: person label (alone or accompanied) and transition label (inside, entrance or
exit). Person label indicates whether the person, at the moment of movement detection is
alone or accompanied. Transition label points whether the person movement was performed
inside of room or whether that movement represents an entrance or exit.

For this purpose, a software was developed to deal with the data acquisition and
communication tasks between PLC decoder and computer. That software includes a graphical
interface, built in GUIDE tool of Matlab software, in order manage the experiment (select
acquisition mode: sensor registering and data acquisition) and import and export data.

All experiments were performed in an isolated room and all sensors were installed
reproducing the same architecture of Ambazac rooms. These experiments were performed in
10 days with 2 volunteers as actors and one manager to guide the scenario evolution. The
main interest of these experiments is to verify the accuracy and tune the model to track the
resident and identify the situations of care-givers presence and entries and exits. Each
scenario has 5 minutes duration. These scenarios are short time because we just want capture
the special situations as mentioned above.

After experiment realization, all data was processed by the rule-based algorithm. We
annotate each scenario with the label AL (scenario which person is alone) and AC (scenario
which person is accompanied by one or more people). The algorithm analyzes the whole data
and assigns one of these labels for the analyzed dataset. We evaluated the results of algorithm
comparing the real label annotated before with label assigned by the algorithm. All
comparison results were summarized in the confusion matrix presented in Table 2 below:

Table 2: Confusion matrix

PREDICTED CLASS

ALONE ACCOMP

ACTUAL CLASS ALONE 4 1
ACCOMP 1 13

The actual approach has sensibility 80% and specificity 92%. Though there is an unbalance
in dataset, which is major composed by scenarios of caregiver intervention, alone scenarios
are easily detected by the algorithm, since no sensor presents any failure. Thus, we should
give more attention to accompanied scenarios which its detection is main interest of our
algorithm.

When we were performing the experiments, we check two phenomena that could mislead

10
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the algorithm to wrong decision: phantom signals and the sensor delay. Phantom signals are
signals that randomly appears replicating a past signal, usually signals 5 seconds in past.
When it appears, it could be misinterpreted by some rules, thus detecting a situation (exiting
or third-party presence) when it not happen in fact.

The sensor presents a delay of 6 seconds, meaning that it can’t activate again before past 6
seconds after the current activation. This high delay imposes some restrictions in development
of time based rules of third-party detection as detection of discontinuities and simultaneous
movements, when there are more than one person inside of room and various activations
happens due the movements performed by these people.

6 CONCLUSIONS

The present work sought introduces a rule based algorithm to detect a presence of another
person inside in a room. All rules were empirically developed regarding the disposition of the
sensors inside the room and observing all possible transitions between zones. These
observations resulted in a set of rules which depend of information about localization of
sensor activated, instant of activation and certain times of inactivity.

Though these rules were empirically built, the result of algorithm seems to be promising. It
shows that is possible to extract high-level information about resident and the people inside
the room based on low level information as binary sensors activation.

As indicated before, we have some challenges to face as the problem of phantom signals
and sensor delay, which are hardware issue and others that deal with the behavior of
occupants of room like the simultaneous movements. To deal with behavioral issue, is
mandatory to develop a statistical model that could formalize mathematically better our
model, in order to get highest level information as number of people inside a room, tracking
each person and try to identify through movements patterns presented, and thus, identify some
performed activities.

Another good tool to be used is the analysis of resident agitation as proposed by [5]. We
can create profile for person alone and person accompanied, and analyzes it in real time.
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