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Abstract. The proportion of elderly people over 65 years old has rapidly
increased, and social costs related to aging population problems have grown
globally. The governments want to reduce these social costs through advanced
technologies. The physician or medical center evaluates health conditions from
the reports of elderly people. However, self-reports are often inaccurate, and
sometimes reports by family or caregivers can be more accurate. To solve these
problems, an evaluated objective method based on sensor data is needed. In this
paper, we propose a data-driven smart home system that uses web technologies
for connecting sensors and actuators. The proposed system provides a method of
monitoring elderly people’s daily activities using commercial sensors to register
recognizable activities easily. In addition, it controls actuators in the home by
using user-defined rules and shows a summary of elderly people’s activities to
monitor them.
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technology

1 Introduction

Due to recent improvements in life expectancy, the proportion of older people has rapidly
increased [1]. The proportion of elderly people over 65 years old is predicted to rise to
30 % in 2060 in Europe [2]. Aging population problems have emerged globally, and due
to the social cost related to aging, it is difficult to support the increasing number of elderly
people. Since elderly people are exposed to various risks, the governments want to
reduce social costs through the monitoring of risks and diseases using advanced tech‐
nologies. To determine if elderly people need the help of others or evaluate the abilities
of elderly people, various methodologies are used, such as an activity of daily living
(ADL) checklist. ADL is a way of determining people’s routine activities [3]. Basic or
physical ADL consists of self-care tasks that people tend do every day without needing
assistance such as dressing, bathing, eating, ambulating, toileting, and hygiene-related
tasks. Instrumental ADL (IADL) is not necessary activities for survival and supports an
independent lifestyle, such as shopping, housekeeping, accounting, food preparation,
using the telephone, and transportation. The physician or medical center evaluates the
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health conditions of elderly people reported through these methods. However, self-
reports are often inaccurate, and sometimes reports by family or caregivers can be more
accurate. To solve these problems, an evaluated objective method based on sensor data
is needed.

With the advent of the Internet of Things (IoT) technologies, coined by Kevin Ashton
[4], small and inexpensive IoT devices have been widely used in our daily lives, and
they can help to solve common problems at a low social cost. IoT sensor devices are
deployed in living spaces or on the human body and collect log data to sense human
activities. To reduce the social cost, various methods have been proposed such as elderly
care systems [5, 6], behavior monitoring [7, 8], and user modeling [9, 10] in smart homes.
However, previous systems have supported a limited number of sensors to track the
ADLs of elderly people. These sensors are designed for specific purposes, and it is not
easy to purchase them in commercial markets. The number of ADLs of elderly people
monitored by these sensors’ data is limited because the previous systems have used
reasoning based on fixed and predefined rules in the systems. To build a smart home
environment for elderly people, a method of monitoring their ADLs using commercial
sensors and registering recognizable ADLs easily is required. Furthermore, it is also
necessary to declare control rules for actuators in the home and to provide a summary
of elderly people’s ADLs to monitor people.

In this paper, we propose a data-driven smart home system that uses web technolo‐
gies for connecting IoT devices. The system provides a web-based user interface for
monitoring elderly user to establish rules for recognizing activities and controlling
actuators by selecting features from visualized log data. The proposed system monitors
the behaviors of elderly people and controls IoT devices when abnormal situations are
detected. While this section has introduced and provided motivation for the work, the
rest of this paper is structured as follows. We present related work in Sect. 2. Section 3
describes our system design while Sect. 4 presents the current prototype implementation.
Finally, we conclude with a summary and present a future work direction in Sect. 5.

2 Related Work

In this section, we give an overview of related projects and technologies such as data
collection, activity recognition, and elderly care systems. Ambient Assisted Living
(AAL) and Ambient Intelligence (AmI) are approaches that aim to provide services and
systems for aging well at home. Emiliani and Stephanidis [11] discussed the anticipated
opportunities and challenges of AmI for elderly people. Among previous research
related to AAL and elderly care systems, Kleinberger et al. [12] developed and evaluated
the usability and suitability of interfaces for AAL. Dohr et al. [13] proposed an AAL
system for elderly people through the IoT using passive RFIDs or near field communi‐
cation (NFC). Su and Chiang [6] introduced a personalized healthcare service named
IAServ, in ubiquitous cloud computing to support a cost-efficient method of care. They
used a personal profile that includes basic information and personal states for generating
a personalized care plan based on predefined ontologies in the system. Costa et al.
designed and implemented mobile and static agents for smart homes using a voice
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interface [14]. Dickerson et al. [15] proposed a flexible web and cloud-based home
health care monitoring system and deployed the system in real homes. Stanford [16] and
Rantz et al. [17] have migrated from the laboratory into the homes of real older adults
in retirement communities.

To combine and configure tasks, Dey et al. [18] proposed a CAPpella system for the
end-user configuration of a pre-deployed sensor environment, and Davidoff et al. [19]
suggested principles of smart home control. IFTTT (If This Then That) [20] is a web-
based service that connects web services. It provides a simple interface to create a trigger
and an action. Tuomisto et al. [21] presented a Thing-centric simple rule editor for the
integration of functionalities and resources. Kolkowska [22] discussed privacy princi‐
ples for the design of elderly care systems in smart homes.

It is important to collect sensor data in smart homes for monitoring the activities of
elderly people, summarizing the activities, and controlling devices in smart homes.
Chatterjee et al. [23] built a wireless sensor network system within the home environ‐
ment to monitor the daily routines of elderly people using environmental and wearable
sensors. Lee and Dey [24] presented sensor-based observations of daily living (ODLs)
for older adults and their physicians for personal sensor data. Seo et al. [25] proposed
an activity mashup system using heterogeneous sensors and visualized personal activity
logs. Ransing and Rajput [5] proposed a wireless sensor network based smart home
system to help elderly people achieve safe, sound and secure living using ZigBee tech‐
nology. In user modeling approaches, Casas et al. [9] proposed a user modeling scheme
for elderly and disabled people. Raad and Yang [10] designed a user-friendly model for
elderly telemedicine in a smart home.

To recognize activities, Hong et al. [26] proposed a recognition method for ADL
inference based on human motion and object identification using accelerometers and
RFID sensors. Gaddam et al. [8] gathered data from a limited number of simple
sensors and showed the data can be used to recognize ADLs and the lifestyle of an
elderly person living alone. Suryadevara et al. [7] presented a data-driven intelli‐
gent system that includes effective sensing and intelligent behavior detection for
elderly people’s ADLs in their home. Forkan et al. [27, 28] proposed a cloud plat‐
form that can be accessed via web service protocols and described a pattern recog‐
nition models for an AAL environment.

3 System Design

In this section, we introduce our system design of a data-driven system for elderly people
in smart homes. To recognize ADLs according to sensing data and provide useful serv‐
ices through the control of actuator devices, we design the data-driven process in three
steps: log aggregation, activity recognition, and device control as shown in Fig. 1. In
the log aggregation stage, sensing data are stored in a logging database. Sensor data
contain information about ADLs and environment contexts. The data are collected from
individual sensors directly or each sensor server provider periodically using web-based
RESTful APIs. The logged data from heterogeneous sensors are converted to neutral
log notation to be stored in the database because the logged data have different notations.
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Fig. 1. Data-driven process overview

In the activity recognition stage, ADLs are extracted from the sensor data. The
activity recognition consists of two steps: abstraction from sensor data to an activity and
from subordinate activity logs to a superordinate activity. To determine the relation
between sensor data and activity, a monitoring user, such as a physician, retrieves the
collected log according to context queries. The monitoring user chooses filtered logged
data to build a combination of features based on transitions of sensor readings for activity
recognition. Similarly, the features of a superordinate activity are determined by a user’s
selection of filtered subordinate activity logs. In the last stage, the user established an
order to control actuator devices by connecting activity recognition and actuator behav‐
iors. The user selects a recognized activity and chooses an actuator and behaviors of the
chosen actuator, which is controlled by the activity detection. When the user activities
are detected, the predefined behaviors of the actuators are triggered.

Fig. 2. ADL context modeling example of elderly people at home

We perform ADL context modeling to create predefined basic rules for recognizing the
activities of elderly people, as shown in Fig. 2. We choose some activities related to elderly
people’s behaviors at smart homes from Ainsworth et al.’s study [29], which identified the
major categories and daily physical activities. We classify the ADLs of elderly people
based on places in the smart homes such as the bedroom, bathroom, and outside the home.
The place information is a spatial condition for recognizing ADLs. We add temporal
conditions to some rules, such as eating and sleeping. For instance, the eating activity is
classified as breakfast, lunch, and dinner according to time information through the sensor
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data that are collected in the same place (i.e., the kitchen). Moving behavior from outside
into the home is considered a “coming home” activity, and the activity depends on a change
of spatial context. Likewise, we build the predefined control rules of actuator devices using
recognized activities. For example, when a monitored person moves from inside to outside
the home, all the lights in the home are turned off.

4 Prototype Implementation

We implemented a prototype system based on the design given in the previous section
using web technologies. Figure 3 shows the system architecture of our system. The place
manager handles a place that is a living space of a monitored user (i.e., elderly people).
It also manages the deployment of devices and the indoor floor plans of the place. The
rule manager deals with data-driven rules for activity recognition and device control.
The user manager collects data logs from the monitored user’s sensors and sends control
messages to actuators. The web-based user interface supports user interaction between
monitoring users and manager components in the system using the web pages on a web
browser. The map server provides map tiles for determining geospatial information.

Fig. 3. Overview of the proposed system architecture

The proposed system supports the map-based device deployment view for arranging
devices’ positions. The devices’ profiles are preregistered on the system. The system
also provides a way of adding new device types. A monitoring user selects a pin on the
map to determine a building, and the map is changed into indoor maps of the selected
building. If a building or indoor floor plan does not exist on the map server, the moni‐
toring user can add information using GeoJSON notation. To deploy a device in the
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indoor space, the monitoring user clicks the “add” button, chooses a device, and picks
a location on the map as shown in Fig. 4. (a) of Fig. 4 shows an indoor map of the smart
home and the deployment of the devices. If the user clicks the add button, a popup
window is displayed to add a device to the place. The user chooses either a sensor or
actuator for a device type and selects a specific commercial device profile. Lastly, the
monitoring user selects the location of the deployed device and describes the device’s
specific profile. The devices located in the place are listed as shown in (b) of Fig. 4.
When the user clicks on device in the list, the detailed description of the selected device
is displayed as shown in (c) of Fig. 4. Through this process, the monitoring user deploys
sensor and actuator devices in each place of the smart homes. In a similar manner, the
monitoring user chooses devices’ positions on the human body map to attach wearable
devices.

Fig. 4. Deployment of environmental devices

The proposed system extracts the activities of elderly people from sensor data
through the sensing activity view, as shown in Fig. 5. The view has condition filters to
retrieve the collected sensor data, as shown in (a) of Fig. 5. After applying the filters,
the monitoring user looks at the logs of sensors in a list as shown in (b) of Fig. 5, and
chooses sensor devices to determine features related to the activities of the monitored
elderly people. The detailed information is depicted on the map to provide spatial
context, as shown in (c) of Fig. 5, and is drawn on the graph to show changes according
to temporal context, as shown in (d) of Fig. 5. When the monitoring user clicks the “add
feature” button, the proposed system creates an activity recognition rule through the rule
manager as shown in (e) of Fig. 5 and learns the rule for the chosen activity from the
features and context. After that, when a rule is detected, the system determines what
kind of activity is occurring in relation to the monitored elderly people. Determining the
relation between subordinate activity logs and superordinate activity is similar.
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Fig. 5. The sensing activity view for activity recognition

The monitoring user builds the control rules using the actuator controller view, as
shown in Fig. 6. At first, the user chooses a recognizable activity that will be related to
a new rule, as shown in (a) of Fig. 6. (b) and (c) of Fig. 6 show the spatiotemporal context
of the selected activity. The user can add or modify the time condition related to the
activity. When the monitoring user clicks the “add feature” button, the system creates
an actuator control rule through the rule manager, as shown in (d) of Fig. 6. The moni‐
toring user can add control rules by performing the process repeatedly. After that, when
a rule is detected, the system sends a control message to specific actuators of the rule
through RESTful APIs.

Fig. 6. The actuator controller view for handling actuator devices
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The physician or medical center can build ADL summaries and reports of monitored
people using the online dashboard as shown in Fig. 7. They input query conditions (i.e.,
temporal context and types of sensors or activities) to retrieve ADL logs from the data‐
base as shown in (a) of Fig. 7. The system returns the ADL logs according to the filters
and shows the sensor list on the timeline as shown in (b) of Fig. 7. The monitoring user
clicks on ADL log to determine whether the log is a representative activity during the
time segmentation. The system depicts spatial information on the map as shown in (d)
of Fig. 7 and additional information in the textbox as shown in (c) of Fig. 7. When the
user double-clicks on the activity log on the timeline, the selected log is added to the
summary of the ADLs, as shown in (e) of Fig. 7.

Fig. 7. The ADL summary view

5 Conclusion and Future Work

In this paper, we proposed a data-driven system for elderly people in smart homes using
web technologies. The proposed system provides a method for monitoring their ADLs
using commercially available sensors and registering recognizable ADLs easily. In
addition, it controls actuators in the home using user-defined rules and shows a summary
of elderly people’s ADLs to monitor people.

We only focus on the web-based system to improve the ease of recognizing ADLs
from sensor data and connecting recognized ADLs to controlling actuators. The next
step of our research will consider a machine learning approach to find relationship rules
between sensor logs and ADLs with the spatiotemporal context automatically based on
long-term sensor logs.
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