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Abstract
Motivated by both cost savings and environmental concerns, managing energy in the home has become increas-
ingly important. Though both user-driven and automated solutions have shown promise, a deeper understanding
of the characteristics of energy usage behavior is necessary to inform the design of such systems. In this work,
we present the results of a study that explores the insights and characteristics participants are able to derive
using two well-known visualization techniques for time series data. We find that participants are able to extract
a variety of relevant features and explain general and anomalous patterns of behavior. We also find that the
preferred visualization is both user- and task-dependent. These findings may be used as the basis for new systems
for home energy management.

Categories and Subject Descriptors (according to ACM CCS): H.1.2 [Information Systems]: User/Machine
Systems—Human Information Processing

1. Introduction

Tools † and techniques for influencing the energy con-
sumption behavior of residential users are the subject of
much current research. Saving money, reducing environmen-
tal impact, and enabling broader adoption of greener energy
sources are among the factors motivating the work in this
area. Wider deployment of smart meters that collect fine-
grained home energy usage data, smart power strips that col-
lect energy consumption data for a collection of appliances
and smart plugs that capture energy usage of individual ap-
pliances open a number of opportunities for customized en-
ergy management solutions [DWD11].

Enabling an individual user to better understand his or her
energy consumption is a promising step toward influencing
behavior. By making a user aware of, for example, the typ-
ical energy consumption of a particular appliance, the user
may be able to detect periods of anomalous usage when the
appliance may have been malfunctioning or left on uninten-
tionally. Turning the appliance off, or even replacing it, may

† This material is based upon work supported by the National
Science Foundation under awards CNS-1305099 and IIS-1406626,
CNS-1308723, CNS-1314024, and the Microsoft SEIF Awards.

lead to energy savings. As another example, raising aware-
ness of just how much energy is consumed by various de-
vices, for example a computer monitor that is left on even
when not in use, may encourage the user to modify how the
device is used or when it is switched off. Technology-driven,
automated solutions for reducing or shifting energy usage
are also possible, however they must be carefully tuned, for
example using features known to be effective or training data
that has been manually labeled.

In this work, we explore the effectiveness of using data
visualization to help users understand characteristics of en-
ergy usage behavior. We apply two well-known visualization
techniques for time series data—a line graph and a radial
layout—and conduct a study of 21 participants to explore
the features they are able to identify and the insights they are
able to draw from the visualizations. The participants were
asked to perform two tasks—a device classification task and
a pattern and anomaly detection task.

We present three main findings. First, with minimal train-
ing, a small data set, and minimal contextual information,
users were able to identify relevant features, such as power
consumed and frequency and duration of appliance usage,
that led to successful completion of the tasks. Second, par-
ticipants were able to identify anomalous behavior and gen-
eral patterns of use that may be generalized to a broad range
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of devices. Finally, using multiple visualizations was effec-
tive as the preferred visualization was both user- and task-
dependent. These insights may be used to form the basis of
visualization-based recommendation and energy audit sys-
tems [BGMS10], as well as inform the design of machine
learning-based techniques [KJ12].

2. Related Work

This paper builds on previous research on energy data visu-
alization and time series visualization.

Energy visualization: Ambient appliances are the most
straightforward way to increase the awareness of energy us-
age in the home [GG05, MAR10]. FigureEnergy [CRJ12] is
an interactive system that allows residents to visualize and
manually annotate their energy. Masoodian et al. [MEB+13]
present a novel radial stacked bar-based technique for vi-
sualizing energy usage called the time-pie. Bartram et al.
[BRM10,RB11] present their Adaptive Living Interface Sys-
tem that allows home owners to monitor their energy usage.
They discuss challenges with evaluating such an interface
since it is currently operational in a net zero home. Sim-
ilarly, Pierce at al. [POB08] identified evaluating the effi-
cacy of eco-visualizations as one of the challenges in the
field. Goodwin et al. [GD12, GDJ+13] discuss an inclusive
design-oriented approach that led to novel energy visual-
izations. Spagnolli et al. [SCG+11, GCZ+11] developed a
gamification-based approach to energy conservation in the
home. Janetzko et al. [JSMK14] present novel anomaly de-
tection algorithms based on prediction as well as clustering.
Our work explores the characteristics that participants are
able to derive using visualizations of home energy data.

Time-series visualization: Cartesian and Radial layouts
(used in this study) are widely used for visualizing time-
series data [BBBD08, DBB10, AMM+08]. As per the user
studies conducted by Diehl et al. [DBB10], users take more
time when using radial representations [WAM01, LKL+04]
but the layout was found to be more useful when visualizing
two dimensions simultaneously.

3. Visualization Study
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Figure 1: Task 1 is a device classification task. The participant is
shown the power consumption of a baseline labeled device (TV in
the figure) and asked if the unlabeled devices are a TV.

The goal of this preliminary study is to better understand
energy usage insights. In our study, we present each partic-
ipant with two visualizations of appliance energy usage and
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Figure 2: Task 2 is a pattern detection task. The visualization is
the energy consumption of a labeled device over a period of a day,
week, and 2 weeks. The participant can also scan through differ-
ent time periods using the Dates control. The participant then finds
patterns in the time series and possible anomalies in the data.

ask the participant to perform a series of tasks that involve
device classification and pattern recognition.

Visualizations Used: Our study uses two types of visualiza-
tions illustrated in Figures 1 and 2: line graphs [AMM+08]
and radial layouts [DBB10]. Both types are commonly used
to visualize high and low dimensional data. A line graph pre-
serves the raw energy consumption values for appliances and
can show fine-grained consumption patterns. The radial lay-
out is a two-dimensional representation of the data and can
be used to infer patterns over longer time scales using a com-
pact representation. The color shades of the slots in the ra-
dial layout represent different energy consumption values.
The visualizations are implemented using D3 [BOH11] em-
bedded in a web layout built using BootStrap.

Participant Tasks: The study asks participants to perform
two tasks:

Task 1 (Device Classification): The goal of this task is to
gain insight into the characteristics or features that partici-
pants consider most obvious or useful in our visualizations.
Effective visualization-based device classification is useful
in a direct sense insofar as manually labeling sensors in a
real setup is prone to errors and changes, e.g. users mov-
ing devices. However, the possibility of exposing features
that users rely on to differentiate devices in the visualiza-
tions could prove just as valuable. These features may be
used to inform the design of visualization-based tools to help
users better understand energy usage, which previous work
has found can impact energy usage behavior [CRJ12]. These
features may also be used as input to machine learning algo-
rithms useful for tasks such as anomaly detection or disag-
gregation [KJ12].

Figure 1 illustrates the device classification task. We pro-
vide participants with a visualization of two weeks of data
from a baseline device and a label describing that device,
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for example a TV. We then ask participants to consider visu-
alizations of several other unlabeled devices and determine
whether the unlabeled devices are in the same category as the
baseline. Participants are asked to indicate the confidence of
the answer provided and also share any comments to explain
the reasoning behind the choice. In our study we use four
baseline appliances—a TV, PC, refrigerator, and modem—
and ask the participants to classify between five and seven
unlabeled devices per baseline device.

Task 2 (Pattern detection): In the second task (Figure 2), we
ask participants to determine whether there is a regular pat-
tern of use that may be derived from a visualization of the
device’s energy consumption. Understanding what is regu-
lar usage can help determine anomalous usage of an appli-
ance, for example periods of time when a device has been
unintentionally left on or even devices that are malfunction-
ing and consuming more energy than appropriate. Determin-
ing anomalous energy usage is the basis of several energy
recommendation systems [WRK10] and virtual energy audit
systems [BGMS10]. A challenge for such systems, however,
is defining anomalous behavior.

In this task, we provide participants with a visualization of
device energy usage and ask them to select whether the de-
vice shows an hourly, daily, weekly, biweekly, or no pattern
of use (see Figure 2). The visualization allows the partici-
pant to select the time period visible (one day, one week, or
two weeks) as well as scroll through several weeks of data.
We used four devices, a lamp, clothes washer, laptops, and
a microwave, for this task. For each device, we use between
four and 16 weeks of data for the visualization. As in Task
1, we ask the participant to indicate his/her confidence in the
response, and we also ask the participant to indicate whether
any periods of time do not fit the pattern. Finally, we ask the
participant to select which of the visualizations were used for
this task and rate his/her level of frustration with the task.

Study Setup: The visualizations were built using a dataset
collected from a deployment of Z-Wave smart plugs in nine
homes in the United States. Our dataset includes energy con-
sumption data from five to 10 appliances per home collected
over a period of two years. For this study, we used between
two weeks to four months of data from a subset of appli-
ances.

Study participants were recruited from our college cam-
pus and surrounding area using flyers and Craigslist adver-
tisements. The study was performed in our laboratory and
the participants were compensated $10/hour for their partici-
pation. Before the study began, we showed each participant a
5-minute video describing the system and tasks. We also col-
lected demographic information, i.e., age and gender. Each
session lasted for approximately 50 minutes.

We recruited 21 participants, 13 males and 8 females. The
age varied from 18 to 31. It is also worth noting that the
participants for the study were different from the residents

of the nine homes that we collected data from for our visu-
alizations. Answers and comments provided by users were
stored in a database and parsed later to derive the insights
described below.

4. Insights and Findings

In this section, we discuss the salient insights from our study.
Of the 26 appliances that the participants were asked to clas-
sify, 16 were classified correctly by more than 75% of the
participants. For example, 95% of participants identified one
unlabeled PC correctly, and 90% were able to identify two of
the unlabeled refrigerators. Devices that participants strug-
gled with included composite devices, such as a power strip
with a TV, Roku, PlayStation, DVD and a lamp that 38% of
participants classified as different from a TV. For Task 2, par-
ticipants were able to infer daily, weekly, or biweekly usage
in appliances including laptops, a lamp, and a microwave,
although a majority of participants did not find a pattern for
a clothes washer, which was more sporadically used.

Insight 1: With minimal training and context and a small
data set, participants were able to identify relevant fea-
tures for device classification.

Participants noted several common features leading to
successful device classification and pattern detection includ-
ing (1) level of power consumption; (2) frequency and dura-
tion of appliance usage; (3) time and day of use; and (4)
power states of a device (e.g., the device is always ON).
For Task 1, for instance, 72% of parseable participant com-
ments tied correct classifications to at least one of these four
features. While participants frequently cited power levels in
accurate classifications of TV and PCs, comments on re-
frigerator and modems tended to reference frequency and
power states features, respectively. Often a decision hinged
on which features a participant deemed most important given
the data, hence participants could not only determine a set
of features that might be relevant to a specific appliance but
also prioritize features chosen based on the data. For exam-
ple, four participants explicitly prioritized the time of use
feature over difference in power levels to correctly classify
one TV. One such participant noted:

The times for when it is on is similar to a TV and
the powerdraw is fairly similar although device 1
(baseline device) has a higher amount (power con-
sumption).

In other examples, feature selection was influenced by a
participant’s preconceptions about a baseline device. When
comparing unlabeled devices to a refrigerator, more partic-
ipants tended to consider whether an appliance was always
on to be an important feature. For example, six participants
who rejected one refrigerator that appeared to have a zero
power state cited gaps, an off state, or the lack of a base
power level. Overall, only nine participants correctly identi-
fied that particular device. Leveraging such prior knowledge
also proved inaccurate in instances where the participant’s
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assumptions or experience conflicted with the actual usage
of the device. For example, one participant incorrectly used
power states to identify a PC and noted:

This device is being used constantly, so I would
think it was something other than a PC.

However, two participants who correctly identified the
same PC noted:

(The device) could be a computer that was left on
most of the time
The baseline is PC. People can have different pref-
erence in using the PC.

We note here that the participants of our study were not
the original participants of the appliances that we collected
data from, leading to the inaccuracy. But using a priori con-
text would prove advantageous when a participant is analyz-
ing his or her own device usage.

Insight 2: Participants were able to describe anomalous
behavior and patterns of use using a vocabulary that can
be generalized to describe such behavior in a broad range
of devices.

In Task 2, our participants were able to broadly iden-
tify two categories of anomalies: (1) Anomalies derived di-
rectly based on patterns participants saw in the data; and (2)
Anomalies where appliance usage differed from a priori per-
ceived usage of the appliance. Both types of anomalies were
based on features such as sudden changes; gaps or spikes in
usage; atypical usage for a device type; unusual times or du-
rations of use; and power levels. For example, a participant
who identified a clothes washer as having a weekly pattern
pointed out:

4/30/12 to 5/7/12 the washer was used multiples
times throughout the week which deviates from the
previous patterns of use.

Other pattern-based anomalies included gaps in regular
usage or sporadically high power levels or anomalous time
of usage. For example, a participant pointed out about the
microwave:

graph shows overnight activity of microwave. door
could have been left open, so the light remained
on.

Participants often leveraged personal experience or
device-specific assumptions about normal behavior to de-
termine if usage was anomalous. For instance, a number of
participants expressed an unwillingness to label any laptop
usage as anomalous based on time of use, asserting:

Different people may prefer different time to use
the laptop. A laptop is used almost all hours of
the day now because of how important technology
is so usage at anytime would be fine

More than 80% of the participants were able to find at
least one instance of anomalous usage in the four appliances
in Task 2. These anomalies can help build a participant-
specific vocabulary and signature for anomalies that can be
used as input to virtual energy audit systems and outlier de-
tection algorithms.

Insight 3: The best visualization is task- and user-
dependent. Having multiple visualizations for the same
dataset is useful, and some visualizations require more
training.

In our study, we found that the most popular visualization
depends on both the task and participant. While over 72% of
responses in the pattern recognition task favored the radial
layout or a combination of the radial layout and line chart,
the comments in the device classification task indicate high
usage of the line chart. This could suggest a specific visual-
ization was more suited for each task. The radial chart/circle
visualization seemed to require more training to be useful.
For instance, one participant commented:

As the study progressed I quickly used the circle
graphs as my go to graphs to analyze the devices,
in the beginning I used mostly the line graphs be-
cause they were familiar but after a couple tasks
the circle graphs quickly became the easiest and
fastest way to analyze what was going on

Another participant who preferred the line chart com-
plained that the circles were tiresome and untranslatable
while the lines were easier to read...easier to understand.
Participants liked how clearly the circles showed time of
day and intensity and how little space it took. Participants
struggled with the unequal representation of time between
the center and outer rings in the radial layout, with the tran-
sition between rings of the spiral, and close shades or faint
representations of very low power level device states. Par-
ticipants liked the level of detail and ease of use of the line
graphs while at least one participant thought the level of fluc-
tuation in the line graph made it harder to find patterns.

Design Recommendations The results of our study provide
insight into the design of home energy management systems.
Our findings suggest that, in the case of visualization-based
systems, highlighting a common set of features as well as
providing multiple views of the same data is recommended.
Our findings could also motivate future work regarding auto-
mated, machine learning-based systems, which have yielded
mixed results in some of our prior work [LBR14]. Adapt-
ing these systems to a human-in-the loop approach that con-
siders user input regarding features and characteristics of
anomalous behavior may prove effective.

5. Conclusion

In this work, we present the results of a visualization study
designed to expose the characteristics and insights partici-
pants are able to identify in home energy consumption data.
Our findings indicate that with minimal training, a small
data set, and minimal contextual information, participants
are able to extract relevant features of the data as well as de-
scribe anomalous behavior and general patterns of use. We
also find that using multiple visualizations is effective as vi-
sualization preference is both user- and task-dependent. Our
findings may be used to inform the design of both automated
and user-driven energy management systems.
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