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ABSTRACT

The ability of smart meters to communicate energy consumption
data in (near) real-time enables data analytics for novel applica-
tions, such as pervasive demand response, personalized energy feed-
back, outage management, and theft detection. Smart meter data
are characterized by big volume and big velocity, which make pro-
cessing and analysis very challenging from a computational point
of view. In this paper we presented SmartD, a dashboard that en-
ables the data analyst to visualize smart meter data and estimate
the typical load profile of new consumers according to different
contexts, temporal aggregations and consumer segments.

Categories and Subject Descriptors

H.2.8 [Database Applications]: Data mining; G.3 [Probability
and Statistics]: Time series analysis

Keywords

smart meters; visualization; energy consumption analysis

1. INTRODUCTION

Future ICT-based energy systems will rely on an Advanced Me-
tering Infrastructure (AMI), a system that measures and collects
data about energy usage and power quality using smart meters in-
stalled at the consumer premises [5]. Smart meter data has an im-
portant role in several Smart Grid applications and enables novel
data analytics tasks, such as energy consumption behavior analysis,
theft detection, outage management, pervasive demand response at
residential level, and personalized energy feedback. However, pro-
cessing and analyzing smart meters data is very challenging, be-
cause it is characterized by big volume and big velocity, and how
to extract useful information from it is still an open question.'
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In this paper we present SmartD, a dashboard for smart meter
data visualization and analysis. SmartD has been built to be (i)
seamlessly integrated with existing data collection infrastructures,
(ii) intuitive to use, and (iii) easy to extend. To visualize and an-
alyze smart meter data, SmartD supports context selection (e.g.,
summer, winter, weekend, or weekdays), different temporal aggre-
gations (e.g., hourly, daily, or weekly), and consumer selection (ei-
ther individual or clusters of consumers). Although this function-
ality is commonly found in other energy dashboard or time series
visualization, SmartD’s additional and novel contributions are: (i)
estimating the typical hourly load profiles based on demographic
information, and (ii) determining the attributes of the demographic
profile that are relevant to consumer’s energy consumption behav-
ior for a given context. This functionality can be used to predict
the typical load profile of new consumers, or to understand the en-
ergy consumption behavior of different consumers (e.g., employed
vs retired, family vs single).2

2. SMARTD

We developed SmartD on top of GSN [2], a widely used middle-
ware for sensor networks deployment. Given that smart meters are
essentially sensors, GSN can be seamlessly integrated with an ex-
isting smart metering infrastructure, enabling applications running
on GSN to receive real-time smart meter readings (push mode) as
well as obtaining them from a DB or text files (pull mode). Figure 1
shows the architecture diagram of SmartD.

SmartD needs to be able to (i) retrieve and process smart meter
data with big volume and velocity, and (ii) visualize and extract
valuable information from that data. While the first capability is
provided by GSN, we briefly explain the second in the following
sections. We remark that although for demonstration purposes we
use the Irish CER dataset [1]3 , SmartD can be used with any time
series of smart meter data and consumer demographic profiles in
the form of <attribute,value> tuples.

2.1 Energy Consumption Analysis

For the visualization of energy consumption data (see Figure 2),
SmartD has several key features, detailed below.
Temporal aggregations. SmartD supports different time granular-
ities, from half-hourly to monthly. In addition, a set of basic statis-
tical aggregation functions is also provided, such as sum, average,
min, and max.*

“We use the terms energy consumption and load interchangeably.

3This dataset contains measurements of approximately 5,000 con-
sumers for 1.5 years (Jul 2009 - Dec 2010)

“More sophisticated aggregation functions can be easily added.
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Figure 1: SmartD architecture diagram
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Figure 2: Energy consumption analysis

Consumer aggregations. SmartD supports visualization of en-
ergy consumption of a set of individual consumers, clusters of con-
sumers, or a mix of both. We use a simple but flexible grammar
id((,4d) | (;id))" to specify the desired visualization, where id is
a consumer identifier, the character “;” separates clusters, and the
character “,” separates consumers within a cluster. An individual
consumer is then expressed as a cluster of one consumer. If a clus-
ter of more than one consumer is specified, the users can choose
the functions to aggregate the energy data within the cluster (such
as sum, average, min, or max).

Consumer characterization. SmartD provides an option to focus
more on consumer demand shape, by plotting z-normalized data.
This functionality can be used, e.g., to spot consumers who have
morning peak, evening peak, or both.

Histogram. SmartD provides a histogram view with the distribu-
tion of energy consumption values, which can be useful to analyze
the way people consume energy. For example, we found that the
energy consumption of residential consumers follows a log-normal
distribution, peaked around their base load, while commercial and
industrial consumers follows a normal distribution, peaked around
the mean consumption of working hours.

2.2 Energy Consumption Estimation

SmartD supports data analysts by providing insights related to
energy consumption behavior. First, it helps to answer questions
about consumer load profile given her demographics, such as what
is the difference between load profile of families with and with-
out children?, or can we estimate the typical load profile of a new
consumer using her socio-demographic information?. SmartD es-
timates the load profile of a consumer (see Figure 3), if provided
with (a subset of) the consumer demographic information, as well
as the context of interest (e.g., weekend, Monday, summer, etc.).

Answer the chosen questions!

Weekday W PLEASE RECORD SEX
FROM VOICE

Season

M Do not refresh the plot

Figure 3: Energy consumption estimation

This is done using k-nearest neighbor (k-NN), where the best k is
determined using leave-one-out cross-validation.

Second, SmartD also helps to infer demographic information
which significantly influence energy consumption on a specific con-
text, e.g., weekend, Monday, or summer. This is implemented us-
ing correlation-based feature selection [4] and k-NN, where the fea-
tures are the demographic information and the target classes are the
hourly consumption values. These learning functionalities is devel-
oped using the WEKA machine learning library [3].

3. CONCLUSION

In this paper, we presented SmartD, a dashboard for smart meter
data analysis and visualization developed on top of GSN. SmartD
has been released as an open-source project.’ SmartD capabilities
include visualization of energy consumption data and estimation of
the typical load profile of a consumer according to her demographic
and contextual information. As future extensions, other function-
alities such as customer segmentation [7], interpolation of missing
values, and load forecasting [6], could be added.
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1. SUPPLEMENT FOR SECTION 2.1

Consumer aggregations.

A simple example of a grammar which expresses con-
sumer selection/aggregation: string “1; 2; 3,4, 5” corresponds
to the visualization of the energy data of consumer 1 alone,
consumer 2 alone, and a cluster composed of consumers 3,
4, and 5.

2. SUPPLEMENT FOR SECTION 2.2

Estimating typical load profile.'

SmartD is able to estimate consumer typical load profile
given her demographics and contextual information. Let D
be the set of demographic information, and C' be the con-
text that we are interested in. The set of demographic in-
formation, D, can be, for example: a family with two chil-
dren, live in 2000 sq. ft. apartment, and own a dishwasher.
The context, C, can be, for example: weekdays in January,
or Monday in the summer. In addition, let N be the set of
k € N consumers with the closest demographics to D. Thus,
|N| = k. Then, the estimated load profile of consumers with
demographics D on context C'is the average of (hourly) load
profile of consumers in V.

A question remains, however, to decide the best k. Should
kbe 1,2, 3, or something else? To answer this, for each k un-
der consideration, we perform leave-one-out-cross-validation.
See Algorithm 2.1 for details. For load profiles L; and L,
function dist(L;, L;) return the distance between L; and L.
It can be computed, for example, using the difference be-
tween the norm of L; and L;.

Discovering significant demographic characteristics.

SmartD is also able to infer demographic information that
significantly influences energy consumption on a specific
context, e.g., weekdays in January, or Monday in the sum-
mer. For this purpose, we use a supervised feature selection
algorithm, namely correlation-based feature selection.> We
refer to this algorithm as cfs.

Let an instance be atuple (F, 1), where F' = { f1,..., fir|}
is a feature set and [ is a target attribute. Given a set of in-

'We use the terms energy consumption and load interchangeably.
2See the bibliographic information for this method in the main paper.

Algorithm 2.1: Find the best k&

Input: a set of consumers A, a set of k& under
consideration K = {kq, ...k, }, contextual
information C'

Output: the best k& € IC

1 foreach k € K do

2 5k +~— 0

3 foreach i € A do

4 A — A\

5 Let N be the set of k consumers in A’ having
the closest demographics to ¢

6 L; < (hourly) load profile of ¢

7 Ly < average (hourly) load profile of
consumers in IV on context C'

9 return arg miny, (J)

stances Z, applying cfs to Z results in the set R of indexes
of the features that are deemed to be relevant to the target
attributes. Formally cfs(Z) = R = {r1,...,r g} such that
r; C{1,...,|F|}.

Next, we explain how to infer top-qg demographic charac-
teristics which are relevant to the energy consumption for a
context C'. To make it clearer, we also illustrate the steps in
Figure 1. Let D = {di,...,d|p|} be the set of consumer
demographics. We define F; as the feature set of consumer
1, where each of its element is consumer 7’s demographic in-
formation. Thus |F'| = |D|. Let I be the average of hourly
energy consumption of consumer 4, on context C, at hour
1 < h < 24. Further, let A be the set of consumers, and Z"
be the set of instances for hour h, consist of tuples (Fj, %)
for all consumers i € A.

For 1 < h < 24, let ¢fs(Z") = R". Then, we define
score(r) = [{R" | r € R",1 < h < 24}|,for 1 < r <
| F'|. The top-g demographic characteristics of the set of con-
sumers A on context C' is the ¢ demographics d,x, . . ., dT;
with the highest scores. That is, the top-¢ demographics
are d,x, ..., d,-, where score(r*) > score(r) for all 7* €

q
{ri,..yrpyandr € {1, [FIF\ {r],..., 7} }.
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Figure 1: Illustration on how SmartD discovers consumers’ characteristics which define their energy consumption profile.

3. POST E-ENERGY SUBMISSION

After we submit SmartD for a demo to e-Energy 2014,
we still continue to develop it. Below are the functionalities
that we added after the submission. SmartD’s source code is
available at https://github.com/LSIR/smartd.

3.1 Multilingual Support

When Smart first developed, the (only) language of the ap-
plication is English. However, we expect SmartD to be used
world-wide (since smart meters are also deployed world-
wide), it might help the user to interact with SmartD in their
own mother tongue. As the first step, we add French lan-
guage.’ Developers can add other languages easily by pro-
viding the translation of the SmartD’s user interface label in
the targeted languages in gsn/webapp/js/smartd-languages

and providing the function to load the language in gsn/webapp/

smartdx.html.

3.2 Forecasting

Electricity load forecasting is another important analytics
task in the smart energy domain. See, for example, our previ-
ous work and its bibliographic information [1]. Although in
principle, any forecasting algorithm can be used, we extend
SmartD by incorporating a simple (and interpretable) fore-
casting method. In some application domain, e.g. demand
response (DR), simplicity and interpretability of the mod-
els is required (in addition to accuracy). For instance, since

3French is the language spoken in Lausanne, Switzerland, where our uni-
versity is located.

DR baseline (or the forecasted demand) plays a key role
in determining consumer’s incentive/payment, the method
to produce DR baseline should be comprehensible by the
stakeholders (the utility company/DR providers and the con-
sumers). In this extension, we use one of the methods to
compute DR baseline (which is essentially a forecasting al-
gorithm): ISONE. * A more thorough discussion about DR
baseline and the performance can be found in [2]. Currently,
SmartD is able to display the forecasted demand up to x days
ahead the latest day of the measurements, where x is a user
predefined parameter.’
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configin directory smartd-forecasting.
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General Remarks

We would like to thank the anonymous reviewers for their helpful comments. What we meant by the github
page is https://github.com/LSIR/smartd.

Response to Reviewer 1

1.1 Comment: Critical components missing - how is this different from other energy dashboards proposed
in research and existing in industry

Response: SmartD provides (1) data visualization and (2) analytics to estimate the load profile and
infer demographic attributes that are relevant to the energy consumption. While the first functionality
is commonly found in other energy dashboard or time series visualization tools, the second is SmartDs
novel contribution. We have added this information to the revised paper as well.

1.2 Comment: Critical components missing - some benchmarking for their dashboard (how does it scale for
large volume/missing datasets etc.) which are common characteristics for smart meter data.

Response: SmartD is developed on top of GSN. Its capability to receive and process data is inherited
from GSN as well. For GSN performance we refer readers to:

K. Aberer, M. Hauswirth, and A. Salehi. A Middleware for Fast and Flexible Sensor Network
Deployment. In Proceedings of the 32nd International Conference on Very Large Data Bases.
VLDB Endowment, 2006.

What SmartD adds are the functionality to plot (visualize) the data, and the analytics layer. Both of
them require shorter processing time compared to the time needed to retrieve the data. However, we
agree that benchmarking the visualization and analytics functionality is needed. We plan to perform such
evaluation in the future and post it in the github page.

1.3 Comment: | have not seen any smart metering deployment collecting data using GSN - can authors
point to any such existing deployment and hence motivate why a visualization over GSN will be useful

Response: GSN has been widely used in sensor network deployments. The list of deployments, among
others, includes: geosciences, hydrology, health monitoring, and pollution. See, e.g., http://sourceforge.
net/apps/trac/gsn and http://sourceforge.net/apps/trac/gsn/wiki/other_use_cases. In
our case, a smart meter is a sensor that measures energy consumption, thus it can be well handled
by GSN. What we want to emphasize here is the versatility of GSN. More specifically, GSN is able to
retrieve data, not only from the sensor deployment, but also from the utility company database (even
from frequently updated csv files). Developed on top of GSN, SmartD benefits from this versatility as
well. Whether the current deployments use GSN or not, SmartD is still relevant:

o if the deployment uses GSN, then there is no problem,

e if the deployment does not use GSN, then SmartD is still able to retrieve the data from the database
server, either directly or indirectly (for example, using csv files).



1.4 Comment: While you have motivated the paper describing high volume and velocity nature of the data,
it is not clear how you solved these issues in your implementation. This may be worthy of explaining if
the paper gets accepted.

Response: We agree that SmartD needs to (i) retrieve and process smart meter data with big volume
and velocity, and (ii) visualize and extract valuable information from that data. While the first capability
is provided by GSN, we explain the second in Section 2.1 and 2.2 in the main paper.

1.5 Comment: It may be further useful to give some numbers about dataset being used to evaluate the
dashboard and provide some microbenchmarks for the same.

Response: The Irish CER dataset contains half-hourly measurements of around 5,000 customers over 1.5
years. The customers consist of residential houses and small and medium-sized enterprises. The measure-
ments started in July 2009 and ended in December 2010. Since the trial was about dynamic pricing, we
used only the data from the control group, composed of customers who are not affected by the different
pricing schemes. More specifically, we chose residential customers that belong to the control group and
have no missing values. This results in the selection of 782 customers. Because of the space limitation,
we added only a brief information about the dataset in the main paper. Additionally, we are not allowed
to provide the dataset in the github repository, since an agreement with CER has to be signed in order to
obtain this data. See http://www.ucd.ie/issda/data/commissionforenergyregulationcer/ for
more information.

1.6 Comment: It is also mentioned that SmartD is easy to extend. However, no such information about
APIls is provided even on the github link provided in the paper that may substantiate this comment.

Response: We have now added information about this to the github page. Since e-Energy submission
deadline, we have also added new functionalities to SmartD, such as load forecasting (in case the user
query for future data) and another language support! — where both demonstrates the extendability of
SmartD.

Response to Reviewer 2

2.1 Comment: The tool seems to be built exactly for the purpose of understanding the specific CER data
set.

Response: SmartD can be used with any time series of smart meter data and consumer demographic
profiles in the form of <attribute,value> tuples. We have now added this information as well to the main
paper. The use of CER dataset in the main paper (including Figure 2 and 3) is only for demonstration
purpose.

2.2 Comment: It is unclear how SmartD relates to other existing solutions for time series visualization.
Response: See Response 1.1.
2.3 Comment: The authors name smart meter analysis challenging due to “size” and “velocity” of the data,

it is not clear from the paper how the tool addresses these challenges as the data set used for evaluation
is relatively small and static (i.e., no stream data).

Response: See Response 1.4.
2.4 Comment: The technical details in section 2.2 are difficult to understand as they are too condensed and
hardly motivated.

Response: We have revised Section 2.2 in the main paper. In addition, we added a more detailed
explanation about this in the supplementary material that can be found in the github page. We hope
that these revision made the paper clearer.

2.5 Comment: The authors present SmartD as a “first step for an open, advanced, and useful smart meter
data analytics dashboard.” However they do not say what functionality they would include into such a
dashboard.

Response: We have added the future work to the main paper.

1See SmartD’s supplementary material in the github page for more details.



2.6

2.7

Comment: The analysis presented in the paper should be given in more detail: Why is a classification
approach needed? The paper says “This functionality is based on k-NN classification and correlation-
based feature selection [4], where the features are the demographic characteristics and the target classes
are the hourly consumption values of consumers for the given context.” | do not understand how (and
why) electricity consumption - a continuous property - can be a target class for a k-NN classification.
This needs more explanation in the paper. Why not select a subset of properties (that are apparently
selected by their influence on the electricity consumption) and create the mean value of the consumption
of all households that have the same value for the selected properties?

Response: The last sentence of this comment illustrates what actually SmartD does to estimate consumer
typical load profile given certain demographic information. We have revised Section 2.2 in the main
paper to make it more clear. In addition, we provided more detailed explanation about this aspect in the
supplementary material that can be found in the github page.

won wn

Comment: Two typos: though — through; “.." —
Response: We have fixed the typos.

Response to Reviewer 3

31

3.2

Comment: The paper describes a visualization and analysis tool for smart meter data. The interesting
aspect of the tool is that it can provide contextual load estimations depending on demographic information.
However, there is no discussion on related visualization tools

Response: See Response 1.1.
Comment: The last paragraph in Sec 2.2 is very vague. While | understand that a reasonable description
of the classification mechanism cannot be given in 7-8 lines, the authors may consider to renounce giving

an incomplete and confusing description and rather insist on other novel features of SmartD, especially
concerning the future ones.

Response:

e See Response 2.4 for more details about the classification (learning) mechanism.
e SmartD's novel features have been given an additional emphasize in the Section 1 in the main paper.

e We have now mentioned several possible interesting extensions for SmartD in the Section 3 in the
main paper.



