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Abstract: This paper proposes an in-home behavioral observation method employing Internet of
Things (IoT) sensors. Behavioral change programs based on information provision approaches
have begun to be employed in the reduction of carbon dioxide emissions in the residential sector.
To improve efforts to save energy, a behavioral observation method that aims to understand the
reality of users’ daily activities could be an effective approach. However, problems with existing
methods include observations costs, privacy implications and the other complications regarding
the specific behaviors of the person being observed. An in-home behavioral observation method
employing IoT sensors is therefore proposed to both reduce costs and alleviate the privacy impact on
user’s in-home activities. The use of sensor-based observation presents several relevant advantages.
For example, the cost of sensor-based observation is relatively cheap compared to human-based
approaches. In addition, it employs a minimum number of necessary sensors and has a relatively
small impact on privacy and personal activities. These advantages imply that the proposed method
could allow long-term observations targeting a number of households, thus enabling exhaustive
investigations. Sensory-based observation approaches are applied to investigations of the barriers
to in-home energy-saving activities with a goal of improving relevant behavioral change programs.
The results showed that the in-home activities of the twenty target households were successfully
observed for six weeks with various barriers having been extracted and organized.

Keywords: behavioral observation; IoT; behavioral sensing; in-depth interview; energy saving

1. Introduction

The reduction of carbon dioxide emissions is required around the world in order to avoid climate
change. The Japanese Cabinet has approved the Plan for Global Warming Countermeasures, which
mandates a 26% reduction in greenhouse gas emissions by 2030 and 80% by 2050, compared to 2013
emissions respectively. (https://www.env.go.jp/en/headline/2238.html (Accessed 5 November 2019))
The plan also mandates a residential sector reduction of approximately 40%.

Behavioral change programs employing information provision approaches, such as the Home
Energy Report (HER) [1,2], are consequently focused in achieving this reduction in households. While
these approaches have achieved certain results, there still exists room for improvement in terms of
personalized and real-time information provision [3,4].
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In order to realize detailed information provision, personalization that reflects the barriers
caused by unique in-home circumstances and constraints is an essential factor; this is due to the
fact that barriers against energy saving activities differ from person to person, resulting in situations in
which people cannot or do not take actions. Relevant surveys using methods such as questionnaires
or interviews [5–8] exist with the aim of investigating these barriers. However, it is difficult for
questionnaire-based surveys to find potential indicating factors that cannot be necessarily listed in
a questionnaire. Interview-based surveys are also a major approach and while these might be able
to elicit new potential factors, the information obtained about these is limited to the interviewee’s
memory at the time of the interview.

In order to investigate the potential factors for behavioral change programs, it is considered that
behavioral observation [9,10], a qualitative research method for understanding the users’ reality of
daily activities, could be an effective approach. This method has been mainly utilized in public spaces,
such as schools and commercial facilities, to improve the creative process in providing education or
services. This method however, is not without its challenges. Behavioral observation has two main
problems when targeting users’ activities in a number of households: First, the cost of observation is
expensive because it requires human observers who have expertise in the specific, targeted energy
saving activities. Second, the impact of human-based observation on personal privacy while observing
a person’s behavior raises significant issues; these problems make it difficult to conduct long-term
observation targeting a number of households.

An in-home behavioral observation method employing Internet of Things (IoT) sensors is therefore
proposed to solve these problems. The proposed method consists of three components: in-home
sensing with IoT sensors, visualization of sensor data and in-depth interviews. The observation by
the minimum required sensors enables the alleviation of the impact on the privacy of user’s in-home
activities. In addition, the cost for sensor-based observations is relatively low compared to existing
human-based approaches. Furthermore, since visualized sensor data includes the characteristics of
both in-home activities and habitual behaviors, an in-depth interview can be effectively conducted
with prepared questions based on this data. These advantages imply that the proposed method enables
long-term observations targeting a number of households, in this manner realizing an exhaustive
investigation of applicable barriers.

Previous related research about information provision with respect to energy saving, behavioral
observations and in-home sensing with IoT sensors and smart meters is reviewed in Section 2. Section 3
details the proposed method combining in-home sensing employing IoT sensors, visualization of
sensor data and in-depth interview. Observations targeting actual households were conducted and
their results are discussed in Section 4. Section 5 concludes the paper and discusses the implications of
the observed results on future studies.

2. Related Work

2.1. Information Provision for Energy Saving

HER is one of several information provision methods that provide electricity usage data in a
household as well as personalized tips and ideas to save money on electricity bills. It is focused on the
promotion of energy saving and the reduction of carbon dioxide emissions in the residential sector [1,2].
While information provision methods using HER have achieved some important results, the potential
for improvement is both present and necessary. As such the following two approaches can be effective
in improving the effects of energy saving [3,4].

• Detailed feedback (personalized or appliance level feedback)
• Direct feedback (provided in real-time)

This study focuses on the detailed feedback approach shown above. In order to provide detailed
feedback, personalization that reflects the careful study of barriers, caused by unique circumstances
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and constraints, is required. The barriers against energy saving activities differ from person to person
and result in situations in which people cannot take actions. Understanding these barriers is therefore
a crucial topic to realize effective information provision methods aimed at energy saving.

It is important to note that there exist related surveys using questionnaire or interview [5–8].
While questionnaire-based surveys are indeed quantitative studies that have advantages both in terms
of cost and data treatment ease, they tend to encounter difficulties in finding potential factors not listed
in the questionnaire. Interview-based surveys are also a major approach in obtaining data from users
and participants, being able to elicit potential factors from these; despite this the gained factors tend to
be limited to interviewee’s memory at the time of the interview.

2.2. Behavioral Observation

Behavioral observation is a qualitative research method used to understand the users’ reality of
daily activities and the usage of services or products [9,10]. The method is based on the concept of
user-centered design [11], which focuses on users’ needs, involving them during the design process.
In user-centered design, understanding users’ needs is regarded as one of the principal ideas in the
generation of hypotheses to meet these needs and improve the users’ quality of life. Additionally some
observation methods have been integrated with an in-depth interview [12–14]. Katz-Buonincontro et al.
called it triangulation [12]. This integration is one of several key factors in realizing thick description [15]
that provides detailed analysis in qualitative research fields.

This method has been mainly utilized in public spaces such as schools and commercial facilities
to develop the creative processes present in education or services [10,12,13]. In contrast, this method
is difficult to utilize at a household level because human-based observation could be considered an
invasion of privacy; as such, while this observation method enables detailed investigation, it also adds
significant impact to the observed person, possibly affecting the activities the person is involved in.

Unmanned observation that employs some kind of activity log could be a solution to this challenge.
As part of an indirect observation case study, Singler et al. conducted an ethnographic survey on
online tax returns [16]. Despite the French Government’s provision of multiple channels for tax returns,
the penetration rate of online returns remained low; researchers therefore, collected and analyzed
the log data derived from the website as well as other offline services. As a result of this analyses,
the nudge [17] and behavioral economics implications resulting from the study, contributed to the
improvement of the respective website usability as well as the increase in the penetration rate of its use.

The results of this study suggest that the implementation of indirect observation, reducing the
direct impact on the observed person as well as the costs of investigation, could be a solution against
the aforementioned problems. Despite this, it should be noted that these results lack detail with respect
to users’ activities when compared to human-based observation methods.

2.3. In-home Sensing with IoT Sensors and Smart Meters

Research regarding residential monitoring has seen an increase in popularity thanks to economical
IoT sensors. In-home sensing is mainly utilized for healthcare monitoring systems such as fall detection,
which is collectively called ambient assisted living [18–20].

The installation of smart meters has also contributed to the popularization of residential
monitoring. A smart meter is a network-connected, remote-controlled digital meter that monitors
electricity consumption online. These meters have been installed in some regions of Europe and
the United States. In Japan, smart meters will be installed in all households by 2024 [21]. While the
main purpose of this installation is automated meter reading for billing information, smart meters
also enable the attainment of time series data regarding electricity consumption for each household
in Japan [22]. As studies regarding occupancy detection [23–25] and disaggregation [4,26–28] have
shown, electricity consumption data can reflect the characteristics of daily life in households, providing
information with respect to occupancy states and the usage of home appliances.
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In-home observation by humans could be replaced by the collection and visualization of sensor
data. Although this unmanned approach is indirect and presents its own difficulties in grasping
detailed activities, triangulation combining in-home sensing, data visualization and in-depth interviews
can fill in the perceptual information gaps of a human observer. Furthermore, this combination is also
expected to alleviate the impact on the observed person while realizing cost effective observations; as
a result these advantages can serve to cover larger numbers of households for a longer period of time.

3. In-Home Behavioral Observation Method Employing IoT Sensors

The proposed method consists of three components: in-home sensing with IoT sensors,
the visualization of sensor data and in-depth interviews. Each component is described in
Sections 3.1–3.3, respectively.

3.1. In-home Sensing with IoT Sensors

The requirements for realizing in-home observation by IoT sensors are described in this section.
In the proposed method, IoT sensors substitute the existing observation methods conducted by human
observers. This enables exhaustive observation involving many households for longer periods of
time due to the decrease in both the costs of the investigation and the impact on the observed people.
The following are the main two requirements necessary to the realization of in-home observation
employing IoT sensors:

1. The capacity for in-home sensing for extended periods.
2. The ability to monitor the necessary and sufficient activities at a low cost.

Users’ in-home barriers and needs are generally related to habitual behavior and households
conditions [29]. Activities observed by existing methods are limited to the those that occur during the
investigation period because of the difficulties of short-term observation in grasping habitual behaviors.

Low cost monitoring is another important requirement because it enables comprehensive
observation involving larger numbers of households. The greater the number of sensors employed,
the more activities can be monitored in general terms. However, there are some disadvantages in terms
of monitoring cost, invasion of privacy and feasibility (e.g., troubles with instrument faultiness and
missing data).

Some products that fulfill these requirements, such as the Netatmo Weather Station
(Netatmo Weather Station—https://www.netatmo.com/en-row/weather/weatherstation/ (Accessed
5 November 2019)) and Openblocks (Openblocks—https://www.plathome.com/products/
openblocks-\iot-vx2/ (Accessed 5 November 2019)) , are currently available. It is important to
either select an appropriate product or develop a sensor kit depending on cost and sensor-type
data limitations.

3.2. Visualization of Sensor Data

Sensor data measured in Section 3.1 is visualized according to the guidelines described in this
section. Visualized sensor data is utilized in summarizing both in-home activities and corresponding
in-depth interviews. The requirements of visualizing sensor data are shown below:

1. The ability to grasp the general activities of daily living.
2. The ability to grasp the usage of home appliances related to in-home activities.
3. The ability to grasp habitual behaviors and their changes.

Two examples of visualization are shown in Figures 1 and 2. Figure 1 shows line graphs that
visualize one day’s electricity consumption and room temperature in a living room. In this example,
electricity consumption rose just before 7 a.m., fell at 8 a.m. and rose again at 7 p.m. This data shows
general activities (related to the above requirement 1), implying that an occupant in this household got
up at 7 a.m., went out at 8 a.m. and came home at 7 p.m.

https://www.netatmo.com/en-row/weather/weatherstation/
https://www.plathome.com/products/openblocks-\iot-vx2/
https://www.plathome.com/products/openblocks-\iot-vx2/
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Figure 1. Line graph visualization of sensor data.
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Figure 2. Heatmap visualization of sensor data.

In addition, the usage of home appliances related to activities can be assumed (requirement 2);
for example when occupants got up and moved to the living room, it is possible to assume that they
used some kind of electric heater or air conditioner. This is indicated by the simultaneous rise of
electricity consumption and room temperature, as measured in winter. The usage of other appliances
such as microwaves, electric kettles or induction heating (IH) cookers can also be supposed based on
the impulsive peak rise of electricity consumption of over 2000 W.

Figure 2 shows heatmaps that visualize electricity consumption and room temperature over
a period of 16 days. A heatmap visualization enables one to overview the results of long-term
monitoring. This visualization also enables one to grasp habitual behaviors and activities that deviate
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from it (requirement 3). Here is the example of habitual behaviors and activities that can be derived
from Figure 2:

1. Getting up at approximately 6 a.m. and going out at approximately 7:30.
2. Air conditioning is usually turned off in the morning because electricity consumption is small

and temperature changes slowly.
3. The room is occupied every few days from 8 to 12 a.m. and air conditioning is used when it is

occupied.
4. Air conditioning is usually used after coming home around 1 p.m.
5. Usually going to bed around 11 p.m.
6. Small and short-term rise in electricity consumption is sequentially iterated from 0 to 6 a.m.
7. Electricity consumption during midnight occasionally remains high and room temperature

remains low (e.g., 7 August).

In activity 6, an air conditioner in other room is assumed to be used based on the waveform
of electricity consumption. Although room type is not specified in this case, it is very possible that
this usage occurs in the bedroom. Activity 7 is an example of an activity that deviates from habitual
behavior. While it is possible to suppose that this activity is the use of an air conditioner in the living
room, the details and reasons for this activity are unknown. In-depth interviews as described in the
next section, can contributes to the specification of such activities and the reason for their occurrence.

3.3. In-depth Interview

In-depth interviews are conducted for the purpose of specifying activities, finding out the reasons
for these activities, as well as to grasp the user’s barriers by using visualized sensor data shown
in Section 3.2.

Table 1 shows the comparison between existing human-based and proposed sensor-based
observation method. As some existing research [12–14] has demonstrated in-home activities and
their intentions can be more readily derived from interviews that rely on the assistance of subjective
information based on interviewer’s cognitive ability. However, the scope of observation is limited to
short-term periods with fewer households because of the significant privacy impacts on the observed
people. The cost for observations is another obstacle because existing approaches require skilled
observers who have some expertise in in-home energy saving activities. As shown in “1. Cost
of observation” and “2. Impact on observed people” in Table 1, the proposed method replaces
human-based subjective information with sensor-based monitoring; thus enabling the reduction
not only of observations and analysis costs but also in terms of the impact on the observed people.
Therefore, the proposed method employing IoT sensors has an advantage in realizing long-term
behavioral observation targeting a larger number of households.

Table 1. Comparison between human-based and Internet of Things (IoT) sensor-based observation.

Observation by human observer

(Existing Method)

Observation by IoT sensor

(Proposed method)

Monitoring: Expensive (employ an observer) Monitoring: Low-cost (use IoT sensors)

Analysis: By humans (depend on observer's skill) Analysis: Visualization (easily automated)

Interview: Depend on observer's skill Interview: Conduct efficiently with prepared

questions based on visualized sensor data

Privacy: Big impact (perceptual information) Privacy: Small impact (sensor data)

Behavior: Big impact (monitored by observer) Behavior: Small impact (monitored by sensors)

3. Characteristics of gained

    knowledge from observation

- Short-term and subjective information about

  a few households by observer's cognitive ability

- Cover all visible activities

  (depend on observer's skill)

- Long-term and diversified information about

  a large number of households

- Limited to activities related to sensors

1. Cost of observation

    (Monitoring, analysis, interview)

2. Impact on observed people

    (Privacy, impact on behavior)
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Whereas existing human-based methods have an advantage in terms of grasping all visible
activities as shown in, “3. Characteristics of gained knowledge from observation” in Table 1, the quality
of any gained knowledge depends on observer’s skill, which involves subjective determinations.
Moreover, it is difficult to conduct long-term observations because of the cost and the burden on
the observed person. Although the proposed method realizes long-term observations, as previously
mentioned, the knowledge obtained through it is limited to activities related to sensors. Furthermore,
questions for in-depth interviews can be prepared in advance by using the visualized sensor data; as a
result, this method leads to more efficient and effective interviews.

Thus, the combination of in-home sensing with IoT sensors, data visualization and in-depth
interviews is an appropriate approach to realize exhaustive in-home observations. Note that this
method is feasible to the observation targeting in-home behaviors; existing methods remain suitable
for public spaces or for conducting narrow but deep observations that require a human observer’s
cognitive ability.

4. Experiments

In-home behavioral observations were conducted with the proposed method described in
Section 3. The experiments were conducted with the aim of investigating barriers regarding in-home
energy saving activities in order to develop effective information provision methods.

4.1. Outline of Experiments

A sensor kit, shown in Figure 3, was developed for the experiments. The kit supports the use of
only the required electricity consumption and room temperature sensors. It is important to note that
saving on implementation costs and reducing troubles with sensors and other components affected
the feasibility of some experiments.

The kit also supported a display that indicated measured values in real-time as shown in Figure 3.
Although the display is regarded as a kind of information provision, it was determined that it might
influence subjects’ in-home activities. As such, the following advantages were assumed to outweigh
any potential disadvantages: First, valuable comments regarding energy saving activities could be
derived from users’ reactions to the display. Second, the display helped subjects understand the
characteristics of sensor data and contributed to enhancing the quality of in-depth interviews. Third, it
also contributed to increasing the transparency of the experiments, helping subjects comprehend the
relevant implications of the study by clearly understanding what kind of data the kit monitored.

Room temperature

Electricity consumption

and estimated cost per hour

Date and time

Figure 3. The developed sensor kit for in-home observation.

In the experiments, twenty lead users [30] were selected as subjects from among environmentally
conscious people so that demographic attributes, such as income scale, types of houses, occupation
and so forth were equally distributed. In-home sensing was conducted at each subject’s household
for six weeks from November to December 2017 and the resulting sensor data were visualized for
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subsequent in-depth interviews; each interview took approximately two hours and was conducted on
a one on one basis as follows.

1. After specifying the objective of the study and the duration of the interview, the subject signed an
agreement form if he/she agrees with the scope of the study.

2. The interviewer then received several assignments consisting of drawing their household layout,
listing their owned appliances and then questioning about them.

3. Subjects were then asked to fill out the check sheet regarding energy saving activities and answer
questions about their regular energy saving activities.

4. Questions were then asked regarding daily activities and barriers for energy saving while showing
visualized sensor data (see Figures 1 and 2).

In the check sheet shown in step 3, twenty-three energy saving activities regarding air conditioners,
refrigerators, cookware, water heaters, lighting and TVs were listed based on an existing survey [8]
that was conducted by the Tokyo Metropolitan Government in Japan.

4.2. Investigation of Barriers regarding Energy Saving Activities

In-depth interviews with visualized sensor data were conducted and various habitual behaviors
including appliance usage were extracted. Table 2 shows the extracted and categorized barriers
regarding energy saving activities. The barriers were organized into ten categories and each category
was listed along with the reason as to why subjects could not partake in energy saving activities. Any
related comments from interviews were also listed here.

These results show that barriers depend on each subject and household even when the same
type of appliance was used. For example, in the category 3 in Table 2, the subjects’ physical states
were the main barrier in reducing air conditioning usage. In contrast, in the category 6, subjects’ pets
were found to be the barrier against the same activity. In the same way, different barriers such as
conservation and safety regarding lighting were determined in categories 1 and 9.

Results also showed that there could be different cognitive processes behind the same conclusions.
A number of subjects mentioned reasons as to why they could not take energy saving measures such
as “It’s such a hassle” or “It’s troublesome” in the in-depth interviews. These comments were often
attributed to multiple reasons despite being generally the same in substance. In one example from
the results, a subject mentioned that the reason for keeping the electric toilet seat on was that it was
“such a hassle” to turn on and off. The implication of this comment was literally that the action was
troublesome work for the subject. By contrast, another subject at first kept a water heater off when it
was not being used and later came to regard this action as troublesome as well, as the subject frequently
forgot it was turned off and wondered why it did not work. These examples show the variety of
barriers that prevent occupants from taking energy saving measures in households.

Figure 4 shows the resulting combination of observations and in-depth interviews to illustrate
habitual behavior. It can be assumed with the heatmaps in Figure 4 that an air conditioner in the living
room was used from 3 a.m. onward almost every day in this household, as these demonstrate that
electricity consumption and room temperature rose simultaneously. In the in-depth interview, this
usage was identified as necessary not for the occupants but for a domestic cat. The cat always got up
early and went out around 3:30 after eating its breakfast; the subject therefore used the air conditioner
in the living room with its timer every day. This activity was extracted and identified thanks to the
employment of the long-term observation from the proposed method.



Proceedings 2019, 31, 31 9 of 12

Table 2. Extracted and categorized barriers regarding energy saving activities.

Category Detail Mention in interviews (Example of activities)

Category 1: Saving money Consider that an action do not lead

to saving

Worry about friction and wear of on-off switch

(Keep the lights on even while unoccupued)

Category 2: Food preservation Can't take energy saving actions for

food preservation

Worry about food rotting

(Cram all kinds of food in fridge)

Category 3: Air conditioning given

his/her physical state

Adjust room temperature not for

saving but for occupant's state

Can't stand the cold (Raise the temperature on

air conditioner / electric heater)

Category 4: Layout of appliances

and furniture

Layout of appliances and furniture

prevents from taking actions

Appliance or its plug is out of reach

(Don't unplug appliances)

Category 5: Habitual behavior and

attitude

Can't take actions departing from

habitual behavior

Forget to take actions

(Don't unplug appliances)

Category 6: Family and pet animals Can't take actions because of the

consideration for family and pets

Use air conditoner for my cat

(Use air conditioner for a long time)

Category 7: Functionality of

appliances

Functionality of appliances prevents

from taking actions

For record a TV program

(Keep main power supply of appliances)

Category 8: Information from others Regard an action as unnecessary

based on information from others

I heared we don't have to switch off appliances

(Keep main power supply of appliances)

Category 9: Security and safety Can't take actions for keeping

occupant's home safe

Afraid of the dark

(Keep the lights on even while unoccupued)

Category 10: Convenience Can't take actions for removing the

burden of appliance operation

Too much work to do it every time

(Don't unplug appliances)
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Figure 4. A example of an in-depth interview employing visualized sensor data.

4.3. Discussion

The experiments described in this study showed that long-term observations of a number of target
households was realized based on a combination of in-home sensing, data visualization and in-depth



Proceedings 2019, 31, 31 10 of 12

interviews. Thus, when an investigation targeting actual households is conducted, the proposed
method employing IoT sensors can be a privacy-considerate approach as it has a relatively low impact
on the person being observed compared to existing methods utilizing human observers. Long-term
observation is therefore feasible and habitual behaviors such as the example in Figure 4 can be extracted.

In addition, the experiments targeting a number of households also achieved exhaustive in-home
observations thanks to low-cost monitoring with IoT sensors. In the experiments, the minimum
necessary sensors, those measuring electricity consumption and room temperature, were employed.
This contributed to the realization of feasible, low-cost observations; the developed sensor kit costs
approximately USD $450 per unit. As shown in Table 2, the extracted and categorized barriers varied
according to households and appliances. It is difficult to cover such habitual behaviors if short-term
observations are conducted for fewer households; long-term observations targeting more households
brought about the results shown in this section.

Furthermore, 19 of 20 subjects answered in interviews that they routinely viewed the display of
the sensor kit shown in Figure 3. In addition, the display was viewed not just by subjects but also
by their families. In particular, the teenage children present in certain household were interested
in the display and brought up the subject with their parents. Thus, this result suggests that the
display accelerated communication and influenced the education of minors regarding energy saving
activities. Thus, experiments that focus on the information provided by real-time sensor data could
also be promising.

5. Conclusions

This paper proposed an in-home behavioral observation method employing IoT sensors.
The proposed method consists of in-home sensing with IoT sensors, visualization of sensor data
and in-depth interviews. Observations for investigating the barriers regarding energy saving activities
were conducted for twenty households over six weeks and then in-depth interviews with visualized
sensor data were conducted. The resulting long-term observations with the number of targeted
households were due to the low costs of observation and the relatively small impact on the observed
persons. The barriers were extracted and organized into ten categories that showed that every subject
and household had their own barriers and that these could be the result of different cognitive processes
despite being related to the same activities.

The results also suggested that real-time information provision could have a positive impact
on people, especially on teenage children in terms of education and behavioral changes. Future
work could include the investigation of the influence by real-time information provision and the
improvement of behavioral change programs that can have a positive impact on in-home energy
saving activities.
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