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Abstract. For the last couple of decades the world has been witnessing a
change in habits of energy consumption in domestic environments, with elec-
tricity emerging as the main source of energy consumed. The effects of these
changes in our eco-system are hard to assess, therefore encouraging researchers
from different fields to conduct studies with the goal of understanding and im-
proving perceptions and behaviors regarding household energy consumption.
While several of these studies report success in increasing awareness, most of
them are limited to short periods of time, thus resulting in a reduced knowledge
of how householders will behave in the long-term. In this paper we attempt to
reduce this gap presenting a long-term study on household electricity consump-
tion. We deployed a real-time non-intrusive energy monitoring and eco-
feedback system in 12 families during 52 weeks. Results show an increased
awareness regarding electricity consumption despite a significant decrease in
interactions with the eco-feedback system over time. We conclude that after one
year of deployment of eco-feedback it was not possible to see any significant
increase or decrease in the household consumption. Our results also confirm
that consumption is tightly coupled with independent variables like the house-
hold size and the income-level of the families.
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1 Introduction

The notion of wellbeing based on personal ownership and mass consumption was
largely identified as one of the factors leading to the growth of electricity consump-
tion in the last years. As more people in developing countries have access to higher
levels of comfort it is expected that the residential energy consumption will have a
tremendous impact on the long-term effects in carbon emission and global warming.
Eco-feedback technology [1] is defined as the technology that provides feedback
on individual or group behaviors with the goal of influencing future energy saving
strategies. Eco-feedback has proven to be an effective way of promoting behavior
change and considerable savings in electricity consumption [2]. However and despite
the successful results reported, most research was conducted in short-term studies and
therefore there is little evidence on the long-term effects of eco-feedback. Further
research reported that after an initial period of exposure to eco-feedback the tendency
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is towards a reduction in the attention provided to the feedback leading to behaviors
relapse [3].

This paper contributes to the ongoing research efforts by presenting the results of
the long-term deployment of a real time eco-feedback system in 12 households for the
period of 52 weeks. We start by looking at the state of the art and defining our re-
search goals for this study. In the next two sections we show how our eco-feedback
system was designed and deployed, including an in-depth description of the sensing
system and the process of selecting an adequate sample for the long-term study. We
then present the most important results and discuss the key findings and implications
of this work for forthcoming eco-feedback research. Finally we conclude and outline
future work.

2 Related Work

In the last couple of decades considerable research was done in the field of eco-
feedback technology. Fischer [2] reviewed approximately twenty studies and five
compilations of publications between 1987 and 2008 exploring the effects of eco-
feedback on electricity consumption and consumer reactions. The most notable find-
ings reported that eco-feedback indeed resulted in energy savings between 5% and
12%, and that the greater changes in consumption would result from computerized
eco-feedback like for instance in [4].

The literature is rich in interactive approaches to eco-feedback. For example in [5]
the authors ran a three-month study in nine households where the eco-feedback was
deployed in a clock-like ambient interface that would translate electricity consump-
tion into graphical patterns. This study showed that people immediately became more
aware of their energy consumption, and even developed the ability to associate the
displayed patterns with the actual appliances used. In another example [6] the authors
reported on a system that would give detailed eco-feedback information on individual
appliances. Preliminary results on this experiment showed a reduction of 5% over the
previous year when the eco-feedback was not available.

On the commercial side several models of eco-feedback systems reached the mar-
ket in the last years. In an attempt to better understand the adoption and implications
of commercial solutions, Miller and Buys [7] conducted a study with seven families
that were using a commercial energy-and-water consumption meter and generated
guidelines in how eco-feedback systems should be built and marketed. For instance,
the cost of the system was a major issue for residents that were either engaged with
the product or not. A second topic of discussion was the lack of product support ad-
vocated by the users, which immediately pointed out the problem of understanding
the user experiences and perceptions around smart meters.

In an attempt to address this issue authors in [8] installed smart meters in 21 Bel-
gian households between two and four weeks. They found out in accordance to other
studies that despite an increased awareness there was no significant behavior change
towards conservation of energy. Another important finding of this research reports
that people had difficulties interpreting kilowatt-hour and that the corresponding con-
version to monetary cost demonstrated irrelevant economic savings.

The emergence of smart handheld devices also presented new opportunities for re-
searchers to test different eco-feedback systems. In [9] the members of 10 households
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were given access to a mobile power meter that would run either on a smartphone or a
tablet. Findings suggested that the householders gained a deep understanding of their
own consumption and that users found the feature of comparing their consumption
with other community members useful. The mobility aspect was also important, as
participants were able to access their consumption from virtually everywhere.

With the constant evolution of technology also came the possibility of providing
disaggregated power consumption by individual appliance, division of the house or
event daily activities like cooking dinner or doing the laundry. Recently in 10 Costan-
za and colleagues conducted a field study where they wanted to learn if users were
able to easily leverage a connection between appliances and their day-to-day activi-
ties. This study lasted for two weeks and twelve participants were asked to use a
system where they would be able to tag appliances to a time-series of their energy
consumption. The results of the trial showed that the system was successful in engag-
ing users and providing accurate consumption levels of some appliances that were
consuming more than what they initially expected. Another important result was no-
ticing that when tagging, users would refer to energy consumed by activity rather than
just the tagged appliance.

Eco-feedback through persuasion was also attempted by some authors, for instance
n [11] Gamberini and his pairs explored the possibility of encouraging electricity
conservation practices through a mobile persuasive game. This eco-feedback game
provided next-to-real-time, whole house and appliance based consumption informa-
tion. Four families used the game during 4 months, and results showed that users kept
playing it during the whole trial, despite the gradual reduction of accesses per day that
was justified by the users as the result of getting more familiar with the application
and what it had to offer.

All of the aforementioned studies clearly advocate for the short-term effectiveness
of eco-feedback technology, in particular when considering disaggregated and inter-
active eco-feedback. However, we argue that these studies did not last enough to
properly assess their long-term effectiveness. In fact, the gradual decrease of attention
shown in the later study may indicate that once the novelty effect has passed users
will go back (relapse) to their original behavior. This is defined in literature as re-
sponse-relapse effect, where after a while the user behaviors (and hence consumption)
will relapse to values prior to the intervention. This effect was reported by the authors'
in [3] when investigating how the residents of a dormitory building would respond to
different consumption information. The authors noticed that after a period when no
feedback was provided the behaviors would approximate the ones before the study.

In this paper we argue that long-term studies of eco-feedback system are required
in order to understand the lasting effects of this technology as a driver for behavior
change. Here we explore some very important questions like: i) How is the eco-
feedback system used after the novelty effect has passed? ii) How long does the no-
velty effect last? iii) How does the demographic data from the residents affect energy
consumption?

This paper is a follow up to an initial short-term three-month study reported in
[12]. In our first evaluation of this system we saw a reduction of 9% in consumption
but also observed that users significantly decreased the interactions with the eco-
feedback system after four weeks of deployment. Our initial results suggested that
further research was needed in order to fully understand the potential and underlying
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issues with the long-term deployment of eco-feedback. In this second study we aimed
to investigate further how the system was used after the novelty effect passed. We
wanted to explore if there was a decrease in energy consumption as a result of eco-
feedback intervention and also if further changes in the system could raise attention
back to the eco-feedback. With a longer deployment we were also able to investigate
other factors influencing behavior change, for instance demographic independent
variables like family size and income.

3 System Design

In this section we briefly describe our eco-feedback research platform, which involves
both the sensing infrastructure and the communication with the eco-feedback inter-
face. For a throughout explanation of our framework please refer to [12] and [13].

3.1  Sensing Infrastructure

Our eco-feedback infrastructure is a low-cost, end-to-end custom made non-intrusive
load monitoring system. Non-intrusive load monitoring (NILM) stands for a set of
techniques for disaggregating electrical loads only by examining appliance specific
power consumption signatures within the aggregated load data. NILM is an attractive
method for energy disaggregation, as it can discern devices from the aggregated data
acquired from a single point of measurement in the electric distribution system of the
house [14].

Our NILM system consists of a netbook installed in the main power feed of each
house (see Figure 1- left) covering the entire household consumption and thus remov-
ing the need to deploy multiple (intrusive) sensors. The netbook provides a low-cost
end-to-end system: the audio input soundcard is used as the data acquisition module
(two channels, one for current and another for voltage); the small display and the
speakers provide the interactivity; the Wi-Fi card enables communication over the
Internet; and the camera and built-in microphone serve as low-cost sensors for human
activity sensing.

Fig. 1. System installed in the main power feed (left) and a householder interacting with the
eco-feedback (right)
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The current and voltage sample signals acquired with the soundcard are pre-
processed and transformed into common power metrics (e.g. real and reactive power)
that are representative of the energy consumption. These power values are used for
event detection, event classification and, ultimately, the breakdown of consumption
into individual appliances. In parallel, power consumption and power event data are
stored in a local database to be used by any external application to provide eco-
feedback to the householders.

3.2 Eco-feedback

The front-end eco-feedback component provides two different representations for the
real time and historical consumption of the house. Our interactive visualization
was implemented following the recommendations from previous studies in energy
eco-feedback [15 - 17] that distinguish real-time and historical feedback. Real time
feedback, which is said to be responsible for 5 to 15% of the changes in user behavior,
displays the current energy consumption as well as major changes and trends in the
current consumption. Conversely historical feedback refers to all the information col-
lected (e.g. monthly values of energy consumption), and according to the literature can
lead up to 10% of the users’ behaviors towards future energy consumption by simply
offering the possibility of reviewing and comparing data among different historical
periods of time. To cope with these guidelines we have designed our eco-feedback user
interface in a way that users could quickly switch between historic and real-time mod-
es. Figure 2 shows how the information is organized in our user interface.

The center of the eco-feedback interface represents both real and historical con-
sumption data using a wheel like graph. The left and right side of the interface present
additional information, including weather, numerical consumption and comparison to
previous periods. On the right hand side the interface provides notifications, sugges-
tions and motivation hints. In the following we detail the interface for both the real-

time and the historical views.
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Real-Time Eco-feedback. The real time consumption as well as notifications and
comparisons are always presented to the users regardless of the active view. The cur-
rent consumption is presented in watts (in the center of the interface) and updated
every second. The last hour view shows real time notifications, triggered every time
the energy monitor detects a power change above a pre-defined threshold. The event
notification is represented by a small dot that is added to the interface close to the
time of occurrence, as shown in Figure 3. The size of the dot indicates the amount of
power change, and clicking on it reveals the appliance that has the highest probability
of triggering that event prompting the user to confirm, rectify or discard the guess.

Fig. 3. Real-time notifications offering users the chance to label power changes

Historic Eco-feedback. The historic data (current day, week, month and year) is
presented in two different modalities: the more traditional displays the quantities in
numerical format (when hovering the mouse over a specific time period), while the
less traditional consisted of a color-code that would change according to the house-
hold consumption (the colors would vary from a light green when the consumption
was low to a very dark red when the consumption reached high levels). For example,
in Figure 2 it is possible to see the consumption for the whole month of March and
that it was 1% higher than the previous month.

Inferring User Activity and Usage Patterns. One important feature of our eco-
feedback research platform is the possibility to infer human-activity and therefore
record quantitative measures of user attention and usage patterns.

We achieve this in two ways: 1) by keeping track of mouse clicks and transitions
between the different visualizations, and 2) by inferring human presence using the
built-in webcam to detect motion and detect faces when residents are passing by or
looking at the netbook. We refer to these as user-generated events as the users trigger
them when they are interacting with the system.

All of this quantitative data is stored on the local database and further exported to
the data warehouse that collects all the data from the multiple houses participating in
the experiment. Our goal was to complement the qualitative feedback with actual
measures of user activities and usage patterns.
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4 Deployment

In this section we describe the process of deploying our eco-feedback research infra-
structure for the field-testing. We start by explaining the initial sample selection, in-
stallation procedures and the nature of the collected data. We finalize with a descrip-
tion of our participants and how we reached the final numbers of 12 families using the
system during 52 weeks.

4.1  Sample Selection

The sample selection for the first study was based on an extensive analysis of the
consumption patterns of 46 000 household consumers in Funchal, a medium sized city
of southern Europe (about 150 000 inhabitants).

For that purpose the local electricity company gave us access to the energy con-
sumption data of all the consumers in the city for a period of two years. From that
baseline data we divided the consumers in four levels according to their annual con-
sumption in Euros. These four levels were then used to select a nearby neighborhood
where we could easily find a sample that would be representative of the city.

The recruitment was done with personal visits to the selected buildings explaining
the project and collecting additional demographic data from those that would volun-
teer to participate. In the end we were able install the system in 17 apartments as well
as in six individual homes that volunteered to participate and five additional houses
recruited from professors and students involved in the project.

The first version of our system was installed in June 2010, and was remotely up-
dated to the new version in the last week of November. Users were informed of the
update via informal phone calls or in the previous two weeks during the first round of
interviews.

4.2  Data Collection

The deployment lasted until the end of 2011. In figure 4 we present the major miles-
tones of the deployment including three interventions with the users: i) interviews in
the third week of February 2011; ii) informal visits in the last two weeks of July 2011
and iii) a last round of interviews during all of December 2011. The system was re-
moved from the houses during January and February 2012.

4 Begin this study | Oct 1st 4 Enf this study | Sep 30th

- Update to Eco-feedback
4 Initial deployment s P Noleslt 4 End deployment

Jun-10 Sep-10 Dec-10 Mar-11 Jun-11 Sep-11 Dec-11 Mar-12
Begin 1st interviews ¢ # | Begin 2nd interviews 4 Begin visits 4 Begin 3rd interviews
End 1st interviews ¢ ¢ End of 2nd interviews ¢ End visits ¢ End 3rd interviews

Fig. 4. Timeline chart showing the most relevant events of this eco-feedback deployment
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During and prior to the study we collected both qualitative and quantitative data
from the households. Quantitative data includes electric energy consumption samples
(two per minute), power events (both on and off including the transient for active
and reactive power) and user interactions with the eco-feedback system (including
movement, face detection, mouse and menu selection). Qualitative data includes de-
mographics (age, occupation, income, literacy, etc. for all family members), environ-
mental concerns (from semi-structured interviews), and a detailed list of appliances in
the house and reconstruction of family routines (from semi-structured interviews and
diary studies).

4.3  Participants

From the 21 families that took part in the first study we ended with a final sample of
12 households. The main reasons for this high sample mortality (~ 43%) were mostly
technical issues like stability of the Internet connection and long periods of absence of
the families, including some moving out to a new house.

Our final analysis sample was the result of maximizing both the number of houses
and the deployment time. Another requirement was that the final sample had to in-
clude data from both deployments in order to integrate the novelty effects introduced
by the different versions of the eco-feedback system. This said we ended up choosing
the period between the October 1st 2010 and September 30th 2011, as this represents
exactly 52 consecutive weeks of data for 12 apartments all from the originally se-
lected neighborhood. Table 1 summarizes the demographic data for our final sample
participants.

Table 1. Demographics of the participating families

Family Size (number of bedrooms) People Children (and ages)
1 3 4 2 (5, 10)
2 3 5 1(10)

3 3 4 2 (8, 14)
4 3 3 1(1)

5 3 4 2(1,7)
6 1 1 0

7 3 3 1(5)

8 1 2 0

9 3 4 2(2,4)
10 2 2 0

11 2 3 1(15)
12 3 2 0

4.4  Environmental Concerns

Since one important issue regarding the participants was their level of environment
concerns we collected additional qualitative data from interviews with people from
the households in the sample. When asked about environmental concerns nine out of
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the twelve families pointed global warming as a serious concern and six of these
families considered that reducing their energy consumption would have a positive
impact on the environment.

When asked about the adoption of sustainable actions eight families indicated that
reducing personal costs and guaranteeing the wellbeing of future generations was
their main motivations to reduce energy consumption. Despite this, when questioned
about a particular number of sustainable behaviors less than half reported they had
adopted these on a daily basis. The more frequently mentioned behaviors were:
switching off the lights on empty rooms, washing full loads of clothes and acquiring
energy efficient lights.

The complete list of actions reported by the families was over 40 actions related to
energy, water and food consumption or conservation. These actions included not only
individual measures as for example use public transportation, but also, social oriented
activities such as carpool. The interaction with the participants, facilitated by the in-
terviews and the overall study, allowed us to observe their increased level of aware-
ness. The participants already performed actions related to saving energy previously
to having the system. These levels of awareness were enhanced when exposed to the
eco-feedback system. However, this was not evaluated through a scale of environ-
mental concerns.

5 Evaluation

In this section we report the evaluation of the data collected during the long-term
deployment of eco-feedback. We start by analyzing only the aggregated data, han-
dling the sample as one group and not selecting any particular house. Then we rank
our sample into three categories and investigate if there were significant changes in
the consumption when considering background variables, such as the weather condi-
tions, the household size and income-level of the families.

For this analysis we use the week as our standard period because it provides the
most stable variance as it was expected because it corresponds more directly to a re-
curring family routine. For some specific cases where other variables were more ap-
propriate day and month were also used as the aggregation time period.

5.1 Overall Power Consumption

We first looked at the average consumption of all the houses aggregated by week. The
weekly average of power consumption (n = 624) was 62.45 kWh (s = 27.49 kWh).
The high variance is explained by the considerable differences between households,
for example three households had a weekly average of less than 40 kWh, while four
houses had an average consumption between 80 and 110 kWh.

As a consequence we decided to rank our sample in three categories (low, average
and high consumption), based on the 1/3 percentiles of the weekly consumption ex-
pressed in kWh. The following categories were defined: A (<= 42.3kWh), B
(42.3kWh — 76.92 kWh) and C (> 76.92kWh) with four houses each and the average
consumption (n = 208) was 36.45 kWh (s = 7.76 kWh) for category A, 56.30 kWh (s
= 11.59 kWh) for category B and finally category C with 94.6 kWh (s = 17.98 kWh)
respectively.
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Changes in Consumption. To check for significant changes in consumption during
the deployment of the eco-feedback we used a Wilcoxon signed-rank test, to compare
repeated measures between consecutive months. For this analysis we used months
instead of weeks because the test used is known to perform better for less than 20
values in each sample. Results showed no significant differences (for p < 0.05) in any
of the categories.

In an attempt to get a better understanding of these results we individually asked
the families about any changes in their consumption with most of them confirming
that there were no real savings in the overall electricity bill. This was either because
families found it difficult to reduce or even control their consumption levels as stated
“We didn’t notice major changes. We already did a couple of things we would al-
ready disconnect some devices, toaster or radios. (...) The electricity is the hardest
thing to control for us, the water seems easier.” (Family 11, Mother). Or due to the
fact of current tax increases the local company put in practice as stated by this family
“Our consumption wasn’t reduced. We compared with the bills and there was a tax
increase, the consumption seems to be always the same for us, before and after hav-
ing this device here.” (Family 5, Mother). However others noticed some decrease in
consumption after having taken some measures: “We changed all the lamps in the
house to more energy efficient ones. I started to turn off the lights more often because
[ could see the impact of it so I had to do it. (...) Our bill wasn’t reduced to 50% but it
was reduced.” (Family 12)

Consumption and Weather Conditions. The deployment took place in Madeira
Island known to have one of the mildest climates in the world with average tempera-
tures ranging from 17°C in the Winter to 27° in the Summer. Still we wanted to un-
derstand how the climate might affect the electricity consumption. Therefore we
compared the consumption between seasons as well as wintertime (WT) and daylight
saving time (DST). For this analysis we used the daily consumption as the minimum
unit of time.

The tests (for p < 0.05) have shown no significant differences in consumption be-
tween the seasons or between WT and DST for any of the categories suggesting that
we should not expect a big variation of the energy consumption during the year. One
possible explanation for this is, as previously mentioned, the low variation in the tem-
peratures during the period of study - for the duration of the deployment (n = 12) the
monthly average temperature was actually 19.8 ° C (s = 2.89 °C).

Consumption and Household Size. According to literature the number of people
living in the household is the single most significant explanation for electricity con-
sumption. The more people living in the house the more energy is used [18]. If we
look at our consumption categories this is a direct conclusion. In fact the number of
people in each household increases with each consumption category: category A has 9
people (7 adults and 2 children); category B 12 people (8 + 4); and category C 16
people (9 + 7). Therefore we have further investigated this topic by dividing the sam-
ple in categories according to the number of people in the house and looking for sig-
nificant differences among these groups. We found four categories: 1 person (1
house), 2 people (3 houses), 3 people (3 houses) and 4 people (5 houses).
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We tested consumption by household size using a Mann-Whitney U test and found
a significant difference between 2 or 3 people (mean ranks were 21.86 and 51.14
respectively; U = 121; Z = -5.935; p < 0.05; r = 0.699) and 2 or 4 people (mean ranks
were 27.86 and 60.88 respectively; U =337; Z =-5.623, p < 0.05, r = 0.57). However
no significant differences were found between 3 or 4 people. We haven’t considered
the single-family house due to being an isolated case in our sample.

To further analyze the effects of the number of people in the energy consumption
we then categorized our sample by the number of children. We found three catego-
ries: O children (4 houses), 1 child (4 houses) and 2 children (4 houses). The same test
shows significant differences between having none or one child (mean ranks were
26.96 and 63.22 respectively; U = 118, Z = - 6.743, p < 0.05, r = 0.74) and zero or
two children (means were 31.69 and 72.75 respectively; U = 345, Z = -6.770, p <
0.05, r = 0.65). No significant differences were found for having one or two children.

Our results confirm previous findings and general common sense that more people
in the house result in more energy spent. Regardless one interesting finding worth
investigating in the future is the fact that no significant differences appear when con-
sidering 3 or 4 persons or 1 or 2 children. One potential explanation is that after some
point houses with more people will become more energy efficient, since the electricity
usage per person tends to decrease.

Weekdays and Weekends Consumption. Finally we have also looked at average
daily consumption and compared the weekdays and weekends. Table 2 summarizes
the average consumption in each category for the given period.

Table 2. Weekday and weekend average consumption by consumptio category

Weekdays (n=1044) Weekend (n=416)
Category A 5.15(s=1.57) 5.39(s=1.72)
Category B 7.93 (s =2.45) 8.40 (s =2.67)
Category C 13.44 (s = 3.98) 13.78 (s = 3.82)

These results show that for all categories (and mostly B) there is a slightly higher
consumption on weekends, which could be related to the fact that people tend to
spend more time at home on weekends. Still (for p < 0.05) these differences are not
significant in any of the categories.

5.2 Interaction with Eco-feedback

Similarly to the consumption analysis we will first look at the interaction events ag-
gregated by week of study. The weekly average of mouse clicks (n = 624) was 8.93 (s
= 12.65) and 23.92 (s = 107.9) for motion detection. After careful analysis of the data
we found that the abnormal standard deviation for the motion events was related to
the fact that one family also used the netbook to browse the web without closing the
eco-feedback application. Hence our system detected a high number of non-
intentional motion events (average motion for that house was 231.85 with a standard
deviation of 304.64 for n = 52 weeks).
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Therefore, after removing this house from the analysis, we ended up with a weekly
motion detection average (n = 572) of 5.01 (s = 11.13) and 8.54 (s = 12.41) for mouse
clicks. This difference between motion and clicks suggest that the notebook was only
in the open position when users were in fact looking at the feedback and probably the
main reason for that was its position behind the entrance door that would is some
cases force the users to keep it closed. From this point forward we will be using only
mouse clicks as the grouping variable for user interaction.

Long-Term Interactions. As mentioned in the introduction, one of the goals of this
deployment was to achieve a better understanding on how the eco-feedback system
was used after the novelty effect passed. Therefore we looked at the user-generated
events (in this case the total number of mouse clicks) exactly when the novelty effect
was introduced (deployment of the new user interface) until the last week of the
study, as shown in Figure 5.

Our analysis shows an immediate increase of almost 25% in the user interaction
right after installing the new interface (in weeks 8 and 9). These results confirm that
as expected users react to new versions of the eco-feedback with an increased usage
of the application. However our analysis also indicates that only three weeks after the
new deployment the number of interactions dropped considerably until week 20 (a
decrease of 45% when compared to the three weeks after the new deployment).

Total Mouse Clicks by Week of Study
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Fig. 5. Number of user interactions (mouse clicks) with the eco-feedback during 52 weeks

We clearly notice here the response relapse effect, which was significant if we
consider that after 52 weeks the decrease in the number of interactions was almost
90% (at a drop rate of 2.2% per week). This decline was only interrupted by weeks 22
and the period between weeks 42 and 44 when we conducted interviews with the
users, which also raised their awareness to the eco-feedback system.

Additionally, in the qualitative studies we asked users about this decrease of inter-
est in the eco-feedback. Some families justified it with the lack of time in their rou-
tines, others felt like after a few weeks they already had a good perception of their
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consumption as shared by this family “I wouldn’t go there because most of the times I
didn’t have time to check it. I would just arrive home, get things done around here
and go to sleep and start again the next day.” (Family 5, Mother). Their interaction
with the system was reduced as a result of a more accurate picture of their consump-
tion levels as stated by this family “We would check our consumption more often
initially until we got a rough idea or perception of what our consumption was but
after that it would become less frequent.” (Family 12, Wife)

Another reason that was pointed for the lack of interest was the fact that the system
became “yet just another electric device”: “And it became a habit to have it. I would
check it whenever I would remember. I know already the power of each of device in
the house, I already measured it (...) having this or that device working would not
make me want to check the meter by itself.” (Family 7, father). Nevertheless other
families kept using the system even if less frequently, as this father mentioned: “We
didn’t ignore the device I would look at it everyday. What I noticed is that we achieve
an average of consumption. And because we use the same devices all the time our
attention to the system might decrease, we don’t analyze it so carefully.” (Family 9,
father)

5.3  Navigation in the Eco-feedback

We also wanted to understand which features of the system drew more attention to the
users and the analysis showed that the most visited view was the current day con-
sumption. This view had more accesses than all the other options together with an
average (n = 11) of 179.27 (s = 63.84) mouse clicks. The second most used feature
was the weekly consumption (average of 18 interactions, s = 13.15) while the least
favorite was the year view (average of 6 interactions, s = 4.38). The total interactions
with the different eco-feedback views are presented in figure 6.
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Fig. 6. Average interactions (mouse clicks) with the different eco-feedback screens
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Another characteristic of the data that drew our attention was the fact that most in-
teractions happened after 9PM peaking at 11PM with an average (n = 11) of 91.18
mouse clicks (s = 34.04). We believe this is a strong indicator that checking the con-
sumption was something that users did at the end of the day. Most likely due to avail-
ability as referred by this family “I would use it more at night when I was at home. 1
would see the consumption levels and if I saw something more than usual, I would
assume that she had done something different or had used a device.” (Family 1, Hus-
band) The average number of mouse clicks per hour of the day is shown in figure 7.
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Fig. 7. Average interactions (mouse clicks) by hour of the day

When asked about the new user interface the tendency was to prefer the last
one better, as shared by this family “The other previous graph [column chart] was
harder to interpret. This one is much better, its way more usable.” (Family 7, Father)
- Especially the color-coded display of the consumption as stated by the following
family “The color tells me immediately if I increased or decreased my consumption.”
(Family 9, Husband)

5.4 Load Disaggregation

Our NIML system also provided the possibility of load disaggregation, i.e., the identi-
fication of different appliances from the analysis of the total load parameters (active
and reactive power). This is possible by using supervised learning and classification
techniques from machine learning algorithms we use in our sensing platform on
the high frequency signals acquired by the non-intrusive sensors. Our objective with
the addition of the load disaggregation feature was twofold. Firstly we wanted to learn
how users would react to having the possibility of labeling their own power consump-
tion though power events. Secondly we wanted to see how adding a single new
feature during the deployment would affect the interaction with the eco-feedback. The
selection criterion for having this feature was being part of the top-5 most active fami-
lies in terms of user-generated events, and it was installed during weeks 40 and 43
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when we visited the families and helped them labeling some of the existing
appliances.

Our expectations were that adding this new feature would work as another trigger
to increase the interaction between the users and the eco-feedback system. However
the results show that adding this feature did not result in a significant increase in the
number of interactions during that period (the houses with the new feature had a 14.3
(s = 9.29) mouse clicks average while those without had a 10.5 (s = 16.4) mouse
clicks average during the same period).

Also, and despite we have chosen to deploy the feature in the more active users,
none of the members of the selected house managed to label power events on their
own. We believe that one of the main reasons behind this was the high number of
events that would show in the user interface making it hard to select and label the
right appliance as described by this family member “I think the most complicated
thing to do is the consumption per device (...) it’s complicated to manage such a large
number of devices.” (Family 7, Husband)

Nevertheless, one important lesson learned for future designs was that not all the
appliances seem to be of equal importance to the residents. This was especially seen
when helping the users labeling their events as they kept asking questions about what
they considered to high consumer appliances (e.g. oven and clothes washer / dryer).

6 Discussion and Implications

In this section with discuss the most relevant outcomes of the one-year (52 weeks)
long-term study of eco-feedback. We start by summarizing the overall results of the
study and then we discuss some of the weaknesses and possible implications of this
work regarding future deployments of eco-feedback systems.

6.1 Results

Here we presented the results of the long-term deployment of a real-time eco-
feedback solution during 52 consecutive weeks in a stable sample of 12 households.
During this period families had access to their energy consumption with two versions
of an eco-feedback interface that also gathered usage and interaction data.

Our findings show that after 52 weeks there was no significant reduction in energy
consumption but also no increase. Our results contradict the literature that suggests a
positive impact of eco-feedback on energy consumption. We argue that such conclu-
sions could be based on typical short-term (2 or 3 week) studies, which are not long
enough to capture the relapse behavior pattern after the novelty effect of the eco-
feedback. We recognize that further research is needed to isolate the relationship be-
tween consumption and eco-feedback but when huge investments in smart grids and
eco-feedback technologies are under way it would be important to deploy more long-
term studies that investigate these results further. This is particularly relevant if we
consider the latest results from the European Environment Agency (EEA) that show a
12.4% increase in the final energy consumption of households, with electricity emerg-
ing as the fastest growing source of energy between 1990 and 2010 [19].



252 L. Pereira et al.

We have also confirmed that energy consumption in households is tightly coupled
with the number of residents and that large families tend to become more energy effi-
cient when considering average consumption by household member. Another interest-
ing finding was learning that the income-level of the family is another powerful
explanatory variable of energy consumption, with low-income families being able to
spend less energy than high-income with the same household size. This suggests that
there is a minimum acceptable point of consumption that once reached it may become
impossible to implement other consumption-reduction initiatives without negatively
affecting the family needs and routines. This is what was noticed by one of the low-
income families with 2 children: “I think the changes were mostly on making us more
aware of devices we used and habits we had. We had some bills that were a little
expensive and we started to reduce some consumption (...) now I feel we have
reached a constant value, we pay around the same amount each month and it won’t
cost more than this.” (Family 1, Wife) And also one of the average-income families,
with a teenage daughter “We try to reduce here and there but this is an apartment we
can’t walk here in the darkness, we need to turn on some lights.” (Family 11, Wife)

Our study also shows other results that are in line with most of the reviewed litera-
ture especially when considering increased awareness and better understanding on
what appliances really consume as shared by the this family “This helped us to know
more about our consumption, and we did some changes around here (...) this device
brought us a new kind of awareness but it didn’t disturb our routine. We don’t feel it
disturbed us in any way. It was beneficial for us to have it.” (Family 1) Or even, by
helping deconstruct some devices initial consumption levels’ associated perceptions
as stated by this family “It helped us to see some devices were consuming more than
we initially thought and it changed the way or time we used those devices, for exam-
ple the iron or the kitchen hood.” (Family 9, Husband) And in some, rare cases, this
better understanding lead to some routine changes: “We have a very conscious way of
consuming energy, we were careful before having it here. It helped us to see some
devices were consuming more than we initially thought and it changed the way or
time we used those devices (...) one of those was doing laundry and use the dishwash-
er only at night [to take advantage of the night tariff] and this changed our routine
completely.” (Family 9, Husband)

On the long run users feel that there’s nothing new to learn from the provided eco-
feedback and therefore the number of interactions are reduced to marginal values
which is a strong indicator that the eco-feedback provided needs to encourage users to
learn more about their consumption as well as provide more tailored and personalized
feedback especially after relevant changes happen (e.g. buying a new equipment or
someone leaving the house for long periods).

6.2 Implications and Lesson Learned

One limitation of our study was the lack of a proper control group in order to better
access the effectiveness of the eco-feedback as a way to promote energy reduction.
This is particularly relevant because our results are contradicting many of the findings
in the literature that rely on two or three week deployments of eco-feedback, which
might be too optimistic about the potential of this technology. Furthermore, consider-
ing the long-term nature of this study it would be important to keep an updated profile
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of our participant families (e.g. holiday absences, some family member visiting for a
long period, and a list of actual appliances in the house at every moment) as this
would have allowed us to perform other kinds of comparative analysis like the con-
sumption of similar houses or correlating user concerns with their actual consumption
patterns. All of these possibilities involve significant costs in deploying and running
the studies but are rightly justified in particular given the environmental and econom-
ic impacts of household energy consumption and the expectations with large-scale
deployments of smart grids that could make eco-feedback widely available.

Physical Location and Security. Our eco-feedback system also presented some limi-
tations that could have an impact in the results. The fact that our eco-feedback system
was implemented using a netbook that acted both as the sensor and the visualization
platform placed at the entrance of the household presented some limitations. The sys-
tem was not easily accessible to all family members in particular children, as one of
the mothers shared with us: She didn’t reach it (youngest daughter 7 years old)”,
(Familyl, Mother). In addition the location of the netbook near the main power feed
made it harder for family members to interact with the eco-feedback since it made
them afraid of either dropping it in the floor or damaging the equipment since they
considered it to be very fragile (the computer was stuck to the wall by only two adhe-
sive velcro tapes). Finally some families also expressed concerns regarding the intru-
siveness and safety of the system, even though it was properly and securely installed
by a qualified electrician from the electrical company. For instance, some families did
not allow their kids to come nearby or interact with fearing the risk of electric shock.
In current deployments of our technology we are collecting data in the meters outside
the houses and providing the eco-feedback using tablets and other mobile devices.
Nevertheless our preliminary results are still consistent with the results presented
here.

Appropriation of the Eco-feedback Technology. Finally, we have learned from the
extensive interviews that family members tend to have naturally defined roles where
some of them took over the task of checking and controlling the energy consumption
and therefore, reducing the number of family members that would interact with the
system. This made other family members feel they didn’t need to worry or use the
system, since someone (usually the husband or the person more comfortable around
computers) was taking care of it as shared by two spouses: “There are certain things I
leave for him to do and other things I take care of myself. I was curious to use it and
I would use it but not as often as him” (Family 12, Wife) and “He would check more
because he would be more curious (husband) and me I would let him give me the
report of it. He would summarize the information” (Family 1, Wife)

7 Conclusion

This paper presents the results of a long-term deployment of eco-feedback technology
in 12 apartment houses for 52 weeks in a southern European urban city. We collected
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both qualitative and quantitative data in order to assess the effectiveness of
eco-feedback technology as a driver to promote energy conservation behaviors. Our
results conflict the more promising expectations of eco-feedback based on short-term
(two or three weeks) deployments reported in many HCI venues.

Despite the physical and methodological limitations of this study we have con-
firmed these results with a different deployment where the infrastructure is no longer
placed inside the households removing the physical and security concerns with the
eco-feedback device. We observed the same relapsing effects even when the eco-
feedback is provided through a mobile device connected over the Internet to the non-
intrusive sensor placed outside the house. After four weeks we observed the same
decrease in attention and energy conservation behaviors.

We argue that in order to make eco-feedback technology effective further research
is needed to understand what could lead users to retain attention over time in a way
that promotes significant changes in their behavior capable of generating energy sav-
ings. We are also exploring other approaches like art-inspired eco-feedback [20] and
social features like sharing energy consumption with in a community public display
or social networks. In future work we also wish to further explore how the households
perceive their consumption and how we can use family dynamic and routines to in-
crease the effectiveness of eco-feedback technology.

In summary, our research highlights the importance of conducting long-term dep-
loyments of eco-feedback systems in order to understand the real potential and impli-
cations of this technology. Energy and resource consumption in general, are important
application domains for persuasive technologies. However in order for this technolo-
gy to have long-term impacts in domains like sustainability we need to overcome the
novelty effect leading to response-relapse behaviors. Here we reported on such a
study and presented some lessons learned that could lead to further research exploring
new dimensions of eco-feedback.
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