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Abstract

In this paper, a context-sensitive descriptive language is proposed to design and model the daily living activities of elderly
people. The objective is to simplify and represent correctly the knowledge collected by sensors (low level) and to have a
relevant recognition of the person’s knowledge (high level). The proposed language is based on several rules and constraints
through intelligent meaning. It is dedicated to a better understanding and semantic design and description of the behavior
of elderly people. Subsequently, in order to provide a powerful knowledge recognition system, a hybrid Markov model is
proposed to recognize and predict the activities designed by the proposed language. The proposed model is adapted to the
reasoning of the new language. This allows providing a hierarchical and temporal relationship within the knowledge. It is
responsible to recognize and predict the behavior of the elderly people efficiently. The flexibility and the intelligibility of
the proposed language is proven and the accuracy of the recognition model is demonstrated which ensures the efficiency of

the proposed knowledge recognition system.

Keywords Human activity description - Human activity recognition - Intelligent reasoning - Recognition model -

Knowledge system - Smart environment - E-health

1 Introduction

The old-age dependency ratio indicator is one of the most
widely used indicators for monitoring changes in popula-
tions. According to prospects of the United Nations, by
2050, 16.66% of the world population will be over the age
of 65, up from 9.09% in 2019 (United Nations 2019). This
situation can be mainly explained by the fertility decline
and increased longevity combined with other factors such
as the pappy-boom effect in Europe (i.e. post-war children
who are now reaching retirement age). High formal health-
care costs and population aging will put increased financial
pressure on old-age public and private support systems.
In the U.S., about 80% of elderly people are living with at
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least one chronic disease, and an estimated 5.4 million sen-
ior citizens are suffering from Alzheimers disease (Parisa
and Alex 2013). To face the growing demand for assistance
and healthcare, it is now unanimously acknowledged that
information and communication technologies (ICTs) will
undoubtedly play a determining role. A recent survey on
ICT and the Internet of Things (IoT) concluded that for
most diseases and behavioral disorders, current technolo-
gies can meet the requirement in terms of reliability, con-
nectivity, data rate, and latency (Muhammad Mahtab et al.
2018). However, healthcare systems are required to provide
advanced diagnostic and prognostic solutions and move
towards more proactive approaches such as prevention and
smart home care services. For a wide end-user acceptance
(Debajyoti et al. 2018), smart homes are preferred by elderly
people for several reasons including independent living even
with manageable disabilities, the promotion of the overall
welfare, the considerable reduction in the length of stays in
hospitals and healthcare institutions, the feeling of being
self-sufficient despite complex health situations, etc.
Ambient intelligence (Aml) is an emerging discipline
that promises to revolutionize everyday human life. In AmlI,
devices are spreading everywhere (ubiquity), enabling
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humans to interact with their environments and including
context management in a smart and transparent way. In the
e-health realm, it is much applied to enhance the daily life
activities of people (Hill et al. 2015; Rahman et al. 2016;
Mshali et al. 2018). Aml research field is based on advances
on sensor networks, ubiquitous computing, and artificial
intelligence algorithms. For instance, home and wearable
sensors help to recognize the person’s activities and more
data can be acquired by integrating the sensors in a more
complete Internet of Things (IoT) system (Valentina et al.
2019). Elderly people smart homes are designed to track
the person’s behavior and detect various distress situations
like falling, changes in the heart rate and abnormal behav-
iors (Salisu Wada et al. 2019; Abubaker et al. 2019). Such
environments help to gain valuable knowledge with a rich
set of contextual data (Wickramasinghe et al. 2017). Accord-
ing to the complexity of the occupant’s behavior, retrieving
meaningful information from a large amount of data is a task
that is proven to be complex and sensitive. The heterogene-
ity and ubiquity of data make the context as a key concept
for modeling a system that requires a relevant description
of the environment. To design a context-aware system, the
information must be well defined and modeled in a suitable
form. In this context, knowledge-based methods have been
exploited to improve suitability and adaptability for hetero-
geneous contextual situations. These methods were used to
formalize, represent and structure the context of the activity
such as logic-based approaches (Aysenur et al. 2016), rule-
based systems (Thanos et al. 2015), and ontological models
(Georgios and Ioannis 2017). The approaches can be classi-
fied from the less sophisticated one such as key-value mod-
eling to the most powerful and complex such as ontology-
based modeling (Rodriguez et al. 2014). Ontologies-based
modeling provides a semantic representation of the contex-
tual information of activities in a hierarchical way with a
specification of the reasoning mechanism (Ye et al. 2015;
Noor et al. 2018; Hossain et al. 2017; Gayathri et al. 2017;
Bobillo and Straccia 2016; Wemlinger and Holder 2018).

Despite their advantages, ontology-based modeling can
be computationally expensive and have other limitations that
must be tackled (Rodriguez et al. 2014). For instance, the
semantics cannot directly manage vague pieces of knowl-
edge which are inherent to several real-world problems
(Bobillo and Straccia 2016); they required a good knowl-
edge of engineering tasks to define a formal semantic of
human activities (Bae 2014); they have a limited capacity
for changing contexts ; they require several means of opera-
tors using the ontological language. In smart environments,
as the context is captured by sensors, if one sensor data is
lacking the recognition, the ontology-based model can not
be qualified to discover the missing activity.

In order to overcome the previous modeling issues, the
Elderly people by room activities description language
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(EBRADL): a context-sensitive descriptive language for
designing the behavior of a person evolving in a smart space
is proposed. EBRADL allows non-technical users to encode
essential knowledge about user activities and provide intelli-
gent reasoning. In order to represent and structure the activ-
ities-context, the language considers several criteria such as
time, location and object. Besides the proposed language
focuses primarily on describing the behavior of elderly peo-
ple, the important criterion in structuring daily activities
which is the person’s geriatric profile is considered. The
profile contains contextual data such as diseases, age, and
autonomy. The flexibility EBRADL is an asset in consider-
ing different categories of users and different description
levels in support of independent living regardless of the age
of monitored persons. Bearing in mind that the goal is to
understand and recognize the behavior based on these sen-
sory data, this could be achieved by using common sense
knowledge of the person’s daily activities. In this work, a
focus is made on defining modeling based on a meaningful,
relevant and useful representation of activities of daily living
(ADL). For that purpose, a new modeling language is pro-
posed for activities, scenarios, and behavior based on a well-
defined set of rules and criteria. Generally, to build a com-
plete activity recognition system it is necessary to consider
the structuring and recognition of the behavior together. The
main purpose of recognizing the activities is to detect or
recognize the usual activities and behaviors of persons in
their daily lives. Several recognition models were proposed
in order to predict and recognize the behavior: probabilistic
and statistical techniques (e.g. Hidden Markov-based mod-
els) (Yu et al. 2018; Ronao and Cho 2017; Wu et al. 2016),
computational intelligence techniques (e.g. neural networks)
(Hussein et al. 2014; Liu et al. 2015; Liouane et al. 20164,
¢), and also reasoning techniques such as fuzzy logic reason-
ing (Yuan and Herbert 2014; Das et al. 2013).

A successful model should effectively recognize and pre-
dict sensitive data and be adapted to the structure represent-
ing the knowledge. Subsequently, given the widespread use
of Markovian approaches with satisfactory results (Sury-
adevara et al. 2013; Liouane et al. 2016b) and in order to
integrate hierarchical and temporal reasoning, the Tempo-
ral Hierarchical Hidden Markov Model (THHMM): a new
hybrid Markov model is proposed. The model is adapted
to the reasoning of the proposed language which aims to
recognize the behavior of the elderly people, which can be
complex and changing, with high accuracy.

In this work, we aim to provide answers to the following
questions:

e How to make smart homes user-oriented and provide
both technical and non-technical stakeholders with a tool
that easily accommodates their work with monitored per-
sons.
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e How to capture and express the essential knowledge
and provide intelligent reasoning regarding human daily
activities.

e How to integrate the several key criteria of smart home
monitoring such as time, locations and objects into one
description language.

e How to process complex scenarios with different auton-
omy levels and succeed to organize, highlight and struc-
ture raw data collected by several sensors.

e How to provide a human activity recognition framework
able to detect the daily behavior and anticipate risky situ-
ations with high accuracy.

This paper is organized as follows. Section 2 presents a brief
survey of related works regarding the knowledge meth-
ods and recognition models. In Sect. 3, a new knowledge
approach is defined based on natural language. In Sect. 4, a
behavior modeling is proposed based on the hybrid marko-
vian approach. The application of the proposed model is car-
ried in Sect. 5, also the performance of the proposed model
is evaluated. Finally, Sect. 6 concludes the paper.

2 Related works

In this section, the related works in the areas of knowledge
and recognition models are summarized. The principal focus
is on the application of such models to human behavior and
especially to the accurate monitoring of activities of daily
living in smart homes.

2.1 Knowledge methods

A great effort has been devoted to identify techniques to
effectively model human behavior in smart environments.
Many techniques based on machine learning and pervasive
computing were used to achieve a better prediction of human
activities and scenarios. Ta Minh et al. (2018) and Abdel-
rahman and Wang (2019) proposed a key-value modeling.
This type of knowledge modeling is based on the simplest
data structure to describe a given activity based on flexible
units which represent sensor data. However, the capture of
sophisticated context dimensions remains limited to capaci-
ties. To overcome the problems of the key-value methods,
Francesco et al. (2019) proposed the exploitation and inte-
gration of hierarchical structures into multi-label classifi-
cation systems with the form of a hierarchical deep neural
network (HDNN). On the other hand, other approaches used
graphical modeling in the design step (Asad Masood et al.
2014; Elena et al. 2018). Unfortunately, such techniques are
flat information models that are limited concerning interop-
erability in contextual systems.

Object-oriented modeling is another method used to rep-
resent context information by using programming principles
such as abstraction, inheritance, and aggregation (Mansur
Kazemi et al. 2014). Despite the good performances of such
techniques, they remain limited in regarding the interoper-
ability issues. Logic-based modeling is used to provide a
clear and elegant semantics in the description of contextual
information but it has yet to represent uncertain context and
inflexibility regarding the user habits (Sanjari et al. 2017;
Ferilli 2014). Hossain et al. (2017) proposed a cluster-based
learning model for activity recognition in smart homes. They
claimed that the model is better than the traditional active
learning approaches in the discovery of new activities with
optimal accuracy. Bae (2014) used a model based on reason-
ing with an ontology for activities to design a knowledge
base about the environment hence create a flexible recog-
nition model. To facilitate the recognition and tracking of
human activities, Liu et al. (2016) focused on human actions
by using a classification of activities via temporal patterns.
The work demonstrated the accuracy of the proposed model
regarding complex activity recognition.

Wen and Wang (2017) built a general activity model with
labeled data and suggest an online prediction by combining
Adaboost with graphical models such as Conditional Ran-
dom Fields (CRF) to smooth out the outliers. Compared to
supervised and semi-supervised models, higher recognition
accuracy was demonstrated with a low amount of labeled
data. An integration of a probabilistic model with ontologies
was proposed in Gayathri et al. (2017). Using the probabil-
istic reasoning, uncertainty of data was tackled. The pro-
posed system showed an increase in the recognition of the
activities through a Markov logic network model. A fuzzy
logic model was combined with ontologies to overcome the
challenges of classical ontologies-based approaches and in
particular the uncertainty of data captured by a defecting
sensor system (Bobillo and Straccia 2016; Noor et al. 2018).
To provide accurate recognition with a reasonable level of
confidentiality, a fusion of collected data was applied in the
context-aware reasoning for sensor-based applications.

2.2 Recognition models

Several models have been proposed in the literature to per-
form an efficient recognition of human behavior. The proba-
bilistic theory was a widely used approach in dealing with
the uncertainty of data collected from sensors. It provides
a mathematical representation for degrees of belief. For
example, Yu et al. (2018) developed a Hidden Markov-based
model to provide an automatic system for the detection of
falls. The HMM model is used to detect falls based on data
collection by motion sensors. The work highlighted the ben-
efits of the proposed model based on the accuracy rate of
detection. In order to build a pervasive environment, the
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recognition of ADL is a key task. Kabir et al. (2016) pro-
posed a two-layer HMM to design an ADL monitoring sys-
tem. The results showed that the two layers reach an effective
recognition performance if compared to the conventional
model. In Yiyan et al. (2016), a hierarchical model was
proposed to accurately detect the complex walking activi-
ties based on decision trees, random forest and HMM. The
decision tree is used to detect the coarse-grained distinction
of the human motion mode. The random forest is used to
perform the motion mode of the fine-grained distinction. The
HMM is used to obtain a robust walking recognition. The
results confirmed the accuracy of HMM which performed
93.8% of accuracy. Wang et al. (2016) proposed a new model
named sliding window-based HMM (SW-HMM) in order to
recognize the activities of daily living. First, a sequence of
activities is divided into several fixed size, then, each sub-
sequence is evaluated using HMM. The results showed that
the performance of SW-HMM is better than the conventional
model. Kim et al. (2015) proposed a new model based on
HMM, named HMM ensemble (HMME), in order to recog-
nize the human’s activities. The recognition of the human
activities of daily living was achieved using smartphone
sensors. If compared with traditional recognition activities
models, the results showed the best performance of HMME
regarding the recognition. The work discussed in Ronao
and Cho (2017) proposed a new model called Hierarchical
Continuous Hidden Markov Model (HCHMM). The results
showed that the hierarchical structure increases the perfor-
mance of the activity recognition with a better performance
regarding the accuracy with 93.18%.

Further recent techniques were discussed in support of
independent living and ADL recognition (Salisu Wada et al.
2019; Abubaker et al. 2019). The approaches identify abnor-
malities activities by detecting any significant deviation from
usual routines. The ability to adjust normality scores makes
the proposed system more flexible (Salisu Wada et al. 2019).
In a multi-sensor space, measuring the progressive trends in
the person’s behavior allows providing relevant indicators to
health stakeholders (Abubaker et al. 2019).

3 A new approach based on natural
language

In order to overcome the previous challenges of markup
scheme modeling, graphical modeling, key-value modeling,
object-oriented modeling, logic-based modeling, and ontol-
ogy modeling, a new knowledge-based method is proposed
using a new descriptive language for the daily activities.
Indeed, The proposed language uses the characteristics of
natural languages. the description of the activities of an
elderly person is an essential task that requires precision
and clarity in the context of a home monitoring system. A
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scenario can be defined as a set of activities and actions
performed by the person over time. Therefore, it is possible
to consider that a scenario is a descriptive diagram of the
activities. The structure of a scenario can be very complex
and heterogeneous from the point of view of knowledge and
data. Therefore, in order to simplify, organize, highlight,
structure and remove any ambiguity over the information
schematized by a scenario, the proposed language descrip-
tions concern activities of elderly people based on the char-
acteristics of the natural language.

3.1 Characteristics of a natural language

People predominantly use a language to communicate such
as English, French, etc. Two aspects characterize a language:
its meaning and its structure. The meaning of a language
is materialized by the ideas it conveys which is called its
semantic content. The structure of a language contains gram-
matical rules used to construct it and form the syntactic
aspect. When someone is learning a new language, he must
master the vocabulary, grammar, and semantics.

In fact, {The lexicon:} is the vocabulary which represents
the words of the dictionary, the declensions, etc. {The syn-
tax:} it is the grammar or how to compose correct sentences
regarding the form and structure. For example, the sen-
tence the cat eats the house is grammatically correct. {The
semantics:} is the meaning of words and sentences. Gener-
ally, learning semantics is achieved at the same time as the
vocabulary and the grammar: the process learns the correct
words, their meaning, and their grammatical constructions.

Based on these highlighted characteristics, a new knowl-
edge language, called “Elderly people by room activities
description language (EBRADL)” is defined based on
terms, rules, constraints, and well-considered relationships.
EBRADL provides non-technical users a mean to encode
knowledge about the daily activities and ensures an intelli-
gent reasoning. In the following, the aims of EBRADL and
its field of knowledge are described.

3.2 Elderly people by room activities description
language (EBRADL)

The recognition of daily activities plays an important role
in the realm of e-health services. A large number of sensors
deployed in the smart space provides a safe and comfortable
environment. However, the complexity of the information cap-
tured by sensors influences the accuracy of the recognition
model. In this work, the objective is to simplify the complexity
of this information. To this aim, a behavioral description lan-
guage is proposed in order to structure, describe the occupant’s
activities and make it less complex. A global, clear and spe-
cific understanding and characterization of the targeted activi-
ties for an elderly adult in a smart home is a critical task to
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understand the links and the relationships between the different
daily activities. The standard formalization of the contextual
information, defined in the conceptualization process, is a key
step in enabling effective designs.

3.2.1 The aims of EBRADL

Given the enormous amount of information and descriptive
data regarding the person’s activities, describing the person’s
behavior in an adaptable and customizable way is a complex
and difficult task that requires a precise description and mod-
eling of the activities of the person. Therefore, the main objec-
tive is to provide a clear modeling which is simple and easy to
understand while respecting the existing rules and constraints,
also a powerful and reliable descriptive language is considered
to characterize the activity based on their concept and con-
text. A formal algorithm that represents the instructions and
the basic sequence is used to build the proposed language, is
presented in below.

Basic instructions of the EBRADL language: the main
instructions of EBRADL ensure the following: identify the
area of knowledge; identify the lexical/vocabulary field; ana-
lyze the vocabulary (terms); identify the vocabulary terms and
normalize their meanings; identify concepts, relationships, and
constraints; build a structure/hierarchy that represents the lan-
guage. This simple modeling of the behavior of the elderly
adult is an essential task for an adequate selection of the data
collected by the sensors and for a relevant system design.

3.2.2 Semantic fields of EBRADL

The conceptualization process of EBRADL is primarily based
on terms that can be formalized to be understandable by the
computer. Thus, it is a step towards a fully detailed and auto-
mated business process. A lexical field is a set of words and
terms related to the same context, it is the vocabulary used in
the proposed language. As previously noted, the EBRADL
language is a language dedicated to elderly persons with dif-
ficulties (who represent a sensitive population) living alone
at home. In this context, it is required to precisely and clearly
define the terms and words of the language. A term is consid-
ered as a word of the language that designates a context. More
specifically, in order to fix and identify the terms of EBRADL,
we try to answer the following question: what the language
will describe, who and where? In this case, the following three
terms are used to define:

What is described?—Answer: the activities of daily
living.

Who is described?—Answer: the person evolving in a
smart environment.

Where is the context of the descriptions?—Answer:
at home.

From the previous answers, it is possible then to distin-
guish that the lexical field focuses on three basic terms that
are: [home, person, and activities]. Each basic term consists
of several sub-terms. Table 1 represents each category with
the associated terms.

Therefore, the descriptive language is specified by the
appropriate terms: the home, the person and the activities.

3.2.3 Syntax of EBRADL

In this part, the focus is made on the specific definition of the
syntax of EBRADL. The syntax is usually defined to indi-
cate the relationships between the rule-based terms and the
meaning of terms. Lexical fields of the EBRADL language
are based on three basic terms that are the home, the person
and the activity. Moreover, the relationships between these
terms are defined. Each term has relationships with others:

Relationship 1: House—Person {Relationship 1.1 :
Person — Location (room)} { Relationship 1.2 : Person — Object}

Relationship 2: House-Activity{Relationship 2.1 :
Activity — Location}{ Relationship 2.2 . Activity — Object}

Relationship 3: Person-Activity {Relationship 3.1 :
Person — Activity }{Relationship 3.2 : Person — Time.}

From the previous relationships, it is easy to notice that
each term designates a relationship with another one. In
addition, each relationship defines a link between the terms.
In general, defining the relationships is not enough to pro-
vide an adaptable and customizable description. As a result,
the rest of this section will focus on defining rules and con-
straints based on the constraints of everyday life. Generally,
in everyday life, people apply rules learned from birth. For
example, constraints related to objects, constraints related
to places, constraints related to times, etc. In a smart home
environment, there are many types of contextual informa-
tion that can be used to characterize an activity, such as
interactions with objects, locations, and time. Thus, object,
location, and time are widely used concepts to describe and
distinguish activities.

Table 1 The basic terms
according to their sub-terms

Terms

Sub-terms

Home
Person

Activities

Surface, location (rooms), number of rooms, objects of each room, architecture
Last name, first name, situation, autonomy, age, diseases

Eating, going to bed, taking a shower, getting dressed, preparing a meal, etc.
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An Object usually refers to the types of activities being
made. For example, if the TV set is the object, it is possible
to deduce that the activity is a watching television while tak-
ing a broom can lead to an activity like sweeping the floor.

The location is the specific place where an activity
occurs. For example, preparing the meal takes place in
the kitchen and taking a shower occurs in the bathroom. In
addition, the location can also help to identify the involved
objects.

Time is another key feature in the description of a given
activity. Indeed, the user can perform an activity at different
times, but some activities occur only at specific times of the
day. For example, the activity preparing breakfast usually
occurs in the morning, prepare dinner usually occurs in the
evening and fake a shower once or twice a day can occur
after waking or before going to bed.

Other context information, useful for characterizing
activities, includes the person’s profile and habit. Since
the proposed language focuses on elderly people and since
this kind of population can suffer sometimes from limited
autonomies (such as physical autonomy, mental autonomy,
etc.), the constraints based on the rules of everyday life are
defined. The constraints help to distinguish elderly persons
and improve the syntax of the proposed language. Five con-
straints are defined, called:

{Constraint1 : Location — Object}, { Constraint2
Location — Activity}, { Constraint3 . Activity — Time},

{ Constraint4 . Activity — Habit}, and{ Constraint5
Person — Profile}

Constraint 1 (Location—Object): this constraint represents
the entire specification of the object and the link that exists
between a specific location and objects used in that loca-
tion. Every place at home is equipped with specific objects.
Therefore, the objects are relative to the place. For exam-
ple, kitchen objects cannot be used in the bathroom. Table 2
shows a classification of objects regarding their locations
based on Constraint 1.

Constraint2 (Location—Activity): this constraint represents

the specification of the activity according to the type of loca-
tion. Every activity of daily life is relative to its place. This

Table 2 Objects by location

Place Objects

Kitchen Oven, microwave, sink, stove, refrigerator,
washing machine, coffee machine, dining
table

Bathroom Toilet, sink, bath, mirror

Bedroom Bed, night table, wardrobe, desk

Living room Sofa, TV, table, fireplace, telephone

constraint represents the same principle as the constraint 1
(Location—Object), i.e. each activity is linked to its location
and can not be realized in another place. For example, in the
normal course, a person cannot sleep in the kitchen. Table 3
represents a classification of activities by location.

Constraint 3 (Activity—Time): another very important con-
straint concerns the descriptive language is the constraint
(activity/time) which represents the relationship between
the activity and the time of realization. In general, approxi-
mately every daily activity is relative to a specific time slot.
This means that an activity is bounded by a minimum and a
maximum amount of time. For a given person and profile,
this time interval can be defined by experts and sometimes
can be estimated based on the routine of a person’s life. For
example, it is possible to consider that it does not make sense
to prepare a breakfast during 5 h, or to take a shower in a
time slot equals to 8 h.

Constraint4 (Activity—Habit): this constraint plays a major
role in the recognition phase, which facilitates the detection
of abnormal behaviors of the person based on their habit.
This constraint consists of two sub-constraints which are:
the habit—time constraint and the habit—order constraint of
the activities.

Habit—time: this constraint is related to the constraint
3 (Activity—time) but it also depends on the person’s rou-
tine in the sense that the time of realization of an activity
changes from one person to another. The usual time required
by humans is considered to define the relationship between
the time required for a given activity in a general setting and
the time required for an activity that concerns the person
being monitored in the smart space.

Habit-order of activities: this constraint concerns the
order of activities and the habit of the person. The constraint
helps to structure the behavior of the person and subse-
quently to distinguish each new behavior change. For exam-
ple, the usual order of activities during three months for a
given person can be: get up, then, take a shower, then, make
his toilet, then, prepare his breakfast, then, to watch TV. If
a change is identified regarding the order of daily activi-
ties, this may indicate a change in behavior that sometimes
highlights a change regarding the health state of the person.

Table 3 Person’s activities by location

Place Activities

Kitchen Prepare lunch/dinner, wash dishes, etc.
Bathroom ‘Wash, shower/bath, toilet, etc.
Bedroom Wake up, lie down, get dressed, etc.

Living room Watch TV, read a book, rest, etc.
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Constraint 5 (Person—Profile): in this description, the focus
of the target subjects is made on elderly persons. This con-
straint is based on the person’s profile in order to improve the
language and gain an adaptable and customizable description.
The profile of the person is considered as follows: Profile
= [Name/Surname — Age — Location — Diseases — SMAF
Geriatric Profile — Weight — Height]. In order to handle the
profile of the person within the proposed fifth constraint, a
focus is made on three basic information (age, diseases, and
SMAF profile) which is the most significant information in
the proposed description. The purpose of the Constraint 5
is to define a specific link between these terms and which
is easy to interpret in order to have a clear level of descrip-
tion according to the profile of the person. The term “SMAF
Profile” indicates the level of autonomy of the person using
the SMAF geriatric scale (Mshali et al. 2018). SMAF is a
very detailed autonomy measurement system that consists
of 14 profiles, ordered starting from independent persons to
totally dependent persons. In order to facilitate the use of this
information, the 14 profiles are classified into four catego-
ries of profiles. The term “age” is an important criterion for
the elderly people. This criterion can help to determine the
level of descriptions in the language. The term “diseases” is
also a significant term. It also helps to improve the way of
descriptions. From these terms, a level of description of the
proposed language is proposed to take into account the pro-
file of the person and his level of autonomy. The principle of
this classification is as follows: three levels of description are
provided: a simple description, a detailed description, and a
more detailed description. This classification allows to elimi-
nate the presence of unnecessary content in the descriptions
and avoid the clutter of information if it is not necessary.

Level 1: simple descriptions of elderly persons with an
age € [50...70].

Level 2: detailed description elderly persons with an age
€[70...80].

Level 3: more detailed description elderly persons with
an age € [80...90].

Table 4 presents the three levels of description according
to the age, SMAF profile, and diseases.

An assessment of the person’s level is made at the begin-
ning of the person’s monitoring in order to provide an adequate
description. This level periodically requires control according

to the usual data and according to the Constraint 4. In addition,
if the behavior of the person undergoes a noticeable change,
the level of autonomy defined beforehand will be updated.

3.3 Structure of EBRADL

After having defined the lexical field and the syntax of the
proposed language, this part focuses on the designation of an
adaptable and customizable structure based on the various
constraints proposed in the syntax part. Based on constraints
1,2, and 3, it is easy to conclude that a daily activity is pro-
portional to the place and objects involved in each activity
are relative to the place. Hence, the location includes the
activity and the object proportionately. Consequently, the
descriptive structure of the language takes into account the
notion of place as a basic notion. For this reason, a classifi-
cation based on the type of location of the home is proposed.
In this way, a specification can be added to to EBRADL in
order to have a simple, adaptable and relevant description.
Table 5 presents the notion of classification.

After providing a relevant and meaningful classifica-
tion to the proposed terms and constraints, a well organized
structure of the language can now be define. Indeed, the
description of the daily activities of a person takes the fol-
lowing form:

Person # is in # the place # performs # activity # with
the use of # object [objetc,, objetc,,..., objetc,] # at t = #
start time.

Example: Paul # is in # the bathroom # performs # his
toilet with the use of # [Sink] # at t = # 9: 35h

Considering the constraint 5 (Person—Profile), three
descriptive structures are defined according to the profile
of the person.

Level 1 (simple descriptions): Person # is in # a place
# make # activity.

Level 2 (detailed descriptions): Person # is in # place #
performs # activity # with use of# object [object,, object,,...,
object,] # at t = # Start time.

Level 3 (more detailed description): Person # is in # a
place # performs # activity # with use of # object [object,,
object,,..., object,| # at t;, =# Start time # to t, = # End time.

Our descriptive language EBRADL focused on elderly
persons and is dedicated to offer an adequate selection of the
data collected by sensors. Therefore, it is crucial to model

Table 4 Levels of description
according to age, SMAF profile,

Levell

Level2 Level3

and diseases

Diseases
SMAF P1
Age [50...70]

The person have a simple diseases

The person suffering from serious diseases. For
example: Alzheimer’s, tension, heart disease

P4, P5, P6, P7, P8, P9, P10, P11, P12, P13, P14
[80...90]

P2, P3
[70...80]

@ Springer



6066

Z.liouane et al.

Table 5 Classification of Activities/Objects/Time slot by location

Location
Kitchen Bath-room Bed-room Living-room
Activities Prepare lunch/dinner, make a coffee, Take a toilet, Sleep, wake up, dress Watch TV, read a book
wash dishes shower, wash face/
hand
Objects Stove, washbasin, fridge, etc. Washbasin, bath, Bed, wardrobe, bedside table TV, sofa, bookcase, etc.
shower, toilet, etc.
Time Slot Start time/end time

and automate the proposed language in order to recognize
and predict the behavior of the monitored person.

4 Elderly people behavior modeling

Most of the research that has been done to deal with the
recognition and prediction of behavioral activity is done
using statistical techniques. These techniques are used to
determine the dependence and correlations between time and
data generated by the sensors to identify the behavior of the
occupant. Probabilistic models are classified among the best
techniques used for identifying the human behavior because
they are able to represent random variables, dependencies,
and temporal variations in the data. In this work, in order
to model and automate the proposed language, an efficient
hybrid model is proposed. The goal is to recognize and pre-
dict the behavior of the person in a flexible and relevant way
that allows monitoring the person afterward.

4.1 Recognition hybrid model

The Hidden Markov Model (HMM) is one of the statisti-
cal models in which a system uses a Markov process with
unknown parameters. It is widely used to identify a user’s
activity from sensor data. EBRADL is characterized by a
hierarchical structure and well-defined constraints that rep-
resent robust relationships between terms and the logical
aspect that considers the profile of the person, the architec-
ture of the house, etc. Thus, relevant modeling requires a
model that meets the needs of the proposed language. The
targeted model must be effective from the point of view of
the recognition and perdition and must take into considera-
tion the hierarchical notion and the temporal notion together.
To this aim, a new hybrid model called “Temporal Hier-
archy Hidden Markov Model (THHMM)” is proposed.

4.2 The THHMM model

The Temporal Hierarchy Hidden Markov Model
(THHMM) is based on a combination of the hidden

@ Springer

hierarchical markovian model (HHMM) (Kong et al. 2018)
and the hidden semi-markovian model (HSMM) (Dong
and He 2007) in order to support the hierarchical and tem-
poral reasoning.

In the considered hierarchy, the number of levels
increases from the highest level to the lowest level. A state
S? represents a state (internal transmitter) with i represents
the index and n the level in the hierarchy. A parent state at
level n emits a sequence of symbols to stimulate a child
state at level n + 1. These states may also be composed of
HMM or HHMM. There are two types of transitions: a verti-
cal transition connecting the states of the same level and a
horizontal transition that connects a state of the level n to
level n + 1. To estimate the model’s parameters, the three
HMM conventional algorithms are derived for the evalua-
tion, decoding and learning problems.

The forward-backward algorithm is applied to solve the
evaluation problem and determine the probability that the
observations are generated. The Viterbi algorithm is used
to determine the most likely state sequence that produced
the observations. For the learning problem, to find a method
to adjust the model parameters and maximize the probabil-
ity of a given observation sequence O, the Baum—Welch
algorithm is used based on an iterative method. The re-
estimation of the probability of being in the state i at time
t = 11is represented by 7; where 7, = y,(i), 1 < i< N and
7,(i) = P(S, =i | O, A) is the probability with O being the
observation sequence with the hierarchical model A.

Since the hierarchy structure does not take into account
the temporal notion for each state, this dimension is inte-
grated into the proposed model from the semi-Markov model
to find explicit modeling and estimate the amount of time in
a given state. The time criterion is of paramount importance
in e-health monitoring services and allows us to discriminate
the duration of each activity and distinguish any change in
the routine of the person. The explicit parameterization of
a state’s duration is defined by the estimation of a probabil-
istic parameter P;(d) with 1 < d < D, where D represents
the maximum duration (limit) by state and P; represents a
probabilities vector of discrete duration. Two distribution
classes are used for the state durations: a discrete distribution
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(a Poisson distribution) and two continuous distributions
(gamma and Gaussian distributions).

The general form of the THHMM model can be repre-
sented by 1 = (A5, BS, 75, P¢(d), N) where for a given level:
AS represents the transition matrix between states, BS repre-
sents the observations matrix, 75 represents the initial state,
N represents the states, and Pg(d) is the probability that the
model remains in a state S for a duration d. Thus, the rec-
ognition and learning algorithms (Baum—Welch and basic
forward—backward) undergo the reformulation in order to
apply the hierarchical structure and time in THHMM. The
resulting THHMM model integrates explicit management
of the duration of each state by the estimation of a temporal
variable. These time variables are connected to each other
by arcs in a way that the current states are triggered at the
end of the previous state. The Markovian recognition model
makes it possible to recognize the hierarchical states accord-
ing to the level in the hierarchy structure. If a state of level
n is triggered, the model operates as a conventional HMM
and seeks to find the most probable state. Subsequently, the
most likely state stimulates sub-states that are in the n + 1
level and are linked with a vertical link between the levels.
Figure 1 shows the architecture of the THHMM model.

4.3 Application of THHMM for the recognition
of the behavior

In order to recognize the behavior of an elderly person
evolving in a smart environment, the THHMM Model
is applied. The following part discusses the principles
of EBRADL modeled by the THHMM model. First, the
structure of the monitored person’s space is defined. In
this study, the example of a smart home consisting of

Fig. 1 Structure of the Tempo-
ral Hierarchy Hidden Markov

Model (THHMM) model Level 1

four rooms is considered. The rooms are: the bedroom
(BR), the living room (LR), the bathroom (Bth-R) and the
kitchen (K). Each room is equipped with several types of
sensors. Prior knowledge of the environment allows us to
define the structure of the model and define the number
of states. This step is used to model the proposed lan-
guage. The specific form of THHMM becomes A with
A= (A% B, 7, S, T,N), where: T represents the time where
the model is stopped at a given state level, N represents
the states of the model which are defined by the set S with
S, =S,,S,,5; where S, represents the rooms in where the
occupant is at time ¢, S, represents the activities that the
person is doing at the moment ¢, S; represents the objects
used at time ¢.

In order to test the THHMM model, a supervised sce-
nario to simulate the behavior of the activities of daily living
(ADL) of the elderly person is performed. The THHMM can
be seen as a discrete set of nodes (or states) and transitions
(or arcs) connecting these states to each other. The states of
the model are hierarchically organized. An appropriate mod-
eling is developed in order to structure the EBRADL lan-
guage by the THHMM hybrid model. In order to recognize
the behavior of the person and to automate the EBRADL
language modeled by THHMM, the proposed model is
composed of 4 hierarchical levels which are the Root level,
the Location level, the Activity level, and the Object level.
Figure 2 illustrates the structure of the EBRADL language
modeled by THHMM. It shows the activities of the person
according to the places and objects with the proposed hier-
archical structure. Level 1 represents the root environment.
Level 2 represents the main environment. Levels 3 and 4
represent the activities and objects respectively.

@ Springer
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5 Results assessment

In this part, the results of the recognition and prediction
obtained by the THHMM model are simulated and inter-
preted. The accuracy of THHMM based on the EBRADL
language is evaluated. The goal is to identify the capacity
of THHMM in terms of prediction accuracy. The evaluation
considers the prediction error, the root mean squared error
(RMSE) and the state error percentage during the prediction
step to evaluate the performance of the proposed model.
Also, the achieved results are compared with the existing
research to evaluate the efficiently of the proposed recogni-
tion model.

5.1 Experiment context

For the purpose of conducting various experiments to evalu-
ate the propositions presented in this work, it is required to
process a dataset that includes a substantial period of moni-
toring and which is as close as possible to the requirements
and richness of expressivity of EBRADL such as the con-
sideration of the information about the geriatric assessment
and the integration of daily activities, places, objects and
time (Sect. 3). In this work, the assessment is based on data
collected from the e-health monitoring open data project

Fig.2 EBRADL structure mod-

eled by THHMM
Level 1: Root

Level 2:

integrating the CASAS Aruba and Tulum datasets (Mshali
et al. 2018; Liouane et al. 2018; Diane et al. 2013). Raw
data provide a set of activities and actions achieved by the
occupant in chronological order. Data represent the activi-
ties as defined in the geriatric SMAF model. The provided
data describes several scenarios throughout a long period.
The different periods of monitoring include: five periods
each one of one year for one resident (with a worsening
geriatric profile), a period of 7 months for one resident with
the same profile and a period of 4 months for two residents
with the same profile. The format of each daily living event
includes the beginning and the end time of each activity or
basic action. For instance, Table 6 summarizes the activi-
ties with a specific category and code for each activity for
an autonomous inhabitant who belongs to the first profile of
the SMAF model. Parallel processing, with MATLAB, was
performed on data using the four cores of a DELL Precision
M6700 machine with an Intel®Quad-Core TM 17-3940XM,
3.20 GHz processor with a RAM of 32 GB.

The periods of daily scenarios are processed to build a
behavior model of the older adult. The activities and actions
achieved by the inhabitant are represented with a general-
ized temporal relationship form: [day, start-time, end-time,
activities-code] (Liouane et al. 2018). An example of data
collected from a home with multiple sensors is depicted
on Table 7. Collected data are processed and transformed

(cP)

0‘ @‘ (e ®‘

&

Level 3:
Activities

Level 4: Objects

9@@@

F
O O @ 0

Table 6 Daily living activities

and actions Activity {action, (codel), ...,

Eating {Eating (1)}

Dressing { Wear take off shoes (2)}

Washing {Take shower (3)}

actiony (code N)}

Grooming { Washing hand/face (4), Hair dry (5), Move dish (34), Make up (6)}
Toileting {It take same toileting action (9)}
Meal preparation {Wash dish (11), Make coffee (13), Make tee (14), Make sandwich (15), Make hot food

(16)}

@ Springer



An intelligent knowledge system for designing, modeling, and recognizing the behavior of elderly... 6069

into a continuous time-series format with the classification
of activities, objects and time slots by location (Sect. 3.3;
Table 5).

5.2 Behavior prediction

Scenarios prediction represents a very important task as part
of a home monitoring system. The objective is to predict
future activities in advance and anticipate required interven-
tions in case of a risky behavior change or emergency. The
prediction also allows updating the profile information of the
person in the case of significant changes. In the following,
the prediction’s accuracy of THHMM while benefiting from

Table 7 Time series of the daily living scenarios

the model’s hierarchical structure (i.e. level 2: locations and
level 3: activities) is evaluated. First, the focus is made on
the prediction of activities (Figs. 3, 4): what are the expected
overall activities that the resident will perform at home and
those expected in a specific place? Secondly, the focus is
made on the prediction of the duration that the monitored
person could spend in achieving the daily activities (Figs. 5,
6): how long does it take to perform the activities regardless
of the location and for a specific location?

Figures 3 and 4 present the results of the predicted behav-
ior using the THHMM model at level 2 (i.e. location) and
level 3 respectively over the real behavior. The blue curve
shows the real behavior and the red one shows the predicted
behavior as estimated by the THHMM model in both Figs. 3
and 4. The simulation results regarding the interpretation of
the person’s behavior using THHMM during a day (Fig. 3)
show that the behavior estimated by the THHMM model

Da Start-time End-time Activ- .
Y ities- seems to correspond to the real behavior of the person. The
code same observation applies in Fig. 4.
In the context of a monitoring system, the prediction of
01 08:03:32 08:22:40 3 . . . .
durations is of paramount importance. Indeed, the criterion
01 08:23:46 08:26:53 5 . .
of time helps to detect a behavioral change or an abnormal
01 08:28:50 08:38:39 2 . Lo . .
situation in particular for dependent persons. The time spent
01 08:40:37 08:50:24 9 . . . .. . ..
in each space and the time spent in achieving a given activity
01 08:52:12 08:55:38 4 . . >
can guide to model behaviors related to the person’s hab-
01 08:57:36 09:05:53 13 . . - . . .
its and distinguish the changes based on those habits. This
01 09:07:38 09:12:52 4 . . .
information can be used for medical purposes. For exam-
01 09:13:57 09:21:10 15 , . .
o1 09.23:08 094311 | ple, to assess the person’s autonomy or to identify some
o1 09.46'00 09'55’21 4 activity-related diseases such as Alzheimer’s, diabetes, and
o e depression. As a result, the behavioral model THHMM is
01 09:56:45 10:03:03 9 . o .
mainly based on the temporal criterion. Figure 5 presents
Fig.3 The real and predicted 5 T T T T T T T T
behavior obtained by THHMM : : : —B— Real Behavior
atlevel 2 b f .......................................... ~—*— Predicted BehaviorH
4 T m ...................................... m ............................. —
. .
[*}
L U Y S R S S S R P SR -
[
Q
[
=
SO R g i
S
>
m ............................. —
L
3
! |

5 7 8 9
Time (sec) 4
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Fig.4 The real and predicted T
behavior related to the Kitchen !

obtained by THHMM at level 3 AR e

Prepare the meal

Wash the dishes|

T T T T T
—HB— Real Activities of the kitchen
— * —Predicted Activities of the kitchen

Fig.5 The real and predicted x 10"

1000 1500 2000 2500 3000
Time (Sec)

time for each state (Living-

room, Kitchen, Bathroom, and
Bedroom) obtained by THHMM
during a day

=== Real Period

*  Predicted Period|

Time (Sec)

the prediction results regarding the time spent in each loca-
tion obtained by the THHMM model at level 2, states: living
room, kitchen, bathroom, and bedroom. Figure 6 presents the
prediction results of the time spent to perform each activ-
ity (e.g. preparing meal) associated with the kitchen state
obtained by THHMM at level 3. Each curve shows the real-
time as well as the estimated time for each state throughout
a day. The blue curve shows the real-time while the red one
shows the estimated time. The simulation results show that

@ Springer

Bed-Room

the time estimated by the THHMM model for each state
appears to fit well with the real-time spent in each location.

5.3 Performance evaluations
The prediction error of the proposed model is evaluated

throughout 1 day. Table 8 presents the results regarding
10 days for the RMSE assessment. The obtained results
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Fig.6 The real and predicted
time for each state (preparing

Use objects

meal, washing the dishes, and I

using an object), level n = 3 = Real Period

= = = Predicted Period

| L | |

O |
0 200

400 600 800
Wash the dishes

[

Kitchen stay time
(Sec)

1000 1500
Prepare the meal

| i i |

0 500

confirm the accuracy of THHMM. Indeed, the average of
the RMSE is about 9.6392 x 1072 per day.

In the following, the error percentage is evaluated of
each state in level 2 which represent the bedroom, bath-
room, living room, and the kitchen. Figure 7 shows the
error rate for each state belonging to level 2 in the predic-
tion step. From this figure, it is observed that the error
percentage related to the bathroom state is 0.2. For the
kitchen, the error percentage is approximately 0.5. The
percentages of errors are 0.44 and 0.31 for the living room
and the bedroom respectively. Concerning the “level 3”
of the hierarchy (i.e. activities), specifically the kitchen
state, the percentage of error per state is 0.03 for the state
using an object. For the washing the dishes state and the
preparing meal state, the error percentages are 0.06 and
0.12 respectively (Fig. 8).

From the previous results, the performance evaluations
of the THHMM model highlight the behavior prediction
accuracy and at the same time show the time prediction
accuracy which confirm the efficiently of the proposed
recognition model.

1000 1500 2000

Start / End Time(Sec)

5.4 Comparative study

In order to approve the performance of the proposed approach,
the results of the description language EBRADL and the
THHMM model are evaluated together. First, the benefits of
EBRADL compared to existing knowledge methods are appre-
ciated. On the other hand, the utility, the considered activi-
ties, and the benefits of THHMM are evaluated and compared
with the recognition models based on HMM that exist in the
literature. Generally, a deep knowledge study is very impor-
tant to provide a good and understanding knowledge method.
For this purpose, Table 9 shows the comparison of benefits
between the existing knowledge methods and the proposed
knowlegde method (EBRADL). From Table 9, it is observed
that the proposed method is more understandable and power-
ful to design and model the activities of daily living. In fact,
EBRADL ensures several criteria such as adaptability, sim-
plicity (structure), data abundance, and effectiveness.

To ensure a good recognition and prediction of the gener-
ated knowledge (regarding ADL and IADI activities) provided
by the proposed language, several criteria must be checked in
the used model. For this purpose, a hybrid markovian model is

Table 8 Root mean square error

Day DI D2 D3 D4 D5 Average
(RMSE) per day

RMSE 891 x 1072 9.54 x 1072 9.06 x 1072 8.94 x 1072 9.74 x 1072 9.21 x 1072

Day D6 D7 D8 D9 DI0

RMSE 9.07 x 1072 9.50 x 1072 8.87 x 1072 8.81 x 1072 9.63x 1072
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Fig. 7 Prediction error based on 05

states (level 2)

0,45
04

0,35

0.30

0,25

0,21

Percentage error

0,15+

0,1

0,05

Bath-Room Kitchen Living-Room Bed-Room

Fig.8 Prediction error based on 0.14 T ! |
states (level 3)

0.12

0.1

0.08

0.06

Percentage error

0.04

0.02-

Use Objects Wash the dishes Prepare the meal

proposed to improve the recognition method and the prediction ~ needs of monitoring systems taking into account two impor-
accuracy. Table 10 presents a comparative study between the  tant criteria which are: the temporal dimension and the hier-
proposed model and existing markovian models. archical notion. Also, THHMM considers both of the ADL

From Table 10, it is easy to conclude that the proposed  and the IADL activities to track the behavior of the person,
model (THHMM) provides a good performance to ensure the  so that is more intense from the data knowledge perspective.
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Table 9 The benefits comparison between the existing knowledge methods and the proposed language

Works

Knowledge models

Benefits

Ta Minh et al. (2018), Abdelrahman and Wang (2019)
Francesco et al. (2019), McDonald et al. (2013)

Elena et al. (2018), Asad Masood et al. (2014)

Mansur Kazemi et al. (2014)

Sanjari et al. (2017), Ferilli (2014)

Ye et al. (2015), Noor et al. (2018), Hossain et al. (2017),

Object-oriented modelling

Logic-based modelling

Gayathri et al. (2017), Bobillo and Straccia (2016),
Wemlinger and Holder (2018)

Proposed approach

EBRADL

Key-value modelling

Hierarchical and markup
scheme modelling

Graphical modelling

Ontology-based modelling

Easy to manage

Provides an interaction models

Provides a comprehensive support for designing the

imperfect and historical information

Provides a good performance in object related activity

context representation

Clear and elegant semantics in describing contextual

information

Represent the context in terms of heterogeneity,

interoperability, and usability with a user friendly

interface.

-Adaptable according to person’s level of autonomy.

-Provides an intelligent reasoning. -Efficient in
describing the contextual information. -Considers
the person’s profile. -Considers the space’s structure.
-Easy to understand and do not require knowledge
engineering skills.

Table 10 A comparison of characteristics between the existing markovian models and the proposed model (EBRADL/THHMM)

Works

Recognition models

Utility

ADL recognition

Benefits

Yu et al. (2018)

Kabir et al.
(2016)

Yiyan et al.
(2016)

Kim et al.
(2015)

Wang et al.
(2016)

Ronao and Cho
(2017)

Kolekar and
Dash (2016)

Liouane et al.
(2016b)

Wu et al. (2016)

Proposed
approach

HMM

Two-layer Hidden
Markov
HMM

Hidden Markov
model ensemble
(HMME)

SW-HMM

HCHMM

HMM

HHMM

Improved-HMM
(IHMM)

EBRADL /THHMM

Falls detection

Human activity
recognition

Complex walking

Mobile activity
recognition

Smart phone-
based activities
recognition

Human activity
recognition

Human activity
recognition

Detection and
prediction
of abnormal
behavior

Behavior predic-
tion

Behavior recogni-
tion and predic-
tion

Falls and normal activities

ADL

Walking walking on stairs, stand-
ing, running, siting, laying

Walking and walking on stairs,
standing, running, siting, laying

Walking, standing still, running,
upstairs, downstairs

Walking, walking upstairs, walking

downstairs, sitting, standing

Side gallop, two hand wave, walk,
run, bend

ADL and IADL

Turn on the light, turn off the light,
open the window, turn on the air
conditioner, turn off the air con-
ditioner, turn on the electric fan,
turn off the electric fan, open the
curtains, close the curtains

ADL and IADL

Able to precisely detect falls in real-life
home scenarios with a reasonably low
false alarm rate

Reduce time complexity of the model
Accuracy of the model (93.8%)

The best average accuracy of HMME is
83.51%

The confusion rate of SW-HMM is between
40 and 50% lower than other popular
methods

HCHMM provides about 93.18% of accu-
racy recognition

A good accuracy recognition of 100.00%
for walking, 100.00% for hand waving,
90% for ending, 84.61% for running, and
90% for side gallop activities

High performance tool about complex data

improves the prediction accuracy by at least
10% compared to the traditional HMM

Considers the temporal concept. Considers
the hierarchical design. Meets the needs
of the proposed recognition language.
Provides a good prediction accuracy
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Finally, another important benefit of THHMM is the major
prediction accuracy.

6 Conclusion

Describing and recognizing the daily activities of a senior
monitored in a smart space is a very important task in a
health monitoring system. Unfortunately, the heterogeneity
and variety of sensory data collected make tasks description,
recognition and prediction difficult to achieve. Therefore, for
an efficient context-aware modeling, a description language
named “Elderly people by Room Activities Description Lan-
gauge (EBRADL)” was proposed based on the ADL and
IADL activities, person’s profile, constraints, and rules. The
proposed language serves to provide a specific and clear
understanding and characterization of daily activities accord-
ing to the person’s level of autonomy. In addition, a standard
formalization of the contextual information that represents
the behavior of the person was achieved. Subsequently, a
hybrid approach based on the Markovian model was pro-
posed in order to automate the EBRADL language and to
predict the future behavior of the person. EBRADL is char-
acterized by two basic criteria: a hierarchical structure and
the temporal dimension, so the relevant modeling requires
a model that meets the needs of these characteristics. The
proposed hybrid model called Temporal Hierarchy Hidden
Markov (THHMM) is characterized by its hierarchical struc-
ture and the time integration. The simulation results show
that the proposed model offers promising results regarding
the prediction accuracy. In addition, a comparative study
between the proposed recognition process (the combined
knowledge method with the recognition model) and exist-
ing works was provided. The evaluation confirmed that the
proposed description language is more efficient than exist-
ing knowledge models and, hence, it allows more benefits
such as simplicity, clarity, adaptability, and flexibility. With
respect to the proposed recognition model, the comparison
results confirmed that THHMM is more suitable to recog-
nize and predict the knowledge related to persons activities
and behavior. Moreover, THHMM provides a better predic-
tion accuracy compared with other related research.
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