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Abstract

This paper presents a study of why and how Case-Based Reasoning (CBR) can be used in the
long term to help elderly people living alone in a Smart Home. The work focuses on the need to
manage the temporal dimension and how the system must be maintained.

The proposal involves the integration of a CBR system in a commercial Smart Home architec-
ture that includes sensors, data communication and data integration. The CBR system analyses
the daily activity at home as temporal event sequences, using temporal edit distance to identify
the most similar cases. Most common Case-Based Maintenance (CBM) algorithms adapted to the
temporal problem (t-CNN, t-RENN; t-ICF, t-DROP1 and t-RCFP) are used to reduce the number
of cases in the Case Base in order to contribute to its long term maintenance.

The experiments carried out analyse the effect of different temporal CBM algorithms in com-
mon risk scenarios (waking up during the night, falls and falls with loss of consciousness). Data
experiments are generated synthetically based on real behaviour patterns of 12 hours’” and 24 hours’
duration. Algorithms are compared using a paired t-test analysis. The results show that the al-
gorithms t-CNN and t-DROP1 are able to create case-bases that statistically present the same
average results as the original case-base but with a 10-20% in size. Algorithms t-ICF, t-RCFP
and t-RENN can build similar case-bases to the original with a 10-50% size reduction, although
they are not totally equivalent since they have significantly different average results than the orig-
inal case-base. Finally, algorithm t-RENN does not significantly reduce the size of the case-base
because it commonly deletes cases describing abnormal scenarios.

We demonstrate that the proposed temporal CBR system is able to detect the different proposed
risk scenarios when there is a large number of cases. That is, the CBR systems are useful in the
long term. Experiments indicate that the temporal CBM algorithms analysed are able to reduce
case-bases successfully to detect abnormal scenarios. However, success in creating a maintained
case-base equivalent to the original depends on the number of cases.
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1. Introduction

Most international health organisms warn that there will be a drastic increase in the average
age of the population in western and newly industrialised countries [82]. Computers, and intelligent
systems in particular, could, therefore, play a relevant role by providing assistance and care for
elderly people. Some mechanisms that have been proposed for use in the detection of situations
in which elderly people are at risk are Smart Homes (SHs) and, more recently, Ambient Assisted
Living actions [I5]; for instance, the severe accidents most frequently suffered by elderly people
living alone at home are falls.

SHs are generally managed by agent systems [23], in which each specific task is supervised
by an autonomous agent by, for example, controlling the house automations [70], carrying out
surveillance of the medical state of the user at home [2I] or providing a graphical representation of
the resident’s behaviour [38]. The architecture of SH systems usually deploys a network of sensors
to register home data that is subsequently delivered to autonomous agents. A myriad of sensors
is considered in this respect, including image recording devices and wearable technology [22] [76],
but also more ubiquitous solutions such as motion sensors or pressure transducers [2, [71]. After
the information is acquired and formatted, intelligent systems are able to identify different types
of contexts, such as potential risk scenarios.

In recent years, Case-based Reasoning (CBR) has been used to implement agents for SH sys-
tems. Three main advantages can be attributed to CBR in these systems [7, 23], 47]: (1) the CBR
methodology is adaptive by nature and is able to learn from new scenarios during running time;
(2) the knowledge base is composed of cases (knowledge units) that store a scenario (problem) and
its classification (solution), thus ensuring that CBR does not compute already-solved problems;
(3) the learning process and reasoning mechanisms can be interpreted by humans, thus enabling
experts to easily check how and why each solution has been obtained [26], [73].

CBR alert systems have been appropriately implemented in SHs, and most authors highlight
their capacity to be adapted in order to learn new cases from the system. However, little attention
has been paid to: (a) how the system behaves after running for a long period of time (including
the attainment of new knowledge) and (b) the types of measures that should be adopted in order
to maintain its knowledge base. We are, therefore, of the opinion that CBR applications for these
scenarios are still an open problem, and consider that two key aspects must be tackled: (1) the
correct representation of the temporal dimension in the development of these CBR systems [53];
and (2) case-base maintenance, since storing many cases in the case-base may imply an increase
in the retrieval time of similar cases. We intend to solve this problem by focusing this research on
the effects and consequences of using a temporal Case-Base Maintenance algorithm (tCBM) in the
system, one of whose benefits is a reduction in case-base size, thus making any explanation of the
system outcome more interpretable while simultaneously enhancing the performance of the system.
There is, to the best of our knowledge, no previous analysis on temporal case-base maintenance or
empirical studies of CBR maintenance in SH systems.

In this work, we study the impact of the case-base maintenance of temporal CBR systems in
SHs.

We present a SH system based on CBR to identify potentially scenarios of risk, such as falls and
loss of consciousness. In our proposal, the CBR system stores and retrieves the activity of elderly
people living alone at home (detected locations and time-stamp). The proposed CBR system
has been designed for the proDIA monitoring system [12], a commercial system that consists



of a network of sensors for room activity (infra-red motion sensors), bed and chair (pressure
transducers) and open doors (magnetic sensors).

The structure of this paper is as follows. In Section [2] a review of Al in SHs, temporal CBR
and Case-Based Maintenance is presented. Section |3 describes the original SH platform and our
proposal of a CBR module for Alarm Detection. Section [ presents the different components of
the CBR cycle. Section [5| shows the experiments conducted to determine the best configuration
of the proposed system. A discussion of the experimental results is provided in Section [6] while
Section [7] presents the general conclusions of this research.

2. Background

2.1. Al in Smart Homes and Daily Living Activities

Smart Homes (SH) are meant to ease the activities of the people who live in them. However,
this goal is so wide that the term smart home can be used in many different systems for different
purposes: the automation and control of the home environment [70], the assistance provided to
independent elderly people [35, 45, [46], monitoring the health status of the elderly [9] 21], or
improving leisure activities at home [74].

Moreover, examples of the importance of this technology include the development of many
research initiatives, such as the CASAS project [19], MavHome [20], MIT’s PlaceLab [36], the
Aware Home [41], Georgia Tech Aware Home [35] or H-SAUDE [21].

The implementation of SHs is traditionally based on agents [23], where each agent is responsible
for one particular task: for example, the monitoring of activities of daily living. In order to fulfil
their purpose, each agent uses a set of devices or sensors to gather the required data from the
environment. Usually, these devices are nodes of a wireless sensor network [2], such as video
cameras [76], or pervasive [71] or wearable [22, R0] sensors. Although such type of sensors can
be used to attain different objectives of SHs, each device type offers a set of advantages and
disadvantages [18] 27].

Much effort has been put into developing systems able to detect Activities of Daily Living
(hereinafter ADL), which makes it possible to discover people’s behavioural patterns and assist
them at home [9]. To this purpose, many solutions have been proposed. Such projects have in
common the use of cheap sensor infrastructures to record home activities.

The sensors are usually as pervasive as possible [74], and among the most common there
are binary sensors (such as infrared, door-installed and pressure sensors) [45] [46], 66], RFID tags
[22], 80] (either as bracelets or hidden in the clothes), and even GPS devices in combination with
accelerometers [54]. Sensors to detect smoke and fire are help in safety aspects [66].

Video cameras are also used, but they clearly affect people’s privacy [17]. Alternative ap-
proaches include the use of vibration sensors to be placed on the floor to track the movement
of people at home [41]. While the number of sensors to be intalled is not a simple decision, the
tendency is to install as few as possible [75].

2.2. FElderly Adults and Assited Living

Elderly people, particularly those living alone, are targeted sedentary at-risk population. Healthy
ageing strategies are being implemented by governments and health organisms whose attention is
turning to at-home monitoring. Great efforts and funds has been dedicating to adapting current
technology to such health problem. For example, the Active and Assisted Living initiative (AAL),
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promoted by the European Unior[l] is to enhance the quality of life of elder people. In general,
such systems tend to focus on monitoring daily activity, alerting caregivers or suggesting healthy
habits.

In recent years, a myriad of projects and research works have been proposed. In the rest
of this section we review some of them. The project RUBICON implemented a general purpose
architecture, including a network of wireless sensorised environment (RFID technology) for activity
detection to help effectors and robots to adapt when they execute tasks for security purposes but
also AAL [6]. Robot-Era project aims to improve quality of life of elderly people integrating
robotic services in an Aml infrastructure. In this case, the sensorised environment provides the
robotic agents to cooperate with people [I1]. For example, the intelligent environment helps to
implement a reasoning layer for pro-active assistance, integrating activity recognition and planning
[69]. The project CARE is specialized on the automated recognition of fall detections and other
critical situations [I0, 46]. This project uses image processing activity and real-time processing
to track the activity of elderly people at home. In order to reduce the technological impact
with elderly people, some other efforts has been done to limit the direct interaction with the
end-user, specializing the purpose of home monitoring. DOREMI project focuses on detecting
cognitive impairment and provide affective support and cognitive stimulation using regular home
devices (TV, tablets, etc.). Activity detection technology focuses on wearable Wireless devices
to track people (wristband) and objects in real time. This infrastructure helps, for example, to
identify unhealthy habits but also to detect of socialization events [8]. GiraffPlus project adopts
a partially invasive approach, combining a network of sensors in the home (movement sensors,
stove sensors) for activity detection (daily activity, falls) and pro-active biomedical sensors (e.g.
body temperature, weight) [67]. The system is complemented with a virtual visitor (robot) with
camera and microphone to provide a full interaction with the elderly-people when it is required by
the system. Activity detection focuses on the identification of daily activities (e.g. sleep, eating,
cooking) and if an altered pattern (e.g. sleep/eating, fall) is detected, caregivers are contacted.

In general, both AAL and SH systems are characterised by their spatial and temporal features.
The system is aware of the current location of the person at home and, based on a record of
previous locations, it can infer what activity is being undertaking. There are different approaches
to representing the data collected by sensors to be used by the system; for instance, time series
or event sequences [29]. Alternatively, to enhance understanding of the collected data, complex
data models can be built from the information provided by sensors. For example, Markov based
models can be built from time series generated by sensors [31]. The main differences between time
series and event sequences are the frequency at which the data from sensors are gathered and the
heterogeneity of the collected data. On the one hand, time series collect data from one sensor with
a given frequency, and, if several sensors are deployed, the system has to deal with several time
series, one per sensor. On the other hand, event sequences collect data without fixed frequency
and are able to keep record of different sensor data in a common data structure. Whereas event
sequences usually have lower data space requirements than times series, the operations required in
event sequence processing are more complex than those with time series.

Thttp://www.aal-europe.eu/
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2.3. Case-Based Reasoning and Time

Case-Based Reasoning (CBR) is a methodology that makes use of past experiences to solve new
problems [81]. In a CBR system, the atomic unit of knowledge is the case, an independent piece
of knowledge describing one problem and its solution [I]. Accordingly, CBR finds the solution to
a given problem by analogy with past solved cases. The basic representation of a case is a tuple
composed of two descriptions that characterise a problem and its solution. The knowledge base is
composed of a set of cases, called the case-base.

The most commonly used implementation of a CBR system was proposed in [1]. Figure
depicts this process, which originally consisted of a cyclic process of four steps:

1. Retrieve: the system looks for former cases that having a high similarity problem to the
input problem [24];

2. Reuse: in order to solve the input problem, the system creates a new solution, based on the
cases retrieved;

3. Revise: once the input problem has a solution, this solution is checked to know whether the
solution is valid and, finally,

4. Retain: this new and valid case is stored in the case-base.

CBR methodology implements an incremental and continuous learning process, where each
new solved case is added to the case-base. Hence, the learning step is integrated into the problem
solving process itself.

Temporal Reasoning consists of formalizing the time, providing means to represent and reason
about the temporal aspects of the knowledge [78]. The main primitives are the concepts of instant
(also known as points)[16] B9, 57, 58] and interval [3H5], 42], and even hybrid approaches [2§].

In the early years, CBR methodology was focused on non-temporal dependent problems, where
the problem descriptions within the cases are snapshots of the domain system. Nonetheless, in
the last decade, the inclusion of temporal features within the problem descriptions has gained
importance in CBR systems, as is highlighted by the number of publications related with CBR
systems working with time dependent features [13, [32] 37, 40, [60, 62] 63, [77]. In these works, the
term temporal case is understood as those cases which have a temporal feature. In particular,
among the most studied temporal features are time series and event sequences, whereas the use of
each temporal feature relies on the type of problem with which the CBR system is dealing. The
main focus is on describing temporal similarity measures to calculate how similar two temporal
cases are.

2.4. Case-Base Maintenance

In modern approaches, Case-Base Maintenance (CBM) is considered to be another step in the
CBR methodology. CBM establishes strategies with which to supervise the knowledge stored in
the case-base with the purpose of making the reasoning process more efficient and accurate [48].
Other authors are more specific in their definitions of CBM. For example, in [85], CBM is defined
as the process of minimising the cardinality of the case-base or maximising the quality of the
solutions retrieved.

CBM algorithms can, therefore, be used to reduce the case-base size while maintaining the
accuracy of the CBR system. Whereas CBM algorithms typically use a particular heuristic to
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Figure 1: The CBR cycle: four steps and case-base maintenance step.

remove (or select) cases from the case-base, the remaining case-base relies, among other factors,
on the proportion of redundant and noisy cases that are present in the case-base.

CBM algorithms can be classified according to different dimensions, by considering the algorith-
mic strategies or the families of algorithms presented in literature. According to [68], it is possible
to consider: case search (incremental or decremental), direction (starting from an empty case-base
and removing it or vice versa), order sensitive (the maintenance depends on the order of the case
in the case-base) and type of cases to retain (removing policies). In [51], and following a literature
review approach, we proposed that CBM should be classified according to algorithm families: NN,
DROP and Competence. NN includes CBM algorithms based on the nearest neighbour approach,
such as CNN [33] or RNN [30], among others. The DROP family contains the DROP1, DROP2
and DROP3 algorithms proposed by Wilson et al [85], and finally, the Competence family groups
those algorithms that are based on the coverage metrics of each case, including RCFP, ICF, COV-
FP, and RCFP algorithms [14] 59, [72]. Besides these families and dimensions, a myriad of CBM
algorithms have been proposed in literature [14] 33] 149] 83-KR5].

The main approaches are summarised in Table (1] for the sake of clarity. This table categorises
various CBM algorithms according to the multiple classifications mentioned previously. For ex-
ample, the ICF algorithm can be considered as a competence-based approach, it is order sensitive
and adopts a decremental search strategy.



Dimensions vs. Family NN DROP Competence

Case search Incremental CNN [33] - RCFP [59, [72]
direction Decremental RENN|[30] DROP1,2,3 [85] ICF
Order sensitive | Yo CNN,RENN|[84] DROP1 ICF [14]

No 5 DROP2.3 RCFP [59, 2]
Type of Cases | Border CNN DROP1 ICF,RCFP
to Retain Central RENN DROP2,3 COV-FP [59 [72]

Table 1: Outline of CBM algorithms according to their dimension and family.

Similarly to standard case-bases, a CBR system using a temporal case-base could suffer from
performance problems and a worsening of its accuracy when the amount of cases stored is high.
However, to the best of our knowledge, few studies have focused on the maintenance of temporal
case-bases.

In a previous work [51], we proposed a set of temporal CBM (tCBM) algorithms, one per
algorithm family and dimension, that can be used to carry out the performance task with temporal
case-bases. We essentially adapted well-known CBM algorithms by modifying the heuristic in order
to remove (or select) cases from the case-base using temporal similarity measures: Temporal Edit
Distance [55], [61] and Match and Mismatch [87]. In particular, we proposed t-CNN, t-RENN] t-
DROP1, t-ICF and t-RC-FP as extensions of CNN, RENN, DROP1, ICF and RC-FP, respectively.

Designers need to choose the best maintenance algorithm for their systems owing to the number
of CBM alternatives. In other words, the CBM algorithm should be carefully chosen to assist in
the evaluation of the case-base. This evaluation means quantifying whether the case-base being
maintained is worse, equivalent or better than the initial case-base (no case is removed).

We could consider this issue to be a kind of Machine Learning approach and methods such
as Hold-Out and Cross-Validation, which provide good statistical measures, can, therefore, be
considered [34]. At this point we might wonder whether these are the most suitable evaluation
strategies.

There is an open discussion in the scientific community regarding the suitability of classical
validation methods in CBM. In [25], the authors propose a more complex variation of Cross-
Validation, while in [56], a 10-fold Cross-Validation is used. Some other authors propose evaluating
CBM by using new specific measures. In [68], a competence criterion with which to evaluate a
case-base is proposed. The authors employ Hold-Out as an evaluation method, using 30% of
the cases as a test set and the remaining 70% as a training set. This parameter is empirically
adjusted, but the results obtained are valid. However, the proposal is limited to the evaluation
of deterministic CBM algorithms. More recently, the a — 5 method [50] has extended [68]. This
is essentially based on an iterative evaluation of the methodology suggested by [68], and allows
non-deterministic CBM algorithms to be analysed.

2.5. Utility of CBR in Smart Homes

CBR is an alternative approach to machine learning and rule models in the SH reasoning de-
scribed in Sections[2.T]and 2.2l On the one hand, machine-learning methods require the extraction
of a model structure from data. In our scenario, this model-based learning approach must deal
with a huge amount of complex data in the form of heterogeneous event sequences, which are
obtained from the system each day. Unlike learning models, CBR learning is simpler, since the
observed example is stored in the case-base. On the other hand, the rule model commonly uses a



forward chaining reasoning to infer risk scenarios. This initially appears to be a suitable approach
when alert systems are developed. However, rule systems describe abnormal models owing to the
domain complexity, that is, they must exhaustively describe each potential risk scenario and any
example not in the model is considered to be a normal situation. This limitation is not present
in CBR approaches. CBR is more flexible, thus allowing the case-base store both normal and
abnormal cases. Moreover, when a new example is not similar to any of the cases stored, the CBR
system can also decide whether the example is normal or abnormal according to a design policy.

The remainder of this section shows a review of the use of CBR in SH systems.

In [86], a CBR system is used to identify the best place to install sensors in a SH. The decisions
are made according to the different limitations of the resident, such as, cognitive impairments,
mobility capacity, etc. However, according to the specifications available, the system may ignore
the temporal information in order to model the evolution of the resident’s health status. In [53],
the authors propose the use of CBR on an SH platform in order to improve residents’ comfort at
home.

A CBR architecture for SHs to enhance the occupants’ comfort is proposed in [53]. In this
approach, cases comprise actions detected by sensors and how the SH reacts to them so as to
improve the quality of life at home by, for instance, controlling the intensity of lights or optimising
the efficiency of the air conditioning. The case is composed of slots with which to represent
the residents’ personal data and the activity recorded by the sensors. In [47], a CBR system
is used to detect problems at a home and to propose actions to amend them. However, most
of the cases described do not include spatial-temporal data of the activities occurring at home.
Leake and his colleagues highlight the importance of the quality of the case-base in this type of
systems. The authors do not explicitly mention the use of CBM strategies but recommend following
good case engineering practices and including policies to maintain the quality of the case-base.
AmICREEK is a well-known paradigm of the use of CBR to identify what is happening within the
system’s environment [43, [44]. AmICREEK is composed of the following hierarchical layers: (1)
the perception layer, which deals with extracting data from the sensors, (2) the CBR layer, that
identifies the type of scenario in which the action is taking place and its final objective; and (3)
the sensitivity layer, which builds a plan programme in order to attain the objective proposed by
the CBR inference mechanism. Also in the clinical context, Corchado et al [23] propose a CBR
system that is able to provide task plans for nursery staff on a residential ward. The structure of
the cases includes the patients’ medical information and the staff members’ activity flow, including
the temporal information regarding the tasks carried out by the care providers.

Finally, in [52] we presented a preliminary experience with an SH system in order to detect
certain scenarios in which elderly people living alone at home may be at risk. In this work, the
SH uses a CBR module prototype that implements temporal extensions of myC BR tool in order
to help the SH system.

Despite the effectiveness of the abovementioned works in the CBR field, they mainly focus on
alert detection, and little attention has been paid to how the system behaves at the different stages
of its life. In particular, literature does not mention the content of the case-base when the system
is starting up or how the CBR system behaves after running for a long period.
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Figure 2: proDI A three level architecture and CBR system proposal.

3. Smart Home Platform and CBR proposal

In this section, we present the original architecture of the SH platform used, we describe the
scenarios that the platform is able to detect and finally we discuss how our CBR proposal could
contribute to improve the system.

3.1. Original Smart Home platform

Our proposed CBR system has been designed to be used in the proDIA commercial system,
which is structured in three abstraction levels: (1) sensor level, (2) communication level and (3)
data processing level. Figure[2]shows the three level architecture of proDI A, along with an example
regarding the deployment of different sensors.

The sensor level deals with data gathered by the network of sensors. There are three types of
sensors: activity detection sensors (infrared motion), bed and sofa sensors (pressure sensors) and
open/closed door sensors (magnetic sensor). The basic configuration of the SH platform displays
infrared motion sensors in each room, and open/closed door sensors on each exit door (in most
cases, one single sensor). Pressure sensors could also be added in order to identify whether the
resident is resting or lying on beds or chairs.

The communication level aims to store data provided by the sensor level correctly. Using the
IEEE-802.15.4 communication standard, the data collected by the sensors is stored in a home-
station (mini-PC) and pre-processed, owing to the concurrent nature of sensors. In particular, the
home-station synchronises the data sent by the sensors according to the timestamps when they are
received and moved from memory to a hard disk with multiple backups. This data is recorded in a
log file using a CSV format. Each line of the log file stores the information provided by the sensor,
the time-stamp of the sensor activation and the room in which the sensor is located. Table [2| shows
a log file representing the data gathered by sensors when the users arrive home. Two different
levels of abstraction of the same events are depicted: the sensor level and the data processing
level. The sensor level describes the data recorded from the sensors, including the time-stamp in
seconds. The data processing level expresses the activity carried out in the house in a higher level.

The data processing level uses the information provided by the communication level in order
to attempt to infer the state of the elderly person, i.e. the complete situation according to the
situation context described. The data processing level of the ProDIA system generates high-level
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Sensor level Data processing level
Time-stamp Sensor id. Location Message Explanation
7,932 seconds | sensor 197680 Corridor Movement: yes getting house
7,932 seconds | sensor 197683 Door OpenedDoor: yes
7,940 seconds | sensor 197683 Corridor OpenedDoor: no
7,959 seconds | sensor 347050 Bedroom Movement: no moving to the bedroom
7,972 seconds | sensor 530111 Bedroom Pressed: yes laying on the bed
7,980 seconds | sensor 197680 Corridor Movement: no
8,054 seconds | sensor 530111 Bedroom Pressed: inactive standing up
8,113 seconds | sensor 197680 Corridor Movement: yes moving to the toilet
8,121 seconds | sensor 197680 Bedroom Movement: no
8,122 seconds | sensor 536770 | Bathroom | Movement: yes entering in the bathroom

Table 2: Example of activity log at the sensor and data processing levels.

descriptions of subject states. This level is based on the Open Context Platform (OCP) proposed
in [12, [64]. OCP uses an ontology that captures the knowledge regarding the different rooms in
the house, the different kinds of sensors and their locations around the house, and the spatial
relations among rooms (for example, if two specific rooms are connected through a corridor or
another room). This information enables the OCP to collect information from the sensors and
transform it into semantically annotated context information regarding the state of the person
being monitored. For example, OCP can receive information from the pressure sensor on the bed
and transform it into knowledge indicating that the subject is lying on the bed in the bedroom and
the time stamp at which this situation begins. This semantic annotated information is stored in
an OWL ontology. Table [2| represents a summary of the information generated in both the sensor
and data processing levels.

According to [12], the SH system relies on the assumption that the activity or absence of the
residents, along with their location, is sufficient to identify a potential risk scenario. For instance,
if the occupant falls and loses consciousness, the detection of this situation is based on an excessive
period of inactivity being measured in a context in which this is abnormal (e.g. the occupant is
in the house and is not supposed to be resting or sleeping). A finite state machine was, therefore,
designed to model this type of abnormal behaviour. Once an abnormal situation is detected, the
SH system alerts the Alarm Monitoring Centre, and an action protocol is consequently activated.

3.2. Alarm scenarios analysis

Elderly people living alone at home are a population at risk and different factors can affect
their health status. In this work, we focus on potential home incidents that may occur to any kind
of occupant, independently of their clinical conditions. The scenarios considered are: (1) a normal
daily activity; (2) a bad night owing to physical (not clinical) discomfort; (4) a fall in which the
person loses consciousness; and (4) a fall in which the person remains conscious and tries to crawl
to find help. That is, these cases have a particular solution depending on the type of scenario that
is represented by their event sequence.

3.2.1. Normal activity

A normal scenario is understood as a daily routine activity, in which nothing unexpected
happens. For instance, figure |3| depicts a time-line representing the different events that compose
the event sequence of a normal scenario case within a time window of 24 hours. The different
numbers represent the location in the house (Corridor=0, Kitchen=1, Living Room=2, Toilet =
3, Bedroom = 4, Out = 5), and the night and middle of the day hours are represented with a

11



darker and the brighter background, respectively. For the sake of clarity, the corridor locations are
portrayed with black triangles.

00:00 06:00 12:00
14 | 43 141 2 3 4D5 !
i ' A\/AVA
i \ A AAA A A A A |
} I I
0 21600 43200
Time-stamp 18:00 00:00
5102 2 5 2 3
W h Av.74 A/}
A A AL + A A M‘
I I
64800 86000

Figure 3: Case representing 24 hours of a normal day. The codes represent locations (Corridor=0, Kitchen=1,
Living Room=2, Toilet = 3, Bedroom = 4, Out = 5)

Another example of a case representing a normal scenario is depicted in figure 4 On this
occasion, the case contains an event sequence covering 6 hours of activity at home.

Time
06:00 12:00
| 4 3! 1 41 2 3! 4 125 ;
| . v__ v, vV _V ¥V L v v_, v A4 \
| A | A A A | A A | A AA A )
| | | | |
21600 43200
Time-stamp

Figure 4: Case representing 6 hours of a normal day.

3.2.2. Bad Night

The bad night template represents the locations visited when the resident has not been able
to sleep due to an illness status. In this scenario, the event sequence represents regular visits to
the bathroom during the night. Figure [5| portrays an example of a bad night scenario. Compared
with figure (3| it can be seen that from midnight to 8:00AM, the person has frequently gone to the
bathroom during the night, and the rest of the day is similar to a normal day with a few variations,
such as getting up late from bed.

Time
00:00 06:00 12:00
4 3 3 34 |
~ Av4 v L v _V L
| AA AR | AR A |
\ 4 4 \ 12 \
0 21600 43200
Time-stamp 18:00 00:00
1 3 5 51 2 13
vee v v v, vw__ v v v
A A A | A A A A‘
2 ! |
64800 86000

Figure 5: Case representing a bad night within a case of 24 hours duration.
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Figure 6: Case of 12 hours duration representing a fall scenario where resident tries to ask for help.

3.2.5. Falls

Fall scenarios describe two types of falls: a fall where the person stays motionless after losing
consciousness and another where the person stays conscious and may crawl on the floor. Both
scenarios usually occur in the bathroom as a consequence of a fall in the bath and the difference
between them is the activity of the location visited.

After a fall, a conscious person tries to move or crawl to another location to call for help. In
this scenario, since the movement within the house is slow, in a given time two movement sensors
in different locations detect activity, alternating the records of the resident location. For instance,
figure [6] shows a case of 12 hours duration for a scenario of fall without loss of consciousness. Once
the fall occurs, the person crawls on the floor moving forward slowly. When the person reaches a
door, the movement sensors of the current and following locations start sending activation signals
at the same time, until the person moves definitively to the next room.

However, if a person loses consciousness, no movement sensor will be activated. Figure
represents a case of this scenario. Once the person suffers the fall, no activity is detected by any
sensor. When comparing figure [7] with the normal scenario in figure [3| it is infrequent to have a
long period of inactivity at home when the person is in the bathroom.

Time

00:00 06:00 fall 12:00
4 ! 43 141 2 3 !
v L Av4 vV VV v A4 1
i ; A Aia a a |
! | 1
0 21600 10:41 43200

Time-stamp

Figure 7: Case of 12 hours duration representing a fall scenario that provokes a loss of consciousness.

3.3. CBR Module

In this work, we propose an extension of the original SH platform based on a CBR approach
to support the identification of potential risk scenarios. In our opinion, from the practical point of
view, the following problems must to be faced when CBR systems are integrated in a SH platform:

e relation between stand alone CBR system and human intervention,
e how to run a CBR system from an empty case-base (initialization),
e how to maintain the case-base in the long term.

The human intervention is essential in the original SH platform. When a human operator of
the AMC receives alarms generated by each ProDIA system, the operator has to manually confirm
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that the alarm is not a false positive by analysing previous monitoring data of the same house
resident. Once the alarm is confirmed, an emergency procedure is initiated.

The aim of the CBR module is not to replace this alarm methodology but to support operators
of the AMC to make the best decision. In our proposal, the SH platform, therefore, works in
cooperation with the CBR Module. When a potential abnormal situation is detected, a subjective
observation of deviation from the normal behaviour, a query is built and sent to the CBR module.
The CBR module will reply with a more detailed description of the situation detected with the
support of previous similar situations. This running mode tries to emulate the way that operators
manage alarms in the SH platform.

We illustrate our proposal by the following example. Let us suppose that the SH platform
initially generates a false positive alarm. This alarm implies a query to the CBR module, which
can identify this sequence as normal, since it is similar to other normal situations or if there is no
abnormal case similar to the query.

The installation of the system required an initialisation. Firstly, the system is adapted accord-
ing to the topology of the house, that is, the ontology describing the house, sensors, topology of
the house (OCP) and the location of sensors is defined. Then, an initial behavioural model (con-
servative, in the sense of avoiding false negatives) of the subject is installed. Once ProDIA system
begins to operate, the behavioural model is adapted to the subject under monitoring. During this
phase, data is collected and used to feed the CBR system with initial cases.

This type of systems is used during long period of times and, therefore, we have to control
how the case-base grows in the long term. Despite little attention is paid on the maintenance of
temporal case-based system, this is an open issue. In this work we pay special attention to this
fact. We propose the use of temporal CBM algorithms to maintain these case-bases and analyse
its impact on the CBR module. Section [4| describes in details the steps implemented of the CBR
cycle.

4. Temporal CBR formal model

We propose to include CBR in the proDIA system in order to interpret the activity in the
house. That is, the system labels a collection of recorded actions at home, within a given time-
frame, as a normal daily activity or a potential risk scenario. The CBR reasoning mechanisms
essentially look for similar former situations to the current activity.

In our work, we adopt the basic vector structure of a CBR case, i.e. a problem and its solution.
Each case stored in a case-base represents the activity in the house and its activity type. That is,
the problem component stores a sequence of the locations visited and the solution component is
the description of the type of activity (hereafter scenario). In our case, the labels represent the 4
scenarios mentioned previously, but other labels could easily be included to extend the classification
capacity of the CBR system.

4.1. Temporal Case

Different temporal models for CBR systems can be found in the literature. Our temporal
model is based on the notion of event sequences [55, 61], 65 [79]. We propose a simplified model
adapted to the problem to be solved which allows us to capture the different features that define
the evolution of a specific environment. The model starts with the definition of event types.
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Definition 1. (Event Type) An event type is the set of all the possible values that can be observed
and measured from a feature.

For example, to measure the temperature of a certain location, a quantitative event type could
be defined (see expression . In this case, the set of possible values for the event type Eig,,), is
defined over the interval of real numbers [—5, 22].

Eiemp = {ele € [-5,22] C R} (1)

Qualitative event types are also possible. For example, an event type for the location of a
person in a house can be defined for the set of all the possible rooms in a house (see expression .

Eio. = {Corridor, Kitchen, Living Room, Toilet, Bedroom, Out} (2)

More complex representations can be defined. For example, an event type for representing both
temperature and location (that is, the temperature at a given location) can be formally defined
as:

Etemloc - {6|€ S Eloc X Etemp}

In the same way, an event type for capturing the temperature and humidity at a given moment
could be defined as a subset of R2.

Definition 2. (Event) An event, evt, is a pair (e,t) where e is an element of a given event
type E; and t is a time-stamp that represents the instant (time point) at which e occurs, formally
speaking:

evt = {(ek,tk)|ek e E;Nt, e NU {O}}

For example, the event (bedroom,1) is an event defined for the event set Ej,., which can be
interpreted that the person under monitoring is in the room bedroom at time instant 1.

Definition 3. (Event Sequence) Given a set of event types E = {Ey,...,Ey}, an event se-
quence s; is a total ordered set of events defined over one of the event types in e. That is:

st= (e 1), (e tn)

where (el,tl) is the i-th event with €\ € |J, E;, t. its time-stamp and Vt;, t; < t;41 (total order

1) 71
assumption).

For example, a possible event sequence if £ = Ej,. could be:

s; = {(bedroom, 1), (bathroom,4), (bedroom, 6), (bedroom,7), (corridor,7), (kitchen,8), ...}

As can be seen, different events, defined for the same event type, can be produced at the same
time. In this example, this can indicate that sensors are not correctly installed and there are some
locations in the house that activate sensors of different rooms.

The expressivity of the model allows more complex representations. For example, let us suppose
that three boolean sensors are installed in each room. Therefore, each sensor can represent a value
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of the event type Fs, = B = {T, F'}. Let us also assume that the locations are represented by
the event type Ejoc = {A, B,C, D, E}. From these event types, an event type representing the
readings of the three sensors in a given location can be described as:

Ey,=FEpxBxBxB

Event type E, can be used to create a sequence of the form:

sp=((A,T,F, F0),(C,FT,T1),(E FFF,2),(BTFT,3))
From the above definition, the definition of a temporal case in our case base is straightforward.

Definition 4. (Temporal Case). A temporal case is defined as the tuple formed by an event
sequence (see definition[3) and a solution:

case ¢ = (sequence, solution) (3)

In our domain, solution stands for the different scenarios that can considered in our domain
(normal, bad night, fall with loss of consciousness and fall without loss of conciousness), and
sequence can be formally described as:

sequence = ((locy, ty), ..., (loca, ta) , (locy, ty,)) |
| Vi,0 > i >mn, loc; € Ejpe, ti tiv1 € NU{O} At < tiyq)

(4)

This formal model describes how the cases are implemented in the CBR module and its inte-
gration in the SH plaftorm. As can be seen in Table [2] activity logs are composed of all the data
collected from sensors chronologically ordered according to their time-stamps. This format allows
us to easily build event sequences from them, and such event sequences can be used as input query
for the retrieval step.

4.2. Retrieval step

he Retrieval step has a clear impact on the final performance of the CBR system. As stated
in Section [2.3] there is a wide range of approaches with which to compute the temporal similarity
between cases. In this work, the principal objective is to study the long-term use of a temporal
CBR in SHs and the capacity of temporal CBM algorithms to maintain its case-base. Some
CBM algorithms (Section use a distance function to decide whether or not to remove case
candidates and, for practical reasons, adopt the distance functions of the Retrieval step. Owing to
the different types of temporal CBM algorithms to be analysed in the study, it would, therefore,
appear to be convenient to keep the CBR cycle as simple as possible in order to reduce the number
of parameters being studied. In particular, the Retrieval step is based on an 1 — NN approach
and we have adopted a classical temporal distance.

In our work, we adopt the event sequence distance based on edition presented in [55], [61]. The
proposed function for distance computes the cost of editing one sequence of events into another
sequence. The edition cost is estimated by calculating the operators required to transform one
sequence into the other. This approach assumes that similar sequences require few operations while
dissimilar sequences imply a large number of edition actions to be equal. Three valid operations
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can be employed to edit a sequence: (1) insertion so as to add an extra event that is not present in
the other sequence; deletion to remove an event from the sequence; and displacement to temporally
shift an event from one time point to another. In our approach, the cost of insertion and deletion
is constant while the displacement operation’s cost is weighted according to the temporal length
required to shift the event.

Algorithm 1 EditDistance(x,y): temporal distance of edition x,y [55] [61]

Input: Two event sequences x = ((loc}, %), ..., (loc%, %)) and y = ((loci,t]), ..., (loc%, t¥)),
with loc € {Bedroom, Corridor, ...}, the costs w(loc®),w(locY) of the insertion and deletion
operations.

Output: Edit distance between the two given sequences.

1: r < matrix of n x m dimensions 12: update, < r(i,j — 1) + w(loc?)

2: 7(0,0) < 0 13: align < r(i—1,7 —1)

3: fori=0 to mdo 14: if loc® = locY then e

4: 1(i,0) < r(i — 1,0) + w(loc®) 15: align « align + (%)

5: end for 16: else

6: for j < 0 ton do 17: align < align + w(loc®) + w(loc?)
7. 1(0,7) < 70,5 — 1) +w(locY) 18: end if

8: end for 19: r(i,J) < min (update,, update,, align)
9: for i+ 1 to mdo 20:  end for

10: for j+ 1 tondo 21: end for

11: update, < r(i —1,7) + w(loc*) 22: return r(n,m)

According to our practical experience, the cost of displacement should be lower than the cost
of insertion and deletion. To this end, the temporal length (duration of the interval between
the time-stamps) is a value in the range {0,1}. We illustrate how the edit distance is computed
in Algorithm [I] following a dynamic programming strategy in order to minimize the number of
operations required to edit the sequences. Given two sequences s; and sy with lengths of n and
m, their computational cost is in the order of O(n x m).

Once we have established the Temporal Case Distance, we can define the similarity function.
Note that the problem of each Temporal Case is defined by means of a single event sequence
(definition , and we therefore propose a very simple Temporal Similarity measure, as follows.

Definition 5. (Temporal Similarity). The similarity between two cases ¢; and cq is based on
the temporal case distance between the event sequences sy and sg of their respective case problems.
The Temporal Similarity is described by the following function S':

1
S = ' 5
(c1,c2) EditDistance(sy, s2) "

Finally, the overall retrieval algorithm is based purely on similarity (S in our case), which is
the most widely used approach. The completeness of the search space is guaranteed by computing
the similarity of the target problem (a event sequence) to all temporal cases in the case-based.
The most similar case is the case retrieved in this step of the CBR cycle.
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4.8. Reuse & Revise step

The solution of the case is one of the scenarios described in Section [3.2] that is, there is not a
complex solution structure for reasoning, just a label. Therefore, we adpoted a transformational
Reuse approach, that is, a direct reuse of the solution provided by the case retrieved in the previous
step.

The Revise step is aimed to check the validity of the solution chosen. Similarly to the Reuse
step, the design of the Revise step is constrained by the solution structure and the domain context.
In particular, the Revise step is based on an offline semiautomatic process done in the Alert
Monitoring Centre. Note that the identification of a potential risk scenario could imply contacting
the emergency and social services or the family contact. Therefore, the implication of the human
intervention is required.

4.4. Retain € Maintenance

The final step of the CBR cycle is about the learning process. That is, to store revised case in
the case-base. In general, a case-based reasoner can get more effective and competent adding new
cases. In our system, all cases revised are stored as new cases.

In addition to looking at the effectiveness and competence of the CBR system, the efficiency also
plays an essential role. As we discussed in Section [2.4] the Retrieval step could be compromised
if the size of the case-base is too big. The Maintenance of the case-base is a key element of our
proposal to solve this problem by reducing the number of effective cases in the case-base. In this
work, we analyse the use of CBM algorithms to maintain temporal case-bases. Section [5.4] analyses
the impact of several temporal CBM algorithms in our CBR system.

5. Experiments and Results

In this section, experiments to evaluate the suitability of temporal case-base maintenance al-
gorithm are carried out. These experiments are designed to study whether a CBR system is able
to detect the scenarios defined in section [3.2| using both original and maintained case-bases. In
the experiments, different synthetically generated case-bases are used. The CBR system retrieves
the most similar case using a 1-NN strategy. This number of neighbours is chosen since a low
number of abnormal cases are expected to be retained in the case-base. What is more, since a
single case is retrieved by each query, no adaptation process is performed. That is, the solution
of the retrieved case is the outcome of the system, describing the type of scenario that is taking
place. The chosen temporal similarity function is the temporal Edit distance (see algorithm .
Consequently, because the case problem description comprises only an event sequence, the global
similarity function is determined by the chosen temporal similarity function.

In the experiments, the t-CNN, t-RENN;, t-ICF, t-DROP1 and t-RCFP algorithms were applied
to construct the maintained case-bases. Details of these algorithms can be found in [51]. In all
the experiments, the accuracy of the system, the true positive rates of the different scenarios, and
the false positive rates of the system are calculated. These statistics allow us to discuss what
particular scenarios the CBR system is able to detect. Another, statistic used is the reduction rate
achieved by the tCBM algorithm used. The reduction rate is calculated as the quotient between
the size of the maintained case-base and the size of the original one (see expression [6)). Reduction
rate ranges from 1 (no reduction applied) to 0 (an empty CB is generated).
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The rest of this section is structured as follows. Firstly, the generation of the synthetic case-base
is explained to help understand the description of problem cases we generate artificially. Secondly,
the measures to evaluate the CBR system are specified. Thirdly, an experiment is conducted in
order to tune different parameters such as the maximum duration of the event sequences and the
required number of cases to detect the proposed abnormal scenarios. Finally, using the best CBR

system configuration, a set of experiments are carried out to study how the tCBM algorithm may
affect the capabilities of the CBR system in detecting the abnormal scenarios.

Reduction rate = with C'B = original CB and C'B° = maintained CB (6)

5.1. Generating a synthetic temporal case-base

The main goal of this work is to study the capacity of temporal CBM algorithms to maintain
and improve CBR systems in SHs. Despite the interest to use real life logs to evaluate this type of
systems, there are two important aspects to consider artificial data for the purpose of this research.

Firstly, in our experience, the field research in real homes is limited to the people under study.
In our case, we focus on healthy elderly people living alone in a pilot experience in 25 homes during
6 months, where people were monitored using the original commercial monitoring system. Main
incidents were caused due to technical problems with sensors (initial days) or the presence of more
than one person at home. The commercial system is designed to monitor a single person and,
therefore, it turns off most of the sensors to safe energy until the visitor leave the house.

Secondly, the use of artificial data instead of real life logs helps to keep control of the different
existing scenarios at home, and being able to check how temporal CBR and CBM algorithms
behaves. In our experiments the time dimension plays a key role, for example, we want to study
different durations of the query case (formally, the length of each event sequence).

We propose an algorithm for temporal cases generation. This algorithm can describe normal
behaviour or potential scenarios of risk. This algorithm is based fundamentally on the records
obtained using the commercial monitoring system and our experience acquired during this period.

The algorithm for temporal cases generation can be easily explained by the workflow schema
presented in figure[§l The different locations of the resident in a normal day are represented by the
workflow tasks. The algorithm is able to fulfil or not the constraints described by the workflow.
That is, if the algorithm follows the workflow, it generates a case that is labelled as normal (normal
behaviour of an elderly person living alone). The algorithm is able to violate some specific temporal
constraints of the workflow, generating a case labelled as risk scenario. For example, if there is a
clear violation of the task duration of the first Bathroom, for example 400 minutes instead of 30,
the case is labelled as risk scenario of fall. Similarly, if the task duration of the Kitchen (in grey)
is 130 minutes instead of 20 and there is a fast transition between the following task (LivingRoom
and Kitchen), the case is labelled as a fall provoking a loss of consciousness. Given the size of
the case-base, a beginning date, and the duration of the event sequence, the algorithm creates the
event sequence as follows:

1. The tasks in a grey box can produce a normal event occurring approximately at the given
time, regardless the duration of the previous task. Abnormal events occurs when they clearly
exceed the time constraint.
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Figure 8: Generating synthetic cases: workflow description.

2. Each task in white background produces an event and its normal (approximately) duration is
indicated. During that time, the person visits no other locations. Every task begins exactly
when the previous task ends.

3. Next task is randomly taken according to a pre-established probability distribution in decision
nodes. When the decision nodes implies weekend days, the next task is chosen accordingly
to the defined day. That is, the task in the branch with answer yes is taken when the given

date corresponds to any of weekend days.

4. When the difference of time between the first and last events in the event sequence is bigger
than the indicated duration of the event sequence, a new case is created and labelled with
the corresponding scenario description. For instance, if the duration of a case is established
in 12 hours, then two cases will be produced from the diagram of locations in figure
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In real scenarios, the major purpose of a monitoring system is to identify whether the case
is normal or not normal, and to adopt the correspondent measures. The key issue is to detect
potential abnormality, being the characterization of this abnormality secondary.

Following this assumption, the proportion of the different scenarios in the case-base is based
on our empiric experience previously mentioned. However, we partially overestimate the number
of abnormal cases, in order to obtain a fair evaluation of the CBR accuracy. According to this, the
90% of the retained cases represents normal daily activities. In order to avoid the discrimination
of abnormal scenarios, the 10% of the remaining cases is equally shared by the abnormal cases.

5.2. Study of the temporal case-base

In this section, the effect of (1) the duration of event sequences within cases and (2) the case-
base size are analysed. The values of both parameters (case-base size and case duration) are,
therefore, tuned in order to study their effect on the CBR system. The proposed case durations
are 6, 12, 18 and 24 hours. Short and long observations, therefore, correspond to high and low
frequency readings of the log, respectively. The cases in the case-base representing normal and
bad night activities cover up to 24 hours of activity at home, and the remaining cases represent
normal activities until the unsafe scenario occurs.

The results obtained in this experiment are shown in Figure[9] The first line charts in the figure
depict the analysis of the system accuracy and the rate of false positives as regards detecting
normal scenarios. The other line charts show the true positive results for the scenarios being
studied according to the size of the case-base. It is worth mentioning that the false positive values
represent the rate of risk scenarios that were misclassified as being normal. This type of error in
classification is considered to be that of most concern with regard to the resident’s security.

According to the results obtained (Figure @, we consider the following discussion:

e For case-base sizes over 50, the accuracy can be considered stable in all study scenarios,
but the length of the observation period is clearly correlated to the accuracy of the CBR
system. The use of short observation periods implies a lower accuracy than that attained in
experiments using longer observation periods. In particular, the accuracy of the CBR system
is almost 1 when the observation period is 24 hours. We consider this to be particularly
promising, even for small case-base sizes.

e The ratio of false positives decreases for normal behaviour when retaining a large number
of cases. In other words, increasing the number of cases stored leads to a decrease in the
number of times the CBR system misclassifies the behaviour as normal when, in fact, there
was an abnormal situation at home.

e For normal scenarios, the accuracy of the system is directly proportional to the true positive
rate. This can be justified by the prevalence of this type of scenarios in the case-base
(about 90% of normal cases). Nonetheless, the CBR system is increasingly unable to detect
normal activities when the observations are acquired frequently, thus increasing the false
positive ratio. In these cases we can conclude that the system is misclassifying the abnormal
situations as normal.

e For bad night situations, the true positive is affected by the size of the case-base in all the
experiments, with the exception of short observation periods, which always misclassify this
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Figure 9: Evaluation of the CBR system varying the case-base size and event sequence length.

type of scenarios. In particular, when the observation period is sufficiently long, the bad
night scenarios are better classified than when using short periods.

e In general, fall scenarios are correctly classified in any kind of observation period with the
exception of the shortest period when detecting the fall scenario without a loss of conscious-
ness. However, long periods of observation are not recommended if a fast response is needed
in the fall scenario.

5.3. Results without maintenance

In accordance with section [5.2], the proposed CBR system retains cases with long and short
event sequences at the same time. Thus, the log is read every 6, 12 and 24 hours, resulting in cases
with a maximum duration equivalent to these values. For instance, in one day of observations, the
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log will be read up to four times, creating four cases of six hours’ duration, two cases covering 12
hours’ activity and finally one case of 24 hours’ duration.

To evaluate the capability of the system detecting abnormal scenarios, an o8 evaluation method
is conducted ten times with @ = 10 and 8 = 1 [50]. Later, the results will be compared to those
given by the CBR system using a given type of temporal maintenance algorithm. Figure 10| shows
the results of the original CBR system configuration. The shaded region belongs to the area
between the maximum and minimum observed value with the corresponding case-base size.
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Figure 10: Evaluation of the CBR system varying the case-base size and the case duration.

Figure depicts how the CBR system is able to detect every type of abnormal scenario if
there are enough cases in the case-base. Furthermore, the following observations can be made:

e Although the accuracy and the true positive rate of the normal scenario is almost 1, even
with few cases in the case-base, the true positive and false positive scores need larger case-
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bases to increase their values up to 1 or 0, respectively. Furthermore, with the exception of
the true positives of normal scenarios, the rest of the scenarios show greater variation in the
results in the smaller case-bases.

e The false positive rate suffers from litte variability and is stable below 0.1 in case-bases bigger
than 500. The system is able to detect a bad night scenario when many cases are retained
in the case-base. Besides, the variability in the true positive rate for detecting a bad night
is significant, resulting in a CBR system that is not accurate for detecting this scenario.

e Finally, both fall scenarios are detected with larger cases-bases, but the variability of the
results in smaller case-bases is quite high.

Based on the aforementioned results, a CBR system using larger case-bases is more likely to detect
scenarios occurring at home. However, the performance of the system may decline as they are
stored in the case-base. This can be solved using a tCBM to reduce the case-base size.

5.4. Results using tCBM algorithms

The objective of this section is to analyse the effects of tCBM algorithms on CBR system
performance. That is, to determine whether tCBM algorithms are able to produce case-bases
equivalent (in terms of CBR system performance) to the original one. The considered tCBMs
are t-CNN, t-DROP1, t-ICF, t-RCFP and t-RENN, which are adaptations of CNN, DROP1, ICF,
RCFP and RENN [14] 59| [72] 85] for managing event sequence by edit distance described in section
[l A detailed description of these algorithms is given in [51].

The configuration of the CBR system is the same as in the previous experiments with no
maintenance, using af evaluation method ten times with a = 10 and § = 1. The results given
by the CBR system with each CBM algorithm are shown in figures to [I5] For each figure,
the results of the tCBM are compared to the original results (the original results are shown with
asterisks, and thoseof the tCBM are shown with two different lines). The broad black line shows
the results obtained according to the original case-base size. The other line plotted in grey shows
the same evaluation results but corresponding to the maintained case-base size. Hence, the greater
the distance between the dots of the grey line and the bold lines, the greater the reduction rates
achieved with the tCBM algorithm. Additionally, the shaded area surrounding the broad line
corresponds to the maximum and minimum observed values of the evaluation results according to
the original case-base size. A short distance between the maximum and minimum values implies
that the tCBM algorithm has converged and is creating maintained case-bases with little variability
in their retained cases.

To test whether the differences detected between the original and maintained case-bases are
statistically significant, several two tailed t-tests were conducted with a significance level of @ = 0.05
(normality is assumed due to the size of the samples). In each t-test, the performance of the largest
original case-base is compared with the performance of the maintained case-base, and the test is
repeated for the different temporal maintenance algorithms and for the different scenarios described
in section [3.2] Table [3] shows the p-values obtained from this analysis.

6. Discussion

From the results shown in Table[3]and figures [11]to[15] the following observations can be made:
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Figure 11: Evaluation of the CBR system varying the case-base size and using the t-CNN algorithm.

TP for abnormal scenarios

Accuracy FP Normal | Bad night Fall Fall unc.
t-CNN 0.02 0.14 0.34 0.41 0.16
t-DROP1 0.07 0.57 0.07 0.84 0.56
t-1CF <107° <107° <107  0.24 0.28
t-RCFP <107° <107° <107°  0.30 0.50
t-RENN <107° 0.02 <107  0.02 0.30

Table 3: Probability that the CBR system results with the maintained and original case-bases have essentially the
same average results.

e Regarding the similarity of the results, a CBR system using the case-bases maintained from
the largest original case-base provides similar results to those obtained using the original case-
base, the only exception being the detection of bad night scenarios by the tCBM algorithms

t-ICF, t-RCFP and t-RENN.
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Figure 12: Evaluation of the CBR system varying the case-base size and using the t-DROP1 algorithm.

Regarding accuracy, only the t-DROP1 algorithm generates a maintained case base for which
the difference in accuracy with respect to the original case base is not statistically significant.
For the rest of TCBM algorithms, the null hypothesis (same accuracy) can be rejected.

With respect to the false positive rates, only maintained case bases generated by algorithms
t-CNN and t-DROP1 have an accuracy that is not statistically different from that obtained
with the original case base.

In the case of detecting bad night scenarios, the true positive rate produced by maintained
cases bases generated by t-CNN and t-DROP1 algorithms are not statistically different from
that obtained with the original case base.

In the case of falls without loss of consciousness, only the t-RENN algorithm gives true
positive rates that are statistically different from those obtained for the original case base.

Finally, regarding fall with loss of consciousness scenarios, all the tCBM algorithms produce
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Figure 13: Evaluation of the CBR system varying the case-base size and using the t-ICF algorithm.

maintained case bases with a true positive detection rate that is statistically equivalent to
that obtained by the original case base.

From the results for each tCBM algorithm and their reduction rates, the following observations
are of note:

e The CBR system using case-bases maintained by t-CNN obtains very similar results to those
obtained with the original case-base. In particular, the false positive rates of the normal
scenarios are slightly lower, despite the slightly worsening rate of correctly classifications
of normal scenarios. Furthermore, there is no statistical difference between the original
and maintained case-bases for the false positives rate of normal scenarios and the proposed
abnormal scenarios. The t-CNN algorithm has the best reduction rate since it is aimed
at reducing the number of redundant cases. In fact, the average sizes of the maintained
case-bases are always 10% lower than the original case-base size.

e The maintained case-bases built by t-DROP1 can be considered equivalent to the original
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Figure 14: Evaluation of the CBR system varying the case-base size and using the t-RCFP algorithm.

case-bases since there is strong evidence that the average results with the original and main-
tained case-base are the same. Furthermore, the reduction rate of this algorithm is close to
25% of the original case-base size.

The t-ICF algorithm obtains almost the same average results as the original case-base for
detecting both scenarios of falls. However, the true positive rates of bad night scenarios are
slightly lower than the original case-base. Besides, there is strong evidence that the accuracy
averages given with the maintained and original case-base are different, false positive rates
of normal scenarios and true positive rates of bad night scenarios. The reduction rate of this
algorithm is low, since it only removes around 10% of the cases from the original case-base.

Regarding the t-RCFP algorithm and its results (Table , there is very strong evidence that
this algorithm obtains similar results for the detection of both fall scenarios. In addition,
the CBR system using the case-bases maintained by this algorithm gives significantly lower
true positive rates for bad night scenarios than the original case-base. The reduction rate of
this algorithm is always about 50% of the original case-base.
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Figure 15: Evaluation of the CBR system varying the case-base size and using the t-RENN algorithm.

e The t-RENN algorithm creates maintained case-bases with almost equal true positive rates
for fall scenarios with loss of consciousness. For the rest of the results, there is strong
evidence that there is a significant difference between the original and maintained case-base.
The reduction rate of this algorithm is the lowest of all the tCBM algorithms considered,
since t-RENN is aimed at reducing the number of cases surrounded by cases with different
solutions, which correspond to the least frequent cases (the abnormal scenarios).

According to the aforementioned discussion we can conclude:

e Algorithms t-CNN and t-DROP1 are able to create case-bases which average results that do
not statistically differ from those given by the original case-base.

e The average results obtained by the maintained case bases generated by t-ICF and t-RCFP
are significantly different from those obtained by the original case-base, except for the true
positive rate of all scenarios which is statistically equivalent to that produced by the original
case base.
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e Finally, maintained case bases produced by the t-RENN algorithm can only be considered
statistically equivalent to the original case base in the case of the true positive rate obtained
for the detection of falls with loss of conciousness. Furthermore, t-RENN does not signifi-
cantly reduce the size of the case-base because it usually removes cases describing abnormal
scenarios, which are less frequent than normal cases. Thus, t-RENN is not recommended in
case-bases where the key cases rarely appear in the case base.

7. Conclusions

The main goal of this work is to evaluate the suitability of temporal CBR and case-base
maintenance in a practical Smart Home scenario. To this end, we design a CBR module extending
a commercial Smart Home system. This CBR module gathers the activity of the monitored person
(in the form of event sequence) from a set sensor, and uses temporal similarity to retrieve the most
similar previously stored cases to classify the type of scenario occurring at home. We evaluate the
suitability of this approach using a simulation of the activities at home considering different risk
scenarios. Finally, the results using the original case-base are compared to those obtained using a
set of maintained case-bases (using temporal CBM algorithms).

From the reasoning point of view, rule-based approach is a frequent strategy to model alerts
in many home-monitoring systems. However, alert rules describe abnormal models, which require
a comprehensive description of all potential risk scenarios. Our CBR proposal is more flexible,
storing both normal activity and risky situations, that is, normal an abnormal reasoning is possible.
The CBR module implemented can be used to classify some risk scenarios (e.g. falls and falls with
loss of consciousness). According to our experiments, the accuracy obtained promising results (e.g.
80-100% of true positives of falls scenarios depending on the case length).

However, this paper deals with making decisions when elderly people living alone are moni-
tored at home. Decisions made about risk alerting can have severe implications and unsupervised
automatic actions are not acceptable in many cases. Our proposal also considers the human in-
tervention an essential part of the process. The CBR module aims to support decisions finally
made by the members of the Alarm Monitoring Centre. In fact, the CBR cycle tries to emulate
what these members are currently doing, that is, to evaluate potential risky scenarios and checking
former scenarios with the same house resident.

Despite the importance of maintaining the temporal case-bases in this scenario, very little
attention is paid in the literature. The experiments conducted demonstrate the accuracy of our
CBR system, however, the proper detection of scenarios requires a large number of cases. Since
the proposed monitoring system is based on hardware with low computational capabilities, the
size of the case-base may cause performance problems, so the use of temporal CBM is justified.
Therefore, several experiments were conducted in order to confirm whether it is possible to perform
a maintenance tasks in the case-base without worsening the capabilities of the CBR system.

The experimental results show that all the considered temporal CBM algorithms are able to cre-
ate maintained cases-bases with similar capabilities for detecting the different proposed abnormal
scenarios. However, success in creating a maintained case-base equivalent to the original depends
on the number of cases within the case-base and the tCBM algorithm applied. In our specific
scenario, t-RENN algorithm seems to be the best for reducing the case-base while improving the
capacity of detecting fall scenarios. Algorith t-DROP1 is also a good option since it can reduce
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25% of the case-base without any statistical evidence of reducing the accuracy rate of the CBR
module.
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