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Abstract
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Simulation and Detection of Abnormal Behaviors for the Elderly Living Alone
in a Smart Home

by Kai Tanaka

This study presents a simulator-based approach to detect anomalies among elderly
individuals living alone in smart homes. The proposed simulator generates six typ-
ical anomalies: being semi-bedridden, being housebound, wandering, forgetting to
turn off appliances, falls while walking, and falls while standing. These anomalies,
categorized into state, activity, and moving types, are statistically modeled based on
the mini-mental state examination score, which governs their frequency and dura-
tion as a proxy for dementia progression. Unlike previous simulators, this frame-
work can generate both short-term and long-term anomalies, ranging from seconds
to years, and simulate outputs from ambient sensors such as passive infrared motion
sensors and pressure sensors.

Experimental evaluations on simulation data demonstrate the realism of activ-
ity sequences and the practicality of the proposed anomaly detection methods. The
generated activity sequences closely mimic real-world activity patterns, exhibiting
variances and similarities, measured by edit distance, greater than random data. De-
tection classifiers trained on simulated data achieved a sensitivity of over 0.9 with
fewer than one false alarm every 50 days for most anomalies. Sensitivity for falls
while walking, initially 0.75, can be improved to 0.96 through oversampling. Newly
proposed detection methods for being housebound, being semi-bedridden, and for-
getting achieved high precision and recall. By leveraging simulated data, the frame-
work avoids the high costs and challenges associated with collecting long-term real-
world data while maintaining a high degree of similarity to real activity sequences.

This work highlights the potential of privacy-preserving ambient sensors, such
as infrared motion sensors, pressure sensors, door sensors, and cost sensors, to
detect long-term behavioral changes in elderly individuals. The simulator-based
framework offers a cost-effective solution for enhancing care in smart homes, em-
phasizing its scalability and adaptability. Future research will focus on refining the
simulation models, incorporating richer sensor data, and bridging the gap between
simulated training and real-world deployment to further support early intervention
and improved elderly care.
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Chapter 1

Introduction

1.1 Background and motivation

This research aims to prevent in advance the deterioration of health among elderly
individuals living alone. This is an urgent issue in aging society.

1.1.1 Aging Society

The global population is experiencing a significant increase in the proportion of el-
derly individuals. The aging rate, which represents the share of the elderly aged 65
years or older within the total population, is 8.5% in 2015 [1] and 9.3% (727 million
persons) in 2020 [2] of the world’s total population. This proportion is led by many
countries in Europe and East Asia, and expected to increase to be more than 16.0%
(1.5 billion persons) by 2050 [1, 2].

In particular, Japan is the highest aging society in 2015 among major countries
(whose total population is more than one million in 2015) [1], and the aging rate
of Japan in 2020 is 28.8% [3]. This rate has steadily risen from 4.9% in 1950 and is
expected to reach 32.8% by 2035 and 38.4% by 2065. The primary factors contributing
to this trend are explained by declining age-adjusted mortality rates and decreasing
birth rates.

Alongside the growing elderly population, there is a notable rise in the number
of elderly individuals living alone. As of 2015 in Japan, 13.3% of males and 21.1% of
females aged 65 and over were living independently. These percentages have risen
from 4.3% for males and 11.2% for females in 1980 and are projected to reach 20.8%
for males and 24.5% for females by 2040 [3]. Similar trends are observed internation-
ally; a study analyzing data from 61 countries in 2011 revealed that approximately
30 countries, including France and the United States, have higher proportions of el-
derly individuals living alone than Japan [4]. Some nations, such as Switzerland and
Denmark, report that over 20% of elderly men and over 40% of elderly women live
alone.

1.1.2 Anomalies of the Elderly Persons

As individuals age, they often experience a decline in physical and cognitive abil-
ities, leading to various anomalies that require attention. In 2019, 43.6% of people
aged 65 and older in the United States reported some form of disability. Specifically,
27.7% had mobility disabilities, and 6.1% faced self-care difficulties [5]. Cognitive
function also diminishes with age; the Mini-Mental State Examination (MMSE), a
common measure of cognitive ability, shows a median decrease of four points when
comparing the 18–24 age group to those aged 80 and older [6]. These MMSE is re-
lated to hazardous situations such as dementia [7], falls [8] and wandering [9, 10].
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In the worst case, the increasing rate of elderly individuals found incapacitated or
deceased in their homes happen more with age, as demonstrated in a 1993 study
from San Francisco, where 3 out of 1000 people aged 60 to 64 were found in such
conditions, rising to 27 per 1000 for those aged 85 or older [11]. In Tokyo, the capital
of Japan, the number of solitary elderly individuals found deceased in their homes
nearly doubled from 2,194 in 2009 to 3,936 in 2019 [3]. This growing issue has led
to significant anxiety among elderly people living alone, with 50.8% expressing con-
cerns about dying in isolation [3]. These statistics highlight the increasing impor-
tance of monitoring the health of elderly individuals living alone to help alleviate
these concerns.

Furthermore, Japanese government is under pressure to treat the social benefits
related to the aging population. In 2018, 6.453 million elderly individuals in Japan
were certified as needing long-term care, an increase from 4.696 million in 2009. This
contributed to elderly-related social security benefits (that is the aggregate cost for
pension benefits, medical care, welfare services, and subsidies for elderly employ-
ees) totaling 80.8268 trillion yen in 2018, accounting for 66.5% of all social benefits
[3]. The primary reasons for requiring nursing care include dementia (18.1%), stroke
(15.0%), age-related frailty (13.3%), and fractures or falls (13.0%) [3]. By promptly
detecting anomalies that may occur in the elderly including falls, we can aim to
extend healthy life expectancy and potentially reduce the financial strain on social
security.

1.1.3 Lack of Care Workers

Long-term care (LTC) workers are paid professionals, typically nurses and personal
caregivers, who assist individuals with limited ability to perform daily activities, ei-
ther at home or in care facilities, excluding hospitals. The demand for LTC workers is
projected to increase significantly due to the aging global population. In 2020, in 13
developed countries, including Japan and the United States, the proportion of peo-
ple requiring daily care ranged from 6.8% to 8.2%. When divided by the working-
age population (aged 15–59), this ratio was between 11.4% and 15.0% [12]. However,
the supply of these workers is not keeping pace with the growing need. Data from 23
OECD countries show that the number of LTC workers per 100 people aged 65 and
over slightly decreased from 5.9 in 2011 to 5.7 in 2021 [13]. This indicates that despite
an absolute increase in the number of workers, it’s insufficient relative to the rapidly
increasing elderly population. Countries such as Japan and the United States not
only face insufficient numbers of care workers but also contend with high turnover
rates in the profession [14, 15]. In Japan, the job openings-to-applicants ratio for
care workers is increasing. The ratio was 3.65 in 2021, about three times higher than
the average ratio of 1.03 across all occupations [16]. This significant shortage high-
lights the challenges in providing consistent and stable care solely through human
resources.

1.1.4 Age in Place

Many elderly individuals wish to continue living in their own communities or homes.
According to a 2019 survey in Japan [16], 78% of people aged 65 and over prefer to
stay in their current municipalities or nearby areas. Additionally, the another survey
[3] reports that about half (51%) of those aged 60 and over would choose to spend
their final days at home if faced with an incurable illness. This demonstrates a strong
desire among the elderly to receive care in their home.
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This needs align with the Aging in Place model [17], which enables older adults
to age in their preferred unrestrictive environment. The model allows individuals to
control the timing and intensity of services delivered at home to prevent the mental
and physical decline often called as relocation stress syndrome [18]. Furthermore,
the Sustainable Development Goal (SDG) No. 3 aims to ensure healthy lives and
promote well-being for people of all ages. From this viewpoint, it is desirable to
monitor the health of elderly persons living alone and to maximize their healthy
life expectancy. Addressing the labor shortage is crucial to provide the necessary
services that allow elderly people to continue living independently in their homes.

1.1.5 Smart Home

By leveraging smart home technology, it is possible to continuously monitor the
health and behavior of elderly people living alone without the need for constant
human visit. Sensor-based health monitoring systems need only the initial setup
and running costs of the equipment. This approach addresses both the shortage of
care workers and the need for cost-effective caregiving services. Implementing non-
invasive sensors in smart homes offers a practical and sustainable solution to meet
the growing demand for home medical care.

Many studies has been exploring information and communication technology
(ICT) and internet of things (IoT) technologies to monitor the physical and men-
tal well-being of elderly individuals [19, 20]. This approach is known as Ambient
Assisted Living (AAL) [21] that involves placing sensors in living environments to
collect data mainly for monitoring daily activities to support independent living.
AAL is part of Gerontechnology [22] that is a field focused on solving health issues
of the elderly through technology. AAL is also the one application of the concept of
ambient intelligence [23] that aims to provide assistive and predictive support for
residents via invisible devices embedded in the surrounding environment.

In particular, smart homes are residences equipped with multiple unobtrusive
sensors, such as infrared motion sensors, to monitor the behavior and health of the
residents [24]. In these smart homes, data collected by the sensors about the resi-
dents and their environment are analyzed to achieve health monitoring and other
goals [24]. Health monitoring using smart homes remains an active area of research
since the 2010s including assessing the long-term health score [25, 26, 27], detect-
ing deviating behaviors [28, 29, 30, 31, 32, 33], detecting concrete anomalies such
as falls [34, 35, 36] and wanderings [37, 38, 39], gait speed estimation [27], activity
recognition [40], and large testbeds [27, 41, 26, 42].

Smart homes use various types of sensors to monitor the health and behavior
of elderly residents, including wearable sensors, camera sensors, and ambient (en-
vironmental) sensors [36]. To continuously and long-term assess residents’ health
while minimizing physical burden and preserving privacy, smart homes often pre-
fer sensors that are ubiquitous and non-intrusive [43, 27]. In this viewpoint, ambient
sensors such as motion infrared sensors and pressure sensors are especially benefi-
cial because they are unobtrusive and help protect the privacy of residents [36, 44].
These sensors are also robust against changes in light conditions and can operate for
years without needing a battery change. In this regard, ambient sensors are more
advantageous than camera or wearable sensors.
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FIGURE 1.1: The development routes within related works. Our work
uses ambient sensors. To collect data, we developed an activity sim-
ulator and an anomaly simulator to generate long-term correlated
anomalies. Using these simulators, we detect six concrete anomalies

at a house scale and over long-term periods.

1.2 Objectives

In this study, we propose an anomaly detection method that, with privacy consider-
ations, simultaneously detects multiple anomalies of different durations from sensor
data such as infrared and pressure sensors. Furthermore, since the anomaly detec-
tion model requires learning from data, we introduce a simulator capable of provid-
ing a large amount of sensor data incorporating abnormal patterns. We introduce
two problems in this field. For more details, please refer to the ’Related Works’ sec-
tion. The development routes is summarized in Fig. 1.1.

1.2.1 Modeling and Simulation of Anomalies

Developing anomaly detection algorithms requires large sensor data that includes
labels of anomalous behaviors. However, gathering such data as desired over long-
term is challenging due to the difficulties to change settings including floor plan
and resident’s activity patterns. Additionally, labeling behaviors in collected data is
time-consuming and often impractical for anomaly behaviors.

To overcome these obstacles, sensor data simulators are proposed [45] including
anomalous labels [32, 46, 31, 47, 48, 49, 50, 51]. However, existing methods have
certain limitations:

Increasing frequency of anomalies: They do not consider that anomalies may be-
come more frequent or severe over time.

Correlation between anomalies: They do not account for the correlations between
different anomalies.

Limited incorporation of typical anomalies: While existing research targets anoma-
lies such as falls and wandering, they often represent anomalies as mere out-
liers and do not aim to simulate anomalies with specific, concrete characteris-
tics.
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For the first point, we need to include mechanisms that allow the frequency of
some anomalies to increase as time goes on. Regarding the second point, for exam-
ple, dementia is known to cause various anomalies in behavior [52].

To address these limitations, we propose the development of a sensor data simu-
lator capable of generating large volumes of sensor data that incorporate predefined
anomaly models of six typical abnormal patterns such as being semi-bedridden, be-
ing housebound, forgetting to turn off home appliances, wanderings, falls while
walking, falls while standing. The simulator allows for the inclusion of different
room layouts, resident routines, and anomalies, providing a diverse dataset neces-
sary for training effective anomaly detection algorithms. This simulator also allows
for operating correlation of frequencies or durations between anomalies in timely
manner by introducing the anomaly simulator component in the existing simulation
framework.

1.2.2 Detection of Anomalies

Under the environment embedded ambient sensors, some studies detect anomalous
behavioral deviation [31, 53, 28, 54]. However, existing anomaly detection methods
using binary motion sensors have the following problems.

Limited detection across different time scales: Existing methods cannot detect anoma-
lies across various time scales (seconds to weeks) simultaneously and lack
standardized sensor data processing.

Not explicitly defined multiple anomalies: Many methods do not explicitly define
the anomalies they aim to detect, requiring manual verification after detection.
Even if the famous anomaly is targeted, it only detects the anomaly, not multi-
ple anomalies.

Lack of methods handling specific anomalies: Specific anomalies like being semi-
bedridden, housebound, or forgetting are often overlooked in existing research.

To address these problems, we propose detection methods for six types of anoma-
lies including novel detection methods for being semi-bedridden, being housebound,
and forgetting to turn off appliances. Our method is customizable to various envi-
ronments by adjusting simulator parameters, allowing us to incorporate different
floor plans, sensor arrangements, resident activity patterns, and anomaly patterns
without relying on real smart home data. We utilize a unified approach to prepro-
cess data from unobtrusive ambient sensors to simultaneously detect anomalies oc-
curring over different durations, from seconds to weeks.

1.3 Contributions

The contributions of this study for sensor data simulator are as follows [55, 56].

• C1. We develop a simulator that covers six typical anomalies characterized
by the physical movements of the resident, detectable by binary sensors like
infrared motion or pressure sensors. These anomalies are categorized into
three types: state anomalies (being semi-bedridden, being housebound) occur-
ring over many days; activity anomalies (forgetting to turn off home appliances,
wanderings) happening occasionally; and moving anomalies (falls while walk-
ing, falls while standing) that occur during movements.
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• C2. The simulator generates anomalies ranging from seconds to years, unlike
previous simulators that handle only short-term or long-term anomalies. To
achieve this wide range, we employ a graphical model that represents hierar-
chical causal relationships among anomalies, especially from long-term activi-
ties down to short-term actions like walking steps.

• C3. We statistically model the correlation among anomalies using a latent vari-
able based on the Mini-Mental State Examination (MMSE). This means the
frequency or duration of anomalies increases in line with the progression of
dementia symptoms as the resident ages.

• C4. We compare simulated activity sequences with real-world activity se-
quences using edit distance. The results show that the daily variance and
closeness of activities in the simulation closely match the real-world data. Fur-
thermore, the similarity is higher than that of random data, which considers
only the duration of activities.

The contributions of this study for anomaly detection methods are as follows [57,
58].

• C5. We extend our detection methods to simultaneously detect six types of
abnormal behaviors using a unified sensor preprocessing framework with un-
obtrusive ambient sensors—such as infrared motion sensors, pressure sensors,
door sensors, power sensors, and flow sensors. This approach is cost-effective
and capable of handling anomalies with various occurrence durations, from
seconds (e.g., falls) to weeks (e.g., being housebound). The proposed methods
demonstrate practical performance with high sensitivity and low false alarm
rates across all anomalies.

• C6. The detection methods achieved practically usable performance on sim-
ulated sensor test data generated by predefined anomaly models over nine
years. For example, considering an anomaly as correctly detected if the de-
tected period overlaps even slightly with the true abnormal period, the sensi-
tivity (the proportion of true anomalies correctly detected; e.g., 0.9 means 90%
of anomalies were detected) and false alarm rate per day are as follows:

– Being semi-bedridden: sensitivity 1.0, false alarm rate 0.

– Being housebound: sensitivity 1.0, false alarm rate 0.004.

– Forgetting: sensitivity 1.0, false alarm rate 0.01.

– Wanderings: sensitivity 1.0, false alarm rate 0.017.

– Falls while walking: sensitivity 0.75, false alarm rate 0.02.

– Falls while standing: sensitivity 0.92, false alarm rate 0.

These results achieves a sensitivity of over 0.9 with fewer than one false alarm
every 50 days, except for falls while walking. For falls, oversampling in the
simulated data can improve sensitivity to 0.92.

The simulator code and data is in public at
https://github.com/tanakai0/SensorDataSimulator.



1.4. Thesis Structure 7

1.4 Thesis Structure

The remainder of this thesis consists of five chapters:

• Chapter 2: Related Works. This chapter reviews existing studies on smart
homes, including the types of sensors used, notable smart home projects, sen-
sor data simulation methods, activity simulation approaches, and anomaly be-
havior detection techniques.

• Chapter 3: Simulation. This chapter presents the proposed simulation frame-
work, including the floor plan and sensor arrangement, activity simulation,
walking trajectory generation, and modeling of anomalous behaviors. Quali-
tative and quantitative evaluations of the simulator are also discussed.

• Chapter 4: Detection. This chapter describes the proposed methods for de-
tecting anomalies using the simulation data. It covers the preprocessing steps,
detection methods for each type of anomaly, and experimental evaluations.

• Chapter 5: Discussion. This chapter discusses the realism and validity of the
proposed simulator, its limitations, and potential areas for improvement.

• Chapter 6: Conclusion and Future Work. This chapter summarizes the con-
tributions of the thesis and outlines directions for future research.

The thesis concludes with references.
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Chapter 2

Related Works

We list related works below in three parts: smart home projects, studies on sensor
data simulation and detection methods of anomaly behaviors from sensor data.

2.1 Sensors Used in Smart Homes

To assess the health of residents continuously over long periods in smart homes,
many types of sensors are used in monitoring systems [36, 59, 44, 43]. These include:

• Ubiquitous sensors attached to the room enclosure, including motion sensors
[60] and cameras [61].

• Wearable devices such as wearable sensors (wristbands and badges), smart
phones, and interactive devices [62].

• Machines such as robots [63] and drones [64].

In particular, sensors that are ubiquitous in the surrounding environment and do
not impose a physical burden are often referred to as ambient sensors. In this study,
we exclude cameras from ambient sensors as defined in [20] because cameras tend
to be obtrusive and have a negative impact on privacy. Examples of ambient sen-
sors include infrared motion sensors, pressure sensors, contact sensors, light sen-
sors, power sensors, and flow sensors [24]. Because these ambient sensors minimize
physical burden and preserve privacy, smart homes often use ambient sensors due
to their ubiquity and unobtrusiveness as shown in Tab. 2.1. Advantages of ambi-
ent sensors over cameras and wearable sensors are less intrusive to the privacy of
residents [44, 36], robust against changes in light conditions, not requiring battery
changes [36], and low cost and low power consumption [44, 26], while they tend to
have lower accuracy [44] and be influenced by residents’ and environmental tem-
peratures [65].

In the viewpoint of privacy, some smart home projects reported that ambient sen-
sors are preferred than camera. According to residents’ impressions in ORCATECH
smart home project [66], cameras are unpopular among participants, highlighting
privacy concerns. In the Tiger Place project [41], 15 older adults aged 65 and above
in a continuing care retirement community in Columbia, Missouri, stated that usage
of cameras to detect falls or abnormal behaviors was an obtrusive violation of pri-
vacy [67]. This project also reported that almost all 14 participants stated motion sen-
sors and pressure mats were accepted [68], while 10 persons stated they would not
want to install cameras in their homes. Other studies [69] using self-administered
questionnaires with 18 participants reported a privacy concern scale of 4 for video
monitoring (1 being no concern and 5 being very concern). The primary concern
were privacy invasion and fear of abuse. These studies indicate a preference for
non-intrusive monitoring. Therefore, we focus on the ambient sensors in this study.
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2.2 Smart Home Projects

To produce real datasets, many smart home projects have been planned and exe-
cuted, as shown in Table 2.1.

The ORCATECH (Oregon Center for Aging and Technology) Life Lab smart
home system project [27] started in 2004 at Oregon Health & Science University.
This large-scale testbed uses ambient sensor-equipped smart homes with over 300
elderly participants living in the community. Projects such as gait speed estimation
have been conducted [27]. Tiger Place [41] is part of the Aging in Place project [17]
and conducted at the University of Missouri. This research aims to develop clas-
sifiers to evaluate changes in the activity patterns from sensor data collected on 21
seniors over nine months with a ground truth by clinicians. CASAS [26] is a testbed
located at Washington State University. It often uses ambient motion sensors in-
cluding infrared motion sensors, door sensors and light sensors. It has released 89
datasets 1, leading to various related studies ranging from activity recognition[70,
71, 70] to anomaly detection [72, 73]. The Centre for Effective Solutions for Ambient
Living Awareness (CASALA) at Dundalk Institute of Technology proposed 16 smart
homes, where residents have been living since June 2010. This project proposed
an integrated approach to use various residents’ behaviors, including movement’s
level, go out patterns, and sleeping patterns. From those information, feedback ap-
plications reported their wellbeing, home’s security and energy usage. There are
many other testbeds before 2010s. The Elite Care [74] is a testbed equipped with
infrared sensors, RFID tags, bed weight sensors, and screen interfaces. The Aware
Home [75] at the Georgia Institute of Technology uses motion sensors and wearable
pendants to record daily activities in a residential setting. This project focuses on
capturing daily living patterns of residents. The GATOR Tech Smart House [76], de-
veloped by the University of Florida, is equipped with sensors like RFID tags and
cameras installed in mailboxes, entrances, blinds, beds, washing machines, mirrors,
bathrooms, and refrigerators. It focuses on elderly care. The Managing an Adap-
tive Versatile Home (MavHome) [77] is a smart home test environment located at
the University of Texas at Arlington. It is designed to collect data for multi-objective
optimization tasks such as reducing manual labor, improving operational efficiency,
and ensuring the health and safety of residents. The dataset is open 2. The Adaptive
Home [78], developed by the University of Colorado, is a smart home aimed at re-
ducing electricity costs. It controls lighting, air conditioning, and water temperature
using neural networks and reinforcement learning. The iDorm [79] is a testbed that
learns user-specific fuzzy rules through active learning to optimize air conditioning
and lighting for individuals. It focuses on creating a comfortable living environment
based on resident preferences.

1https://casas.wsu.edu/datasets/
2https://ailab.wsu.edu/mavhome/research.html

https://casas.wsu.edu/datasets/
https://ailab.wsu.edu/mavhome/research.html
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Creation of effective anomaly detection algorithms requires a large amount of
sensor data, including instances of anomalous behaviors. However, even if there are
many smart home testbeds, collecting such data in the real world presents significant
challenges:

Long-term monitoring: Gathering sufficient sensor data necessitates extended mon-
itoring periods over months or years.

Fixed patterns: There is a limited number of residents’ activity patterns, floor plans
and sensor arrangements. These types are difficult to be changed during ob-
servation periods.

Unpredictable anomalies: Anomalous events occur unpredictably and cannot be
controlled or induced for data collection purposes.

Complex data labeling: Labeling behaviors and anomalies in the collected data is
time-consuming and often impractical.

These challenges make data preparation for various patterns impractical and fixed
only particular types.

2.3 Sensor Data Simulation

To solve the problem on lack of data, many studies have utilized sensor data simula-
tions [45, 82]. Some studies includes not also normal daily patterns but also anoma-
lous behaviors [32, 46, 31, 47, 48, 49, 50, 83, 51] as summarized in Tab. 2.3 and
Tab. 2.4. These methods are divided into three types according to their data type as
shown in Tab. 2.2:

• Manual modification [32, 46, 31]:

• Avatar manipulation [47]:

• Agent scenario generation [48, 49, 50, 83, 51]:

We explained each type by below.

2.3.1 Manual Modification

In manual modification approaches, anomaly patterns are artificially inserted into
real smart home sensor data. For example, studies have added data for repetitive
behaviors, sleep disruptions, and anomalies involving frequency, temporal, transi-
tional, and spatial deviations, such as moving after a fall or watching TV at night
[32, 46]. However, these methods require long-term handcraft and lack diversity in
room layouts, sensor arrangements, and anomaly types.

2.3.2 Avatar Manipulation

In avatar manipulation approaches, a virtual avatar is controlled by subjects to sim-
ulate elderly behavior, interacting with household objects, such as doors and TVs.
For example, Alshammari et al. [47] had seven subjects use a simulator [84] to re-
produce anomalies, such as leaving a fridge door open for a long time. While this
method avoids risks to real residents, it still requires long-term interaction and real-
time behavior simulation.
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TABLE 2.2: Comparison among sensor data simulators with anoma-
lous patterns. This table is a slightly modified version of the one in

[56].

Type Method Speed Adjustability Parameters for
EI HA AB reproducing sta-

tistical data prop-
erties

Manual modi-
fication

[32, 46, 31] slow × × ◦⃝ real data and
inserted anomaly
patterns

Avatar manip-
ulation

[47] very
slow

⃝ ◦⃝ ◦⃝ manipulator’s
habit

Agent sce-
nario genera-
tion

[48, 49, 50, 83,
51], proposed
method [55,
56]

fast ⃝ ⃝ ⃝ scripts of models
or hyperparame-
ters of models

Abbreviations are; environment information such as the room layout and the
sensor arrangement (EI), human activity on how a resident behaves a day and
informations about walking trajectories (HA), and anomalous behavior (AB).
Evaluations are; ◦⃝: Exact,⃝: Approximate, and ×: Not available.

2.3.3 Agent Scenario Generation

This approach uses intermediate data to control an agent’s autonomous behavior in
a virtual smart home, specifying schedules, walking models, and sensor rules. The
agent scenario approach includes four main components:

• Floor plan simulator: Partitions rooms and places furniture in a virtual house,

• Behavioral (activity) simulator: Determines the schedule of a virtual resident
within the floor plan,

• Walking trajectory simulator: Simulates a virtual resident moving through
rooms according to the schedule, and

• Sensor data simulator: Generates sensor data based on the virtual resident’s
behavior.

This method generates sensor data quickly but requires careful control logic. Stud-
ies like Bouchard et al. [48] use scripts to simulate behaviors, including dementia
symptoms. However, the variety depends on the script writer. Francillette et al. [49]
used a sensor data simulator [85] to introduce diverse anomalies seen in mild cog-
nitive impairment patients such as omission of activities, substitution of activities,
wrong order between activities, perseveration of activities, and addition of irrelevant
sub-actions in activities. However, they only focused on short-term anomalies but
not long-term anomalies of activities like being housebound. In addition, generated
frequency of anomalies are sometimes unrealistically high or low. Veronese et al.
[50] used a sensor data generator [86] to model dementia patients acting transitional
anomalies such as interrupted sleep, increased duration time of complex behaviors,
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and a reduced frequency of dinner. Casaccia et al. [87] simulated indoor wandering.
However, they only focused on trajectory patterns of wandering, but not frequency
or duration over days. Jiang and Mita [51] used a sensor data simulator [88] to model
wandering over long-term, albeit with almost fixed frequencies and durations. This
cannot simulate an increase trend and unpredictable occurrences of wandering as
the elderly get old. Kristiansen, Plagemann and Goebel et al. [83] used an activity
simulator [89] to simulate long-term sensor data with hypothetical anomalous be-
haviors, such as gradual sleep disorder and self-medication improvements, but their
simulations lacked realism as virtual sensors captured designed behaviors without
modeling physical movements or room layouts.
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Previous simulators face the following issues.

S1 Long-term trends in anomalies, such as age-related worsening, are not han-
dled as seen in dementia [6].

S2 Correlations among anomalies, which often occur together with age, are ig-
nored

S3 Sensor data do not always reflect activation by physical movements of the
agent

None of them consider both a gradually changing frequency/duration of anomalies
and the correlation among anomalies. To address S1 and S2, we introduce a latent
variable representing dementia progression over time and use a statistical graphical
model to link this variable to anomaly frequency and duration. For S3, we ensure
sensor responses are tied to the resident’s physical indoor movements.

2.4 Activity simulation

As the one component of the sensor data simulator based on agent scenario genera-
tion, activity sequences are generated. Activity simulators are classified into the four
types: script-based model, generative model, motivation-based model, and queue-
based model. Each type is explained below.

Script-based model

Script-based method configures resident’s activities by scripts. Bouchard et al. [48]
and Francillette et al. [92] proposed methods that construct scripts by hand. The
latter method can also learn scripts from data using a behavior tree that represents
activities hierarchically.

Such script-based design of activities has high interpretability and can be used
repeatedly, but lacks flexibility. It requires longer and more scripts to describe other
types of activities, including day-long or week-long anomalies. Indeed, the authors
made scripts only for short activities, such as cooking and washing.

Generative model

Generative method used a generative model to imitate human activity statistics
learned from real data. Noury and Hadidi [93] used the urns of Pólya and hidden
Markov models.

This enables us to generate behavior automatically, but we need to share real
data for reproducibility. Furthermore, interpretability is insufficient because the in-
terpretation of hidden states in the HMM is rarely given directly.

Motivation-based model

Motivation-based methods are based on the motivation that induces activities. Lee et
al. [94] used motivation value for each activity, for example, dining from hunger, and
sleep from sleepiness. As the motivation values increase with time at their own rates,
an activity is induced when the value exceeds a threshold. When multiple activities
become candidates, rules resolve to decide what activity should be done. Once an
activity is done, the motivation value resets, while others still increase. Veronese
et al. also used a similar approach [86], where multiple combinations of activities
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are allowed to model. Routine behaviors such as sleep acted at specific intervals
are scheduled on formulas. Jiang and Mita [88] also proposed a motivation-driven
method that adds a probability to select activities.

The reproducibility is sufficiently high because it requires only numerical param-
eters to share this simulator. This method is applicable to realize routine behavior
that has almost the same start time. However, it is difficult to deal with irregular
behavior that occurs accidentally, such as wandering.

Queue-based model

Queue-based methods selected activities in chronological order from stacked activi-
ties that are ready to act. Next activity is chosen as the most preferential activity in
the queue. Kamara-Esteban et al. [95] determined next activity with priority rules
that are determined by priority value of each activity. This rules are configured by
desirable start time of activities, and desirable activities done already before the ac-
tivity. Selected activity and its relevant activities are newly added to the queue.
Kristiansen, Plagemann and Goebel [89] also used rules to select activities queued
according to the probability distributions on the start (or interval) time and duration.

The reproducibility is sufficiently high because it suffices to share the values of
the parameters and the priority. It can also be incorporated with anomaly behavior
because the priority can resolve overlap with anomaly behavior that occurs ran-
domly. The drawback is the hardness of the parameter setting, because the number
of rules reaches the square order with respect to the number of activities.

Tab. 2.5 compares the proposed simulator with existing ones. Most existing sim-
ulators do not incorporate randomly occurring anomalies, such as wandering. Be-
cause these methods determine activity sequence in chronological order, they lack
the ability to precisely determine the frequency of activities as statistical features
of long-term behavioral changes. Our proposed simulator aims to build on the ad-
vantages of queue-based methods, offering high controllability of behavior through
statistical parameters and simple rules.
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2.5 Anomaly Behavior Detection

Using only ambient sensors, many studies detect various kinds of anomalous behav-
iors. Target anomalous behaviors are unusual or abnormal activities acted by human
[44]. Anomaly detection detects changes of usual behavior. Once any anomaly is
detected, these systems can record anomaly status and alert monitors of the elderly
individuals [96].

2.5.1 Types of anomalies

Detected anomalies are divided into two types: concrete anomalies, detected via su-
pervised learning (discriminating in [97]) and outliers, detected via unsupervised
learning (profiling in [97]). Concrete pre-defined anomalies are common and well-
known symptoms in elderly individuals including falls, wandering, and memory
lapses. Outliers are deviations from normal behaviors based on statistical spatio-
temporal patterns. A study [96] exemplified six types of use cases of abnormal be-
havior detection: temporal duration, timing of occurrences, spatial patterns, action
patterns, environmental changes, and context switching. While many studies focus
on detecting outliers [31, 53, 28, 54] due to the lack of true anomaly labels [44], mere
statistical outliers are often difficult to interpret and understand for monitors such as
family members, care workers, or the individuals themselves. In contrast, concrete
anomalies are easy to interpret to provide monitors with feedbacks. Therefore, we
prioritize specific anomalies which can be simulated for data generation.

In this study, we focus on six concrete anomalies mainly depended on cognitive
status,

• being semi-bedridden,

• being housebound,

• forgetting to turn off home appliances,

• indoor wandering,

• fall while walking,

• fall while standing.

These anomalies are commonly associated with symptoms observed in elderly
individuals. Indoor health risks for the elderly include falls, self-medication errors,
and kitchen accidents such as fires, burns, or gas leaks (linked to forgetting), as well
as reduced mobility and activity levels (linked to being semi-bedridden or house-
bound) [98]. Many demands for fall detection are reported by participants [67, 69].
Indoor wandering is also the famous abnormal behaviors [9, 10]. Causes of each
anomalies are summarized in Tab. 3.6.

From the perspective of anomaly simulations, several studies have utilized pre-
defined hypotheses of anomalies when actual data is difficult to obtain. For wan-
dering detection, two studies [38, 39] assigned labels based on decision tree models
of movement trajectories [99]. For fall detection, numerous studies [100, 101, 34,
102, 103] collected fall data by simulating falls performed by actors. Additionally,
other research [53, 104] employed computer simulations to generate data. These
simulation-based approaches offer the advantage of flexibility in adjusting the floor
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plan, sensor placements, and abnormal behavior patterns. An early epidemic detec-
tion method [105] employed a discrete event simulator to evaluate abnormal events
within activities.

Our proposed framework [56] also detects pre-defined anomalies, but the spatio-
temporal variations in anomaly occurrences are extensive. For example, anomalies
range from a few instances of being housebound to over a thousand instances of
wandering, occurring throughout the home during nine years of continuously gen-
erated sensor data.

2.5.2 Detection methods

We summarized existing studies that aim to detect such kinds of anomalies: forget-
ting in Tab. 2.8, indoor wandering in Tab. 2.7, fall detections in Tab. 2.6, and other
functions in Tab. 2.9).

While no existing research directly addresses detecting being semi-bedridden or
housebound, related methods provide insights into these anomalies. J. Williams and
D. Cook [106] modeled wake and sleep patterns by predicting univariate scores,
while T. Hayes et al. [107] modeled sleep using parameters such as start time, end
time, latency, and total duration. Some studies detect sleep anomalies through pat-
tern modeling. Z. Shahid, S. Saguna, and C. Åhlund [108] used features like start
time, duration, and frequency to identify long-term sleep behavior changes via clus-
tering. A. Forkan et al. [28] modeled sleep start time as a normal distribution, flag-
ging deviations beyond δ1σ as outliers in daily activity statistics. For going-out be-
havior, S. Tominaga et al. [109] proposed a generative model based on positional
trajectories captured by a laser range finder. Similar housebound state, J. Kim et
al. proposed the depression detection using ambient sensors. They classified health
condition into three level (normal, mild depression and sever depression) with more
than 94% of AUC using hierarchical activity features with dimensionality reduction
by PCA.

In relation to forgetting anomalies, memory impairments can disrupt daily activ-
ities for elderly individuals, such as cooking, and may lead to hazards like forgetting
to turn off appliances [98]. To prevent fires caused by such forgetfulness, sensor sys-
tems integrating gas, flame, and temperature detection have been proposed [110,
111, 112, 42]. M. Logeshwaran and J. Sheela [110] developed an alarm system com-
bining flame, gas, temperature, and PIR sensors, while W. Hsu et al. [111] proposed a
similar system with notifications via buzzers and LEDs. A. Wa et al. [112] introduced
a system for monitoring kitchen usage and heating times. Beyond fire prevention,
J. Doyle et al. [42] explored detecting open windows, doors, and active appliances
using window, door, and power sensors, with confirmation interfaces for residents.
However, these methods lack sufficient quantitative evaluations for detecting for-
getfulness over long-term scenarios.

Indoor wandering is a common anomaly, particularly among dementia patients
[113]. Various methods have been proposed to detect non-routine walking patterns,
such as pacing (repeated back-and-forth movement), wrapping (moving to a goal
point via multiple intermediate locations), and random transitions described by the
Martino-Saltzman model [114]. K. Ota et al. [115] classified elderly activities, in-
cluding wandering, using ultra-wideband impulse radio monitoring sensors to es-
timate movements. W. Zhao et al. [116] utilized active infrared sensors to detect
frequent reactivations within two minutes, indicating wandering. Q. Lin et al. [37]
employed rule-based methods based on walking trajectory length and frequency.
Neural network-based approaches have also been explored, such as convolutional
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neural networks (CNNs) treating indoor trajectories as images [38, 104] and recur-
rent neural networks learning from sensor time series data [39]. E. Khodabandehloo
and D. Riboni [117] used random forests to classify walking patterns (e.g., normal,
abnormal, and partially abnormal) based on loop locations, center coordinates, and
loop durations. Their approach also categorized the resident’s condition as healthy,
mild dementia, or dementia. These methods leverage position estimation from in-
frared motion sensors, simulated ultrasonic sensors, or other sensor systems to de-
tect wandering effectively.

Falls are a common anomaly among the elderly, with a 1988 study reporting that
35% of individuals aged 65 and older fell at least once a year [118]. Due to their
significant risks in indoor activities [98], numerous studies have focused on detect-
ing falls while walking [102, 100, 34, 119] and both falls while walking and standing
[103, 101, 120, 53]. Infrared sensors have been widely used for detecting human
movement. M. Popescu et al. [100] applied hidden Markov models to classify falls
using infrared sensor signals. A. Yazar et al. [102] combined vibration sensors and in-
frared sensors, detecting falls with support vector machines. S. Tao et al. [34] utilized
randomized power martingale to identify falls from discretized infrared sensor data.
J. H. Shin et al. [53] used infrared motion sensors in rooms to detect falls among nine
anomalies via support vector data description. Other studies have leveraged floor
and pressure sensors. M. Alwan et al. [120] applied pattern matching to floor vi-
brations, while H. Rimminen et al. [101] used Markov chains with electric near-field
floor sensors to distinguish falls. K. Chaccour et al. [103] analyzed pressure sensor
thresholds to detect falls effectively. K. Wu et al. [119] detected falling mode (trip
and slip) from floor vibration pattern with geophone sensors.

Beyond typical anomalies, mobility, cognitive function, and mental health are
evaluated as predictors for assessment scores. A. Akl, B. Taati, and A. Mihailidis
[81] used walking speed features from motion sensors to classify individuals with
mild cognitive impairment (MCI), achieving an AUC of 0.97. T. Hayes et al. [121] an-
alyzed long-term data from MCI patients and healthy individuals, finding that MCI
patients exhibit greater fluctuations in median walking speed and daily activities.
C. Galambos et al. [122] visually examined activity levels and going-out patterns to
assess cognitive functions and psychological state. A. Alberdi et al. [25] evaluated
motor abilities through tests like timed up and go (TUG) and arm curl, cognitive
functions using RBANS, PRMQ, and digit cancellation tests, and emotional state
with the geriatric depression scale (GDS-15). These metrics were inferred from be-
havioral data to detect change points, demonstrating prediction methods on weekly
[81, 121] and monthly scales [25].
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Detection methods for anomalies across various durations have been explored in
prior research. T. Mori et al. [124] used a Gaussian Mixture Model to analyze the start
time and duration of activities, identifying anomalies ranging from minutes to days,
and detecting behavioral shifts over months based on distribution changes. How-
ever, this approach focused on outliers and shifts rather than meaningful, typical
anomalies. Existing methods typically address specific time scales, such as seconds
for falls or weeks for going-out patterns, but they cannot handle multiple anomalies
with varying time scales. Furthermore, even though being housebound, being semi-
bedridden, and forgetting are well-known anomalies, there are no studies explicitly
detecting these anomalies using ambient sensors.

To address these issues, we propose an unified framework to detect six types
of anomalies, including novel approaches for being semi-bedridden, housebound,
and forgetting to turn off appliances. Our customizable simulator adapts to various
environments, enabling unified detection of anomalies over durations ranging from
seconds to weeks using data from ambient sensors. Detecting multiple anomalies
by sharing a common sensor arrangement can reduce management costs.
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Chapter 3

Simulation

We explained a sensor data simulator to generate six typical anomalies.

3.1 Data Format

Table 3.1 presents the final data format produced by the simulator. The sensor data is
represented as a sequence of tuples in the format: (Sensor ID, Timestamp, Reading).
This format is common in sensor data [26].

TABLE 3.1: Example of ambient sensor data.

Sensor ID Timestamp Reading
Motion sensor 1 0 days 8:12:34.5 ON
Motion sensor 2 0 days 8:12:34.6 ON
Motion sensor 1 0 days 8:12:34.7 OFF
Pressure sensor 3 0 days 8:12:34.7 ON
Motion sensor 2 0 days 8:12:34.9 OFF
... ... ...

3.2 Simulation Framework

The proposed simulator extends the agent scenario generation method presented in
[51]. It consists of three primary component simulators: (1) a floor plan (and sen-
sor arrangement) [125], (2) an activity simulator [88], (3) a walking trajectory sim-
ulator [126], and (4) sensor data simulator [51]. In addition, we introduce a fifth
component, (5) an anomalous behavior simulator. The relationships among these
component simulators are illustrated in Fig. 3.1. A virtual floor plan of a studio
apartment is created with sensors arranged to cover the resident’s main flow. Activ-
ities are scheduled over several years, each tied to specific locations (e.g., cooking in
the kitchen). The virtual agent moves between activities according to the schedule,
activating sensors based on activities or walking, with all sensor data recorded. Each
component simulator is described in detail below.

3.2.1 Floor Plan and Sensor Arrangement

The floor plan simulator determines the layout of rooms, furniture, and sensor place-
ments where the virtual agent lives (e.g., Fig. 3.2 and Fig. 3.3). We used the studio
apartment floor plan simulator from [51], which arranges rooms and furniture based
on elderly-friendly guidelines, such as keeping furniture at least 0.6 m apart. Sensors
can be positioned manually or randomly by specifying their coordinates.
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FIGURE 3.1: The proposed simulator consisting of four component
simulators and a sensor data collector (each surrounded by lines).

TABLE 3.2: List of ambient sensors with binary outputs used in this
study. This table is modified version in [58].

Sensor Sampling rate Place Detected target
Infrared motion sensor 10Hz Open area with a detection

range of 50 cm radius
Resident motion

Pressure sensor 10Hz Floor near the bed with a detec-
tion range of 0.75m2 and 1m2

Resident presence

Door sensor 10Hz Entrance door Door openings and closings
Flow sensor 1Hz Faucets in bathroom and

kitchen
Captures water usage, similar to
a utility meter

Power sensor 1Hz TV and kitchen stove Captures power consumption,
similar to a utility meter

This study focuses on four types of ambient binary sensors: (1) passive infrared
(PIR) motion sensors activated by movement at 10Hz, (2) pressure sensors triggered
by presence at 10Hz, (3) door sensors activated when a door is opened at 10Hz,
and (4) cost (power and liquid flow) sensors triggered by home appliance use at
10Hz. PIR sensors were manually placed to cover the resident’s main walking flow.
Pressure sensors were positioned at the foot of the bed, door sensors at the entrance
door, and cost sensors on appliances such as the TV, stove, and faucets (Tab. 3.2). In
this study, we use the floor plan in Fig. 3.2 and Fig. 3.3.

3.2.2 Activity

Activity simulators generate daily schedules of the virtual agent (e.g., Fig. 3.4).
Previous simulators have at least one of the following problems.

S1 Existing methods lack the precision to directly determine activity frequency
as a statistical feature, making it challenging to model daily activities easily.

S2 Sensor responses are not always linked to the agent’s physical movements,
such as walking near or using objects, reducing realism

S3 Randomly occurring anomalies, like wandering, are often excluded.

S4 Long-term trends in anomalies and correlations among them, such as co-
occurrences increasing with age, are overlooked [6].

These challenges are addressed by the proposed simulator [55, 56].

S1& S4 : We introduce a latent variable representing the degree of dementia,
which varies over time to model age-related anomaly progression [6]. Using
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FIGURE 3.2: The example of floor plan (above) and sensor arrange-
ment (below) are shown with lengths in meters. Furniture includes
chairs (C), a cupboard (CB), a dining table (DT), a kitchen stove (KS),
a refrigerator (RF), a trash box (T), a wardrobe (WR), a washing ma-
chine (WM), and a water closet (WC). Sensor types are distinguished
by colors and symbols: red (PIR sensors, #0 to #33), gray (pressure
sensors, #34 and #35), green (door sensor, #40), blue (flow sensors,
#36 and #37), and yellow (power sensors, #38 and #39). This layout is

used in anomaly detection.

FIGURE 3.3: Another example of sensor arrangement. The symbols
are same with Fig. 3.2.
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FIGURE 3.4: An example of activity schedule that the proposed sim-
ulator generated. The right side shows the names and duration of the

activities.
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a statistical graphical model, each anomaly’s frequency and duration, or
time are governed using reproducible parameters.

S2 : Sensor responses are activated directly by the agent’s walking trajectory or
activity, ensuring realistic data collection.

S3 : Randomly occurring anomalies are integrated into the simulation.

To develop activity simulators that ensure the accurate reflection of essential
daily activity statistics, we categorized activities into three types based on the classi-
fication of activities of daily living (ADL) [127] that is often used in elderly care field.
The classifications are as follows:

Fundamental activity : These activities almost always occur daily and have two
core parameters: start time and duration. They constitute a minimal set
of self-care activities, sometimes referred to as basic activities of daily living
(BADL) [127]. Their sequence is typically fixed. We identified four fun-
damental activities: Take breakfast, Take lunch, Take dinner, and Sleep, per-
formed in the following order: Take breakfast, Take lunch, Take dinner, and
Sleep.

Necessary activity : These activities can occur multiple times per day and have a
single core parameter representing their frequency. They are another subset
of self-care activities included in BADL. The occurrence frequency is mod-
eled using a Poisson distribution. We identified five necessary activities:
Brush teeth, Change clothes, Defecation, Take a bath, and Urination.

Random activity : These activities may occur multiple times a day but are not
strictly essential. They are necessary for independent living and refer to
instrumental ADL (IADL) [128]. We identified nine random activities: Clean,
Cook, Go out, Read, Rest, Take a snack, Use a phone, Wash clothes, and Watch
TV.

By these activities, we construct activity sequences as follows (See Fig. 3.5 and
algorithm 1).

First, we define the symbols. The activity simulator generates a time series of
activities representing the resident’s daily behavior. An activity sequence is defined
as A = (a1, a2, . . . , aNA), where each activity ak = (ak,n, ak,s, ak,d, ak,l) consists of:

• ak,n ∈ SA: Activity name,

• ak,s ∈ R: Start time,

• ak,d ∈ R: Duration,

• ak,l ∈ U ⊆ R2: Start location.

The location ak,l is randomly chosen from fz(ak,n), which maps activities to possible
starting locations, ensuring activities are performed in relevant places (e.g., read a
book at a desk). The sequence A covers an entire day without gaps.

Each activity is modeled and scheduled based on its type. Let SF be fundamental
activities, SN necessary activities, and SR random activities, so that SA = SF ∪ SN ∪
SR. Let T be the daily time range to be filled with activities, initialized as [0:00-24:00)
(a half-open interval). Once an activity a is scheduled, T is updated as T \ [a.s, a.s +
a.d), segmenting T by this interval.

Each day is filled by activities as follows.
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1. Fundamental activities (SF): For each fundamental activity (a ∈ SF), the start
time and duration are sampled from normal distributions N (µa,s, σ2

a,s) and
N (µa,d, σ2

a,d), where µa,s and µa,d are the mean start time and duration, and
σa,s and σa,d are the standard deviations. If the order of fundamental activities
is violated, the values are resampled.

2. Necessary activities (SN): For each necessary activity (a ∈ SN), the daily fre-
quency λa is sampled from a Poisson distribution Poi(µa), where µa is the
mean daily frequency. The start time is sampled from an uniform distribution
Uni(T). The duration is sampled from N (µa,d, σ2

a,d). If overlaps with existing
activities occur, or a sub-interval of T is too short (e.g., less than 30 seconds),
the values are resampled.

3. Random activities (SR): Remaining time T is filled with random activities. An
activity a ∈ SR is chosen with probability pa, where ∑a∈SR

pa = 1. The start
time is set to min(T), and the duration time is sampled from N (µa,d, σ2

a,d). As
with necessary activities, overlaps or sub-intervals shorter than 30 seconds are
resampled.

For now, we use probability distributions with parameters derived from statistical
surveys in Japan [129]. Examples of parameters are shown in Table 3.3. In future
work, alternative probability distributions or parameters learned from data may be
applied. Note that durations of activities are truncated to ensure a minimum activity
duration (30 seconds) or to align with the start time of subsequent activities. As a
result, the durations do not strictly follow normal distributions or truncated normal
distributions.

3.2.3 Walking trajectory

The walking trajectory simulator generates the agent’s 2-dimensional movement
within the home. The agent moves between activity areas to start the next activ-
ity after completing the previous one. We adopted the walking trajectory simulator
proposed in [51, 126], which generates a movement path (Fig. 3.6). We explained
this simulator below.

Trajectories are determined as follows. Let Wa,b ∈ (R×U)+ be a sequence of
time-location pairs for the movement between the current activity a and the next
activity b, where + denotes the Kleene closure. Each location represents the center
of the resident’s body. For instance, when transitioning from ak = (ak,n, ak,s, ak,d, ak,l)
to ak+1 = (ak+1,n, ak+1,s, ak+1,d, ak+1,l), the trajectory with duration TW is represented
as:

Wak ,ak+1 = ((t1, l1), (t2, l2), . . . , (tN , lN)) ,

where l1 = ak,l , lN = ak+1,l , t1 = ak+1,s − TW , and tN = ak+1,s.
The trajectory is generated by considering the following factors:

1. The straight distance between the start and end positions,

2. A discomfort value for walking near furniture or walls,

3. A discomfort value for abrupt body turns,

4. The difference between step length and the preferred stride length

After determining the trajectory, TW is calculated based on a walking speed. In our
experiments, we assumed a fixed walking speed of 68.75 [cm/s].
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FIGURE 3.5: Overview of the proposed behavioral simulator.
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TABLE 3.3: Classification of 20 activities into categories (F: Funda-
mental, N: Necessary, R: Random) along with their statistics. Here,
µa,s and σa,s represent the mean and standard deviation of start time,
µa,d and σa,d represent those of duration, and λa is the mean daily
frequency. Units are in minutes, and values are based on statistical

surveys in Japan [129]. This table is modified version in [56].

Type Activity Start time [m] Freq. [times/day] Duration [m] Place Appliances
µa,s σa,s λa µa,d σa,d

F have breakfast 437 (7:17) 30 — 34 10 Table —
have lunch 720 (12:00) 30 — 42 10 Table —
have dinner 1098 (18:18) 30 — 45 10 Table —
sleep 1289 (21:29) 40 — 482 30 Bed —

N brush teeth — — 2 1.5 0.5 Bathroom Faucet
change clothes — — 2 5 1 Wardrobe —
defecation — — 1 10 3 Toilet —
take a bath — — 1 30 10 Bathroom Shower
urination — — 5 3 0.5 Toilet —

wandering∗w — — λw µw µw/5 Walking —
go out∗h — — 1/14 20 4 Entrance —
use the phone∗h — — 1/3 10 2 Desk —
go out∗s — — 1/7 20 4 Entrance —

R clean — — — 30 10 Trash box —
cooking — — — 30 10 Kitchen Stove and

faucet
go out — — — 40 20 Entrance —
read a book — — — 40 20 Desk —
rest — — — 30 10 Sofa —
take a snack — — — 10 3 Table —
use the phone — — — 10 3 Desk —
wash clothes — — — 5 1 Washer —
watch TV — — — 40 20 Sofa TV

nap∗s — — — 40 8 Sofa —
rest∗s — — — 60 10 Sofa —

*w: The frequency λw and duration µw of wandering are determined by the anomaly simulators.
*h: During housebound periods, go out and use the phone are switched from random to necessary activities.
*s: During semi-bedridden periods, go out is switched from random to necessary activities, the duration of rest
increases, and nap is added to random activities.
**hs: When housebound and semi-bedridden states occur simultaneously, the go out∗s is prioritized.
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Sensor Activation

Sensor data are obtained from sensors attached to rooms (Tab. 3.2). These sensors are
activated by the resident’s movements or activities, with different activation rules
depending on the type of sensor:

• PIR sensors: Activated when the resident enters their detection area and deac-
tivated upon leaving. For this study, the resident’s body radius is set to 10 [cm],
and the sensor’s detection radius is 0.5 [m]. Since PIR sensors detect motion,
they are also deactivated if the resident remains stationary without movement.

• Pressure sensors: Activated when the resident’s body is standing on the sen-
sor.

• Door sensors: Activated when the resident starts or finishes go out. The sensor
remains ON for a duration sampled from a normal distribution with a mean of
7 seconds and a standard deviation of 1 second, after which it switches OFF.

• Flow sensors: Constantly activated during activities such as cooking, taking a
shower, and brushing teeth.

• Power sensors: Constantly activated during activities such as cooking and
watching TV.

All sensors are synchronized to start sampling at 0 day 0:00:00.
Motion sensors detect motions beyond walking. While an activity is performed,

motion sensors near the corresponding activity location are activated but are not
always continuously active. To reflect realistic sensor reactions, we calculated the
statistics of ON and OFF states using the CASAS Aruba dataset [26]. The results are
shown in Tab. 3.4. For example, work at desk often causes sensors to remain inactive
for an average of 30 seconds with staying active for an average of 4.8 seconds during
this activity, while sleeping results in an average inactivity of around 10 minutes.
And these real sensor activations can be modeled by log normal distribution and
exponential distribution in Fig. 3.7.

In the simulation, sensor activations during activities are implemented as follows
(Tab. 3.5):

• The closest sensor to the activity location is assigned as the representative sensor.

• The active duration is sampled from a log-normal distribution with a mean of 5
seconds and a standard deviation of 5 seconds, common to all activities.

• The inactive interval (the duration between two active states) is sampled from
an exponential distribution specific to the activity:

– Mean of 600 seconds for sleep and nap,

– Mean of 60 seconds for rest,

– Mean of 20 seconds for all other activities.

• During these activities, all sensors within a radius of 30 cm from the activity
location are activated.
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TABLE 3.4: Statistics [sec.] of activation of a motion sensor according
to activation in the dataset [26]. This is modified version in [57].

Activity LocationActive
duration
(mean ±
2SD)

Inactive
interval
(mean ±
2SD)

Sleeping Bed 5.5± 115.0 591.8 ±
4119.2

Eating Dining
table

3.7± 6.0 22.2± 117.0

Work Desk 4.8± 12.4 30.6± 139.4
Meal Prepa-
ration

Kitchen 5.4± 9.6 9.5± 52.4

Relax Sofa 3.2± 5.6 49.7± 366.2

TABLE 3.5: Statistics [sec.] of a motion sensors in this study. Active
duration is 5± 10 [sec.] (mean ± 2SD) for all activities. This is modi-

fied version in [57].

Activity Location (sensor #) Inactive interval (mean ±
2SD)

1) Sleep or nap Bed (# 23) 600± 1200
2) Change clothes Wardrobe (# 24) 20± 40
3) Work, use the

phone, or read a
book

Chair at the desk (#
25)

20± 40

4) Rest or watch a
TV

Sofa (#26) 60± 120

5) Watch a TV Sofa (#26) 20± 40
6) Take food Chair at the dining

table (#6, #27, #28)
20± 40

7) Clean Trash bin (# 29) 20± 40
8) Wash clothes Washing machine (#

30)
20± 40

9) Cooking Kitchen (#31) 20± 40
10)Urination or defe-

cation
WC (#32) 20± 40

11)Take a bath or
blush teeth

Bathroom (# 33) 20± 40
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3.2.4 Anomalous Behavior

Anomalous behavior simulator reflects anomalous behaviors into activity, walking
trajectory, or sensor data.

We selected six anomalies: being semi-bedridden, being housebound, forgetting, in-
door wandering, falls while walking, and falls while standing. Tab. 3.6 and Tab. 3.7 sum-
marizes these anomalies, including their symptoms, causes, and the corresponding
implemented models in our simulator.
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Algorithm 1 Generation of a daily schedule. This algorithm is modified version in
[130].

1: Input: SF, SN and SR that are the sets of fundamental activities, necessary activ-
ities and random activities.

2: Output: A that is a sequence of activities of the day.
3: Let N , Poi, Uni and PR be a normal distribution, a Poisson distribution, a uni-

form distribution, and a discrete distribution of random activities.
4: Let ϵ be an allowable minimum duration time, e.g., 30 seconds.

5: procedure BEHAVIORAL_SIMULATION(SF, SN , SR)
6: T ← [0 : 00, 24 : 00) // Time range of a day.
7: A← ∅
8: for a ∈ SF do // Set up SF.
9: repeat

10: s ∼ N (µa,s, σ2
a,s)

11: d ∼ N (µa,d, σ2
a,d)

12: until UPDATE(T, A, a, s, d) == Success
13: end for
14: for all a ∈ SN do // Set up SN .
15: b ∼ Poi(λa)
16: for all i ∈ {1, 2, . . . , b} do
17: repeat
18: s ∼ Uni(T)
19: d ∼ N (µa,d, σ2

a,d)
20: until UPDATE(T, A, a, s, d) == Success
21: end for
22: end for
23: while T ̸= ∅ do // Set up SR.
24: repeat
25: a ∼ PR(SR)
26: s← min(T)
27: d ∼ N (µa,d, σ2

a,d)
28: until UPDATE(T, A, a, s, d) == Success
29: end while
30: Return A
31: end procedure

32: procedure UPDATE(T, A, a, s, d)
33: // d∗ is the maximum duration between s and the previous activity
34: d∗ ← min(d, max({e | [s− e, s) ⊆ T}))
35: // d

′
is the maximum duration between s and the previous activity

36: d
′ ← min(d, max({e | [s, s + e) ⊆ T}))

37: if d < ϵ ∨ (d∗ < ϵ) ∨ (d
′
< ϵ) ∨ (the order of F in A is invalid) then

38: return Failure
39: else// When activities have enough duration.
40: T ← T \ [s, s + d

′
)

41: A← A ∪ (a, s, d
′
) // a is done for d

′
[m] from s.

42: return Success
43: end if
44: end procedure
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FIGURE 3.6: Generation of a walking trajectory from an activity se-
quence. A walking trajectory between ak and ak+1 is Wak ,ak+1 =
((t1, l1), (t2, l2), . . . , (tN , lN)), where l1 = ak,l and lN = ak+1,l . The
trajectory is obtained by connecting body centers in nearly straight
movements while avoiding furniture. Body centers are determined

in short and smooth with a specified stride length.

FIGURE 3.7: Duration time (left) and interval time (right) of sensor
activations in CASAS Aruba dataset [26]. Histogram, log norm distri-
bution (left) and exponential distribution (right) estimated from data
are drawn. Data with an absolute z-score of 3 or above were removed

as outliers
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We classify these anomalies into three types:

• State anomalies: Periodic changes observed in statistical properties. For ex-
ample, the duration of sleep may gradually increase for a resident suffering
from being semi-bedridden, while the frequency of outings decreases for a resi-
dent who is being housebound.

• Activity anomalies: Changes linked to specific activities, typically observed as
alterations in frequency or duration. Examples include forgetting (e.g., failing
to turn off the stove) and wandering.

• Moving anomalies: Abnormalities in walking patterns. Examples include
falls, where the walking speed drops to zero for several seconds or longer.

The activity simulator are statistically interconnected with other component sim-
ulators as illustrated in the graphical model (Fig. 3.8). We explain each anomalies
below.

Mini-Mental State Examination Score

Many anomalies, including falls and wandering, are associated with Mini-Mental
State Examination (MMSE) scores [137] in terms of frequency or duration [9, 10, 8].
As reported in [9], the MMSE score is effective in separating patients into groups
based on the degree of wandering. Additionally, the duration of wandering has
been found to be significantly associated with MMSE scores [10].

An MMSE score is calculated from responses to simple questions related to cog-
nitive status (e.g., "What is the date today?"). The maximum score is 30, with lower
scores indicating more severe dementia.

In this study, anomalies are assumed to be correlated and governed by a single
latent variable associated with the degree of dementia. To ensure realism, we focus
on individuals with mild cognitive impairment or early-stage Alzheimer’s disease
(MMSE scores of 19–27) [7], who are capable of living alone. The MMSE score is
used as a governing latent variable to quantify cognitive degeneration with a linear
decline. Let Mm represent the MMSE score as a random variable in the mth [month].
The sequence {Mm} decreases at a constant rate c, with random noise σm according
to the following formula:

Mm+1 = Mm − c + σm, c > 0, σm ∼ N (0, σ2
e ). (3.1)

In this paper, we used c = (29− 19.5)/9/12, corresponding to a reduction from 29 to
19.5 over nine years, based on average cognitive degeneration in the early stages of
dementia [7]. Lower values of Mm typically increase the frequency and/or duration
of anomalies.

Frequency and duration of each anomaly

Based on the MMSE state Mm, we consider a state-space model where the outputs
are the mean frequency Fa,m and mean duration Da,m of each anomaly a in the mth
month (Tab. 3.8). The unit for duration varies depending on the anomaly, ranging
from seconds to days. In particular, the frequency and duration of anomalies such
as wandering, forgetting, and falls vary with the MMSE score.

According to [140], the predicted number of falls is approximately once every
three years as a baseline, and it can increase several to dozens of times depending
on factors such as dementia, walking ability, and attention impairments. Another
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FIGURE 3.8: A graphical model of anomalies. For example, the
MMSE score at the tth month, Mt, is generated based on the previ-
ous value, Mt−1, and noise, σt. Random variables αt and βt represent
the parameters of state and activity anomalies. These are conditioned
on Mt and influence the parameters (θt and ϕt) of activities and walk-

ing trajectories, respectively.
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TABLE 3.8: Mean frequency and duration of six anomalies. For the
mth month, Fa,m represents the mean frequency, and Da,m represents
the mean duration. Except for the first two anomalies, both values

are functions of the MMSE score Mm.

Type Anomaly Frequency Fm Duration Dm
State Being semi-bedridden 1/20 30 [day]

Being housebound 1/10 14 [day]
Activity Forgetting −Mm + 30 Until the resident re-

turns to the activity
area

Indoor wandering −1.86Mm + 56 −0.31Mm + 9.8 [min.]
Moving Fall while walking −Mm/15 + 2 30 [sec.]

Fall while standing −Mm/15 + 2 30 [sec.]

study [8] showed that many elderly persons did not fall or fall a few times over
half-year. For simplicity, this study assumes that falls occur several times per year
depending the MMSE value.

Being semi-bedridden

Being semi-bedridden is characterized by decreased activity levels and prolonged
rest durations.

The starting time of being semi-bedridden is sampled according to a Poisson distri-
bution with mean frequency Fsemi-bedridden,m, and the duration is sampled from a nor-
mal distribution with mean Dsemi-bedridden,m and standard deviation Dsemi-bedridden,m/5,
independent of Mm.

When the resident becomes semi-bedridden, certain activities are statistically ad-
justed (Tab. 3.3):

• nap: The average duration increases to µnap,d = 40 [min.].

• rest: The average duration increases to µrest,d = 60 [min.].

• go out: The frequency decreases to λgo out = 1/7 [times/day], and the average
duration decreases to µgo out,d = 20 [min.].

Being housebound

Being housebound is often associated with a decrease in outings and related activi-
ties.

The starting time of being housebound is sampled according to a Poisson distribu-
tion with mean frequency Fhousebound,m, and the duration is sampled from a normal
distribution with mean Dhousebound,m and standard deviation Dhousebound,m/5, inde-
pendent of Mm.

When the resident becomes housebound, the following statistical changes occur in
activities (Table 3.3):

• go out: The frequency decreases to λgo out = 1/14 [times/day], and the average
duration decreases to µgo out,d = 20 [min.].

• use the phone: The frequency decreases to λuse the phone = 1/3 [times/day], and
the average duration decreases to µuse the phone,d = 10 [min.].
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Forgetting

Forgetting refers to instances where the resident fails to complete a task, such as
leaving a kitchen stove.

The frequency of forgetting is sampled from a Poisson distribution with mean
Fforgetting,m/30. The target of forgetting is randomly selected from activities that in-
volve the use of home appliances.

If forgetting occurs, the resident forgets to turn off the associated home appliance.
The appliance is safely turned off when the resident next returns near its sensor
location. For activities involving multiple home appliances, such as Cook (which
uses both the faucet and the kitchen stove), one appliance is randomly selected to
remain turned on.

Indoor wandering

Indoor wandering involves the resident moving aimlessly within the home, often
without a clear purpose.

Wandering belongs to SN and is characterized by a mean duration Dwandering,m,
a mean daily frequency Fwandering,m/30, and a standard deviation Fwandering,m/150.
These values are determined by the MMSE score Mm, as shown in Table 3.8.

A resident experiencing wandering exhibits anomalous travel patterns by walk-
ing around rooms. We implemented wandering as a situation where the resident
continues walking to a goal point via several staging points randomly selected from
activity areas.

The walking trajectory for a transition from a wandering activity w to another
activity a is represented as:

Ww,a =
(
(wk,s, wk,l), . . . , (tx, l1), . . . , (ty, ln), . . . , (ak+1,s, ak+1,l)

)
,

where:

w = (wandering, wk,s, wk,d, wk,l),
a = (ak+1,n, ak+1,s, ak+1,d, ak+1,l),

and l1, l2, . . . , ln are the randomly selected staging points.

Falls while walking

The daily frequencies of falling while walking is sampled using Poisson distributions
with means Ffall while walking,m/30 converted from 1 month to 1 day. A fall is as follows
(Fig. 3.9):

1. A fall occurs during the transition between two successive activities, such as
on the walking path from the kitchen (after cooking) to the sofa (for resting). The
probability of a fall is governed by the MMSE value, representing the progres-
sion of cognitive impairment. The timing of falls during the day is uniformly
determined by selecting one walking trajectory from all walking trajectories
within the day.

2. Once the walking trajectory Wak ,ak+1 is chosen, falling location is randomly and
uniformly sampled along the walking path {l2, . . . , lN−1}.

3. During a fall, the agent collapses and remains still for 20–40 seconds. The du-
ration follows a normal distribution with a mean of 30 seconds and a standard
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FIGURE 3.9: Simulation flow of falls.

deviation of 6 seconds. During a fall, the body radius of the resident increases
from 10 [cm] to 40 [cm], representing the posture change during the fall event.
While the agent is lying still during a fall, no motion sensors are activated.

4. After the fall, the agent stands up and resumes walking toward the intended
location, activating sensors as expected.

Falls while standing

For falling while standing, the falling location is the starting point of the trajectory.
If the resident falls on a trajectory {(t1, l1), . . . , (tN , lN)}, they stop suddenly at l1,
remain still for 30 seconds, and then resume walking. Other features are similar
with fall while walking.

3.3 Qualitative Analysis and Results

We validate the data generated by each component simulator. An example of the
floor plan used in this study is shown in Fig. 3.2 and Fig. 3.3. Examples of activity
sequences are presented in Fig. 3.4 and Fig. 3.10. Examples of walking trajectories
are illustrated in Fig. 3.11. An example of transitional anomaly parameters over long
periods is shown in Fig. 3.12, and the sampling occurrences of anomalies based on
these parameters are shown in Fig. 3.13. From these figures, no obvious contradic-
tions are observed at first glance.

3.4 Quantitative Analysis and Results

To measure the quantitative performance in the proposed simulator, we compare the
real activity sequence with the simulated activity sequence parameterized with the
real data. Because sensor data simply follows the walking trajectories and activities
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FIGURE 3.10: Simulated activity sequence over 7 days (seven rows in
each subfigure). The activities are categorized into three types: fun-
damental, necessary, and random activities. A total of 18 normal ac-

tivities are included.

generated from an activity sequence, the reality of the activity sequence is important.
Anomalies are difficult to be evaluated because they are rarely observed in real data.

3.4.1 Reality Metrics of Activity Sequences

We compared the generated activities with real activity sequences [141, 26]. To com-
pare these activities, we discretized them at intervals of l seconds and represented
them as character sequences of constant length. For example, with l = 30 sec-
onds, a 20-minute have lunch (L) followed by a 30-minute nap (N) is transformed
into LL· · ·LNN· · ·N (40 occurrences of L and 60 occurrences of N).

Given two daily activity (character) sequences, A and B, we measure the sim-
ilarity sim(A, B) using the Levenshtein distance [142], used in the existing study
[89]. Here, A represents a list of daily activity sequences over m days, where each
element Ai corresponds to the activity sequence of the ith day. The sequence Ai is
discretized into a character string at 30-second intervals, where the kth character in
Ai represents the activity at time k/2 minutes in the day. Since one day consists of
24× 60× 2 = 2880 intervals of 30 seconds, each Ai has a length of 2880 characters.
Similarly, B represents the same type of data over n days. Two sequences over differ-
ent days, A = (A1, A2, . . . , Am) and B = (B1, B2, . . . , Bn), are compared as follows:

ρ(A, B) =
∑m

i=1 ∑n
j=1 sim(Ai, Bj)

mn
, (3.2)

ρ(A, A) =
∑m

i=1 ∑m
j>i sim(Ai, Aj)

(m
2 )

, (3.3)

δintra(A, A∗) =
∣∣∣∣ρ(A, A)− ρ(A∗, A∗)

∣∣∣∣, (3.4)



50 Chapter 3. Simulation

FIGURE 3.11: Comparison of walking routes and sensor responses
between a normal walk (a) and three anomalous walks (b), (c), and
(d). Sensor numbers 1–21 represent PIR sensors, while 22 and 23 rep-
resent pressure sensors. In (c) and (d), the resident experiences a fall
at a specific position (indicated by a black triangle) and subsequently

restarts walking.
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FIGURE 3.12: An example of parameter transitions of six anomalies.

FIGURE 3.13: Spike plot of occurrence of six anomalies.



52 Chapter 3. Simulation

δinter(A, A∗) =
∣∣∣∣ρ(A, A∗)− ρ(A∗, A∗)

∣∣∣∣, (3.5)

where A∗ represents a real activity sequence.
From ρ(A, A), we can determine the variety (or inversely, the self-similarity) of

daily schedules within m days of A. A large value of ρ(A, A) implies a high variety
across days. Meanwhile, ρ(A, B) indicates the similarity between m days of A and n
days of B.

The metric δintra(A, A∗) reflects how A differs from A∗ in terms of variety. Simi-
larly, δinter(A, A∗) captures the relative difference in similarity between A and A∗. A
small value of δintra(A, A∗) indicates that A retains a variety comparable to A∗. Con-
versely, a small value of δinter(A, A∗) suggests that A and A∗ are similar in content.

3.4.2 Dataset

We used two real activity sequences extracted from two datasets ([141] and [26]).

Kasteren Dataset [141]

First dataset is Kasteren dataset [141], that single male student lives in a smart home.
This dataset length is about one month and we use all data for parameter fitting.

We prepare the following five dataset (one from real data, three from the pro-
posed simulator, and one from the existing study) with same time length.

AKasteren (24 days) The real activity sequence over 24 days of a 26-year-old resi-
dent living alone [141]. The original data consists of seven activities: prepare
breakfast, take shower, prepare dinner, go to bed, use toilet, leave house, and get
drink. Some preprocessing and outlier removal were applied.

• The data of 24 days from 0:00 on February 26, 2008 to 24:00 on March
20, 2008 were extracted.

• The following data was regarded as outliers and removed (1) leave
house longer than 23 hours (3 cases) (2) go to bed less than 6 hours
(4 cases), and (3) get drink before 12 a.m. (4 cases).

• Activity labels in the original data is discontinuous. We filled the un-
known time as other.

Finally the activities are eight types, adding other in original labels.

AProposed (24 days) An activity sequence generated for 24 days using our pro-
posed activity simulator. The parameter values were learned from AKasteren
as described in Tab. 3.9. We categorized four activities (take breakfast, take
shower, take dinner, and go to bed) as fundamental activities, one activity
(use toilet) as a necessary activity, and three activities (go out, get drink, and
other) as random activities. The average start time was calculated using
the circular mean as in [89] to handle the wrap-around effect at midnight.
For example, the average of 23:00 and 1:00 is correctly calculated as 0:00,
rather than 12:00. To avoid overlap of fundamental activities, the standard
deviations of the start time and duration time of go to bed were reduced to
one-third.

ARanD (24 days) An activity sequence generated for 24 days with random dura-
tions based on normal distributions learned from AKasteren. Activities were
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generated chronologically, and the next activity was randomly and uni-
formly selected from the seven activities above. This data serves as baseline
data.

ARanS (24 days) An activity sequence generated similarly to ARanD, but with con-
trolled sleep starting times based on AKasteren. The sleep activity was deter-
mined first, followed by other activities. This modification was introduced
because sleep time occupies a large portion of the day. This data serves as
another baseline.

AADLSim (24 days) Explicit activity sequences are not provided, but metric values
are available as Sim2 in [89]. The authors used probability distributions to
select subsequent activities, applying rules that prioritize certain activities.
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CASAS Aruba Dataset [26]

We also used another dataset called CASAS Aruba [26], that the elderly woman
living alone in smart home with visitors sometime. We compared six activity se-
quences generated using the following methods. This dataset is approximately nine
times longer than the Kasteren dataset, so that we divided the data into training and
testing sequences with a 2:1 ratio.

We prepare the following six dataset (three from real data and three from the
proposed simulator).

AAruba (220 days) The real activity sequence over 220 days of an elderly woman
living alone, whose children and grandchildren visit regularly [26]. The
original data consists of eleven activities: meal preparation, relax, eating, work,
sleeping, wash dishes, bed to toilet, enter home, leave home, housekeeping, and
respirate. Some preprocessing and outlier removal were applied.

• The data for 220 days from November 4, 2010 to June 12, 2011 were
used.

• Overlapping between activities was removed such that one activity
follows another just in time.

• One of the duplicate data from ’2011-05-23 02:43:44.902903 M003 OFF
Sleeping end’ to ’2011-05-23 21:44:59.759837 M003 ON Sleeping begin’
was removed.

• A new activity other was assigned to the vacancy in activities. In case
that the duration is less than five minutes, then preceding activity was
extended.

• leave home and enter home labeled in a few seconds near going out were
removed. Instead, go out is assigned to the time.

• eating was separated into three of them, such as take breakfast from 4:00
to 11:00, take lunch from 11:00 to 16:00, take dinner from 0:00 to 1:00, or
16:00 to 24:00.

• sleeping in a day time from 6 to 17 o’clock was replaced with a new
label nap.

• bed to toilet and respirate were replaced with the preceding activity.
• Activity labels in the original data is discontinuous. We filled the un-

known time as other.

Finally, the activities are eleven types: meal preparation, relax, work, sleeping,
wash dishes, housekeeping, take breakfast, take lunch, take dinner, go out, nap,
and other.

AArubaTrain (146 days) The first 146 days of AAruba, used as training data for fitting
simulator models.

AArubaTest (74 days) The last 74 days of AAruba, used as test data for measuring
test error.

AProposed (74 days) An activity sequence for 74 days generated by the proposed
activity simulator. The parameter values were learned from AArubaTrain as
explained in Tab. 3.10. We categorized four activities (take breakfast, take
lunch, take dinner, and sleeping) as fundamental activities, four activities (nap,
wash dishes, meal preparation, and housekeeping) as necessary activities, and
the remaining activities as random activities. The average start time was
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calculated using circular mean as similar in the Kasteren dataset. The stan-
dard deviations of the start time and duration time of sleeping were reduced
by half to avoid overlapping fundamental activities.

ARanD (74 days) Data generated using AArubaTrain in a manner similar to ARanD in
the Kasteren dataset.

ARanS (74 days) Data generated using AArubaTrain in a manner similar to ARanS in
the Kasteren dataset.
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3.4.3 Result

The results on the Kasteren dataset are presented in Table 3.11. As shown in the table,
both AProposed and AADLSim exhibit almost the same degree of variety as AKasteren
based on the values of δintra. Additionally, ARanS demonstrates the highest similarity
to the real data in terms of δinter, followed by AProposed. This result can be attributed
to ARanS incorporating the sleeping schedule directly from the real data.

The results on the CASAS Aruba dataset are presented in Table 3.12. From the
table, it is evident that AProposed closely follows AArubaTrain in both δintra and δinter.
Furthermore, AProposed outperforms the two baseline models in terms of δintra. This
indicates that AProposed achieves a similar degree of daily activity variety as the real
activities and is more comparable to the actual data than the random baselines.
While the scheduling of sleeping remains a critical factor, it alone is insufficient to
fully replicate realistic activities. It is also worth noting that this evaluation mea-
sure tends to overlook anomalies and short-duration activities, as these are largely
excluded from consideration.
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Chapter 4

Detection

We proposed an unified framework to detect six types of anomalies from sensor
data, including approaches for wandering, falls while walking, and falls while standing,
and novel approaches for being semi-bedridden, being housebound, and forgetting to turn
off appliances.

4.1 Use Case

First, we show an example of use case in anomaly detection in real scenario. An
elderly individual living alone may be healthy or in the early stages of mild cog-
nitive impairment but still capable of living independently. The individual, family
members, or caregivers who visit regularly may wish to monitor long-term abnor-
mal behaviors over several years to detect early signs of health deterioration. This
system records anomaly predictions and provides alerts to the individual, family
members, caregivers, or a service manager.

For abnormal behaviors requiring immediate attention, such as falls or forget-
ting to turn off appliances, the system could trigger alerts, such as a buzzer for the
individual or phone calls to relatives. For behaviors that do not require an urgent
response, such as being housebound or being semi-bedridden, the system records health
data, which can be shared during visits or accessed online for detailed health eval-
uations. This approach helps to prevent further deterioration of the individual’s
health.

4.2 Simulator-based Anomaly Detection

We propose a simulator-based anomaly detection system to address the issue of data
insufficiency in smart homes by utilizing predefined anomaly models and a sensor
data simulator. An overview of the system is shown in Fig. 4.1.

The system operates as follows:

1. Customization of the simulator: The simulator is tailored to the operational
environment by configuring parameters for:

• Layout and sensors: Room size, furniture placement, sensor models, quan-
tity, and arrangement.

• Resident’s information: Activity statistics, including start times, dura-
tions, frequencies, and walking speed.

• Model of anomalies: Degree of dementia, types of anomalies, observed
phenomena, and frequencies.
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FIGURE 4.1: Overview of the system. Anomaly detection classi-
fiers are trained using simulation data generated by simulators cus-
tomized based on the operational environment. The simulated time
series data are transformed into anomaly-dependent features and la-
bel interval data, enabling the detection of anomalies with varying

types and durations.

2. Data generation: Using the configured simulator, time series data of sensor
outputs and corresponding anomaly labels are generated based on resident
behavior models and anomaly models.

3. Data transformation: The generated time series data are transformed into fea-
ture vector sequences and label interval sequences tailored to each anomaly.

4. Training the classifier: Detection classifiers are trained for each anomaly using
the transformed feature vector and label interval data.

5. Operation: In practice, real sensor time series data are processed to extract fea-
ture vectors, and the trained classifier predicts the labels of detected anomalies.

For this research, we simulated behavioral and movement patterns using aver-
age behavioral statistics of elderly individuals, making the system applicable to a
broad target population. However, if personalized data, such as activity statistics
(e.g., sleep schedules or frequency of outings) or walking speed, can be collected,
the simulator’s generation model can incorporate this information. This allows the
system to be customized for individual residents, enhancing its effectiveness and
relevance.

4.3 Detection Method for Each Anomaly

4.3.1 Preprocessing

We define symbols for sensor data as follows. Binary-output sensors are indexed
by the set {1, 2, . . . , S}. All sensors share a common sampling period Ts, and the
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FIGURE 4.2: Illustration of the training data construction process us-
ing a simulator. The smart home simulator first generates time-series
data of sensor activations along with anomaly labels. The sensor data
is then summarized into a binary-value vector sequence (data ma-
trix) with one-second intervals. Each anomaly label sequence is trans-
formed into a binary-value sequence with anomaly-specific intervals.
To train a classifier for each of the six anomalies, a sequence of feature
vectors tailored to each anomaly is extracted from the sensor data ma-

trix. This figure is modified version in [58].

sampling times are indexed by the set {1, 2, . . . , T}. The jth sampling time is given
by Ts · j. For now, we set Ts = 1 seconds.

Sensor data is defined as follows. Let xi,j ∈ {0, 1} represent the state of binary
sensor i at sampling point j, that becomes 1 if the sensor was activated at least once
during the interval from the (j − 1)th to the jth sampling times; otherwise, it is 0.
The complete data is represented as a data matrix X = (xi,j)1≤i≤T,1≤j≤S. This data
representation has been used in existing studies as raw data representation [143].

Similarly, label data for each anomaly is also summarized, but the interval length
varies depending on the anomaly. For example, the interval is one second for falls
and wandering, two hours for forgetting, and one day for being housebound and being
semi-bedridden, as shown in the right part of the middle box in Fig. 4.2. Consequently,
the lengths of the label vectors y ∈ {0, 1}L also differ. Specifically:

• One second as L = T for wandering, falls while walking, and falls while standing,

• Two hours as L = Th(= T/7200) for forgetting,

• One day as L = Td(= Th/12) for being semi-bedridden and being housebound.

This preprocessing procedure is illustrated in Fig. 4.2.
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4.3.2 Detection of begin semi-bedridden and housebound

We propose a method to determine being semi-bedridden or being housebound based
on a statistical test approach. Both semi-bedridden and housebound involve a reduc-
tion in the frequency of going out. To distinguish the semi-bedridden state from the
housebound state, we first classify the semi-bedridden state using sleep duration and
then classify periods with low frequencies of going out as the housebound state. The
classification interval is set to one day.

The classification method is explained step by step below:

1. Rule-based estimation of daily sleep duration: If motion sensors near the bed
(#23, #34, and #35 in Fig. 3.2) are activated and the interval until these sensors
are next activated exceeds one minute, this interval is considered as sleeping
time. However, if any other motion sensors outside the bed are activated dur-
ing this interval, it is not considered as sleep.

2. Modeling the sleep duration: The daily sleep duration is modeled by a normal
distribution with mean µs and standard deviation σs, estimated as the sample
mean and sample standard deviation of all the estimated daily sleep durations.

3. Learning the semi-bedridden classification: Periods where the sleep duration
exceeds the threshold θs = µs + csσs for more than seven consecutive days
are classified as semi-bedridden. The parameter cs is selected from the closed
interval [−1, 3] to maximize the F1 score on the training data.

4. Rule-based estimation of daily frequency of going out: If the door sensor is
activated and the interval until the sensor is next activated exceeds one minute,
it is counted as one instance of going out. However, if any other motion sensors
are activated during this interval, it is not counted.

5. Modeling the going-out frequency: The daily frequency of going out is mod-
eled by a normal distribution with mean µh and standard deviation σh, esti-
mated as the sample mean and sample standard deviation of all the estimated
daily going-out frequencies.

6. Learning the housebound classification: Periods where the frequency of go-
ing out falls below the threshold θh = µh − chσh for more than seven consec-
utive days and are not classified as semi-bedridden are classified as being house-
bound. The parameter ch is selected from the closed interval [−1, 3] to maximize
the F1 score on the training data.

Note that this method assumes that the bed is used exclusively for sleeping and
not for other activities such as reading.

4.3.3 Detection of forgetting

To detect instances of forgetting to turn off appliances and faucets, we use the following
two types of features calculated for every 2-hour interval:

• Duration of cost sensor activation: The total time during which the appliance
sensor remains activated.

• Maximum distance to sensors activated during cost sensor activation: The
maximum Euclidean distance from the cost sensor to any other sensor acti-
vated during the same time period.
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A decision tree [144] is trained with the two-dimensional feature vector to clas-
sify the binary label. The splitting criterion is Gini impurity, and the stopping crite-
rion requires each leaf node to contain fewer than five data points.

4.3.4 Detection of wandering

To detect wandering, we use the data matrix and label vector without additional
preprocessing. These data are modeled using standard time series classifiers [143],
such as dynamic naive Bayes [145] and hidden Markov models [146]. To suppress
noisy predictions, continuous labels with durations shorter than a specified denois-
ing threshold are removed as a post-processing step.

4.3.5 Detection of falls while walking

To detect falls while walking, we use the nonresponse duration (NRD) as a feature.
The NRD represents the elapsed time since the last activation of a sensor and means
as an approximation of the duration of resident immobility.

The NRD is calculated for all SM motion sensors, including infrared motion sen-
sors, pressure sensors, and door sensors. For the ith sensor at time j, NRDi,j repre-
sents the nonresponse duration, capturing the time elapsed since the sensor was last
activated among all motion sensors until any other motion sensor is activated.

The calculation varies by sensor type:

• Infrared motion sensors and door sensors: These sensors capture instanta-
neous movements, and the NRD is reset when the same sensor is activated
again.

• Pressure sensors: These detect continuous presence, so the NRD is not reset
when the same sensor is activated.

For the ith sensor at time j, let j′(< j) be the last time when all sensors were
inactive, and S(j′) be the set of sensors that fired just before j′. The NRD is defined
as:

NRDi,j =

{
j− j′ + 1 if i ∈ S(j′),
0 otherwise.

All sensors in S(j′) share the same NRD value. Collecting NRDi,j for all sensors
i ∈ {1, 2, . . . , SM} forms the NRD vector for each time step.

The random forest [147] is trained using NRD vectors to classify each second as
either a fall or a non-fall instance. The splitting criterion is based on Gini impu-
rity, and the stopping criterion ensures each leaf node contains fewer than five data
points. Decision rule based methods are chosen for their explainability and reliabil-
ity, making them suitable for detecting falls while walking. Classifiers trained directly
on a raw binary sensor matrix showed poor performance, so we omit these result.

4.3.6 Detection of falls while walking

To detect falls while standing, we used the similar way with detecting wandering, de-
tected by typical time series classifiers learned from the data matrix and label vector
without additional preprocessing.
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4.4 Experiment

We evaluated the detection performance using simulation data. Due to the diffi-
culty of collecting real data that includes anomalies, this study used simulation for
both the training and test stages. If the simulator can accurately mimic real-world
models, this evaluation framework is expected to work effectively. Based on the
aforementioned experiment, we hypothesize that the simulator captures the statisti-
cal features of activities realistically.

4.4.1 Metrics

Let y and ŷ represent the sequences of true (model-generated) and predicted anomaly
labels. We use five evaluation metrics for alarms of anomaly behaviors. Two of these
metrics are the typical precision and recall calculated between y and ŷ.

The other three metrics are defined using the label interval sequence of y, which is
expressed as I = {I1, I2, . . . , IN}, where Ii represents the ith maximal time interval of
consecutive 1s in y. For example, the label interval sequence of y = [0, 1, 1, 1, 0, 0, 1, 1, 0, . . .]
consists of I1 = [1, 3], I2 = [6, 7], . . .. Similarly, let I = {I1, I2, . . . , IN} and Î =
{ Î1, Î2, . . . , ÎN̂} be the label interval sequences of y and ŷ, respectively, where I and Î
are composed of disjoint intervals.

• Sensitivity: The proportion of correctly detected anomalies, defined as:

Sensitivity =
|{Ia | Ia ∩ Îb ̸= ∅, ∃b}|

N
.

This is an interval-based version of recall. High sensitivity indicates that a high
proportion of anomalies are detected.

• False Alarm Rate (FAR): The proportion of wrongly detected anomalies, de-
fined as:

FAR =
|{ Îb | Ia ∩ Îb = ∅, ∀a}|

number of days
.

FAR reflects the number of false alarms per day. A low FAR indicates fewer
unnecessary warnings.

• Mean Alarm Length (MAL): The average length of predicted label intervals,
regardless of correctness, defined as:

MAL =
∑N̂

b=1| Îb|
N̂

,

where | Îb| represents the length of Îb = [s, e], i.e., | Îb| = e− s. MAL should be
minimized to reduce redundant alarms. Note that extending predicted label
intervals can improve sensitivity and FAR but worsens MAL.

For wandering and falls, denoising thresholds are applied to remove noisy la-
bels shorter than the threshold. For example, a 5-second threshold removes label
intervals shorter than 5 seconds.

Similar evaluation metrics have been used in existing studies on long-term fall
detection in real-world scenarios [148]. One such study, which experimented with
more than three years of wearable sensor data for fall detection, achieved a sensitiv-
ity of 80% with one false alarm per 40 usage hours.
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4.4.2 Dataset

We prepare simulation data under the following settings. The floor plan and sensor
arrangement are predefined as shown in Fig. 3.2. A total of 41 sensors are placed to
cover the main flow lines in the floor plan. The resident follows the activity model
(Tab. 3.3) in the house and occur anomalous behavior modeled as in Tab. 3.7. The
simulation spans 9 years (9 · 360 days) for both training and test datasets. The train-
ing dataset contains a total of 7,555,956 sensor activations.

The number of anomaly labels in the training and test datasets are as follows:

• Being semi-bedridden: 4 (training), 8 (test),

• Being housebound: 11 (training), 17 (test),

• Forgetting: 452 (training), 575 (test),

• Wandering: 952 (training), 955 (test),

• Falls while walking: 26 (training), 40 (test),

• Falls while standing: 32 (training), 38 (test).

4.4.3 Parameter setting

For detecting being semi-bedridden and housebound, the accuracies of estimated daily
sleep duration and going-out frequency are evaluated using the mean absolute er-
rors (MAE) between the estimated values from the simulated sensor data and the
true values from the activity labels generated by the resident behavior model in the
simulation. The MAE values are 6.8 minutes and 0.046 occurrences for the training
data, and 6.9 minutes and 0.042 occurrences for the test data.

The models for estimated sleep duration and going-out frequency are N(8.02, 1.15)
and N(3.95, 2.12), respectively, where the learned parameters are cs = 0.10 and
ch = 1.80. Consequently, the thresholds are calculated as θs = 8.13 and θh = 0.14.

For detecting falls while walking, a random forest classifier with 100 decision trees
is trained. To focus the training on relevant data, feature vectors corresponding to
non-anomalous labels are reduced by selecting data from the three days before and
after each fall occurrence time.

4.4.4 Result

The results are shown in Table 4.1. Note that the evaluation metrics differ from those
used in existing works (Table 2.6 and Table 2.7), making direct comparisons between
methods difficult.

As a simple numeric comparison, the performance in detecting falls and wan-
dering is comparable to existing works. The three newly implemented methods for
detecting being semi-bedridden, being housebound, and forgetting achieve a sensitivity
of over 0.9, with false alarms occurring less than once every 100 days.

For detecting wandering and falls while standing, hidden Markov models outper-
form dynamic naive Bayes models due to their ability to utilize time context. How-
ever, detecting falls while walking remains the most challenging, achieving a sensitiv-
ity of 0.7. This difficulty arises from distinguishing whether the resident has fallen or
simply stopped walking near activity areas. Oversampling labels shows promise for
improving performance. In this study, the training data included 26 instances over 9
years, whereas previous research [57] achieved a sensitivity of 0.96 by oversampling
the number of falls approximately 200 times.
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Chapter 5

Discussion

5.0.1 Validation of Reality in Simulated Activities

The validity of the proposed simulator depends on the realism of the simulated be-
haviors, including both normal and anomalous activities, and the generated sensor
data. However, direct comparison with real-world data is challenging due to the dif-
ficulty of collecting extensive and varied real data, especially for rare or potentially
hazardous anomalies like falls or prolonged housebound states. Conducting long-
term experiments with elderly participants in smart homes is ethically and practi-
cally difficult.

In this study, we used statistical parameters derived from existing datasets to en-
sure realism. Our hierarchical probabilistic model (Fig. 3.8) exploits the relationships
among these parameters, to simulate activity patterns. Simulated activity sequences
have been shown to resemble real data by experiments. Additionally, our simple
walking and sensor models according to the activities approximate real activations
for binary sensors. However, certain aspects, particularly anomalies such as falls,
may not fully replicate real-world characteristics. For example, the response to a fall,
such as crawling or attempts to stand, is not captured in the current model. While
the performance metrics achieved using simulation test data are high, further evalu-
ation using real-world datasets is necessary to confirm this assumption, particularly
for fall detection.

5.0.2 Expandability of the Model

Our simulation-based method provides a cost-effective way to evaluate anomaly
detection systems without requiring real-world data. The proposed simulator serves
as a prototype, with several avenues for enhancement:

• Activity and Anomaly Models: Current models rely on simple statistical dis-
tributions such as Poisson or normal distributions for activity start times, dura-
tions, and frequencies. More complex models, such as those in [109, 106, 107],
could improve the realism of simulated behaviors. For falls, prior data and
knowledge of falls incorporating factors like location-specific risks (e.g., stairs
or narrow spaces) and resident responses (e.g., crawling after a fall) could im-
prove the similarity. Even there is the argument that simulation cannot repli-
cate all various patterns in real-life [149], our pre-defined falls can enhance its
detection range.

• Personalization: For personalized applications, statistical parameters can be
tailored to an individual by collecting data on their daily routines and behavior
patterns including their specific routines, such as sleep schedules or walking
speeds. This makes the system more applicable to a broad range of users,
including those with unique behavioral patterns.
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• Robustness for Real-World Data: Real-life scenarios include unexpected events
such as sensor malfunctions, irregular resident behaviors (e.g., sleeping on the
floor), or seasonal variations in activity patterns. Addressing these challenges
may involve integrating federated learning techniques for sensor malfunction
detection [150] or concept drift detection methods for activity patterns [151].

• Feedback from Real-World Data: Verification and feedback using real-world
data would enhance the simulator. While collecting labeled real-world data
is costly, partial labeling methods, such as diary-based reports, could provide
valuable insights. Unlabeled real data also have possibility to refine activity
pools, calibrate behavior statistics, and analyze walking patterns visually.

• Others: There are other directions to refine models, and expand their appli-
cability to more complex scenarios. This includes incorporating more flexible
floor plans, such as multi-floor layouts and yards, introducing habitual behav-
iors of the resident to enhance realism, implementing richer sensors with 3D
information, and implementing physical models of a body.
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Chapter 6

Conclusion and Future Works

6.1 Conclusion

In this paper, we have extended a state-of-the-art sensor data simulator [51], which
originally focused on wandering, to produce anomalous patterns corresponding to
six typical anomalies that can occur among elderly individuals living alone: being
semi-bedridden, being housebound, forgetting, wandering, fall while walking, and fall while
standing. These anomalies are statistically controlled primarily by frequency and
duration and are governed by a single latent variable, the MMSE score, an indicator
of dementia severity.

The proposed simulator is superior to previous methods in two key aspects: (1)
it naturally simulates the worsening of conditions over time, and (2) it captures
the correlations among anomalies through the MMSE score. By utilizing simulated
sensor data, we avoided the high costs associated with collecting long-term real-
world data while demonstrating the potential to achieve a high degree of similarity
with real activity sequences in existing datasets. Experimental results show that
our anomaly detection methods that are trained and tested on the simulation data
achieve a sensitivity of over 0.9 with fewer than one false alarm every 50 days for
most anomalies over nine years, except for fall while walking, where the sensitivity is
0.75. Data oversampling improves fall detection as the sensitivity 0.92 with one false
alarm per about nine days. Even the experiment settings and evaluation metrics are
not shared, these results are competitive performance compared to existing studies,
particularly for detecting wandering and falls. Additionally, the methods for detect-
ing being semi-bedridden, being housebound, and forgetting were newly proposed and
evaluated, achieving high precision and recall.

This work demonstrates that privacy-preserving ambient sensors, such as in-
frared motion sensors, pressure sensors, door sensors, and cost sensors, combined
with simulated data, can enable effective anomaly detection without relying on real-
world datasets. This approach highlights the potential of simulator-based frame-
works to enhance long-term elderly care in smart homes.

6.2 Future Works

We aim to develop cost-effective solutions for detecting long-term behavioral changes
and health deterioration in elderly individuals living alone. Future research will fo-
cus on refining the simulator and expanding its applicability to real-world scenarios
as discussed in the aforementioned discussion section. By bridging the gap between
simulation-based training and real-world deployment, these frameworks could fur-
ther help early intervention and improved care in smart home environments.
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