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Abstract— As household demand for energy increases
there is a need to predict the amount of energy that is
needed for consumers. In this paper, we used a large
dataset of individual household load values gathered
every hour to find patterns of consumption. We used
Machine Learning algorithms for clustering and anomaly
detection. Clustering algorithms are used to find normal
energy usage patterns. Anomaly detection is used to find
load irregularities. Through the use of these algorithms,
we predict the average consumption of electricity per
group of customers and detect anomalous usage.
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I. INTRODUCTION
To provide energy effectively and efficiently, power
companies must predict energy usage the goal of time series
analytics is to identify patterns that describe the behavior of
what is being analyzed, in this case, energy demand [1].
Anomaly detection finds patterns that differ from the
expected [2]. Smart meters collect large amounts of utility
data from their customers [3]. Energy consumption is not the
same per person, nor per season [3].
K-means clustering is used to identify patterns of energy
consumption by grouping consumers with similar energy
usage together. The number of clusters is needed in order to
lower cost and still represent the grouping of energy users [4].
There has been a trend towards smart renewable energy and
energy conservation in recent years [5]. Smart meters are used
to gather large amounts of data Some challenges in data
collection involve errors in trying to collect the data and
analyze the data accurately. For example, a misalignment
with the sensors, like time delay, could lead to inaccurate data
regarding the amount used and required [5]. This could be
solved by analyzing larger amounts of data and grouping
similar energy users together.
Anomaly detection helps determine inaccuracies in energy
usage data. It could also aid in forecasting energy
requirements for irregular events such as holidays. There are
multiple algorithms that could aid in the detection of those
anomalies. An Auto-Regressive Integrated Moving Average
(ARIMA) model uses earlier data points and a random
variable to forecast possible energy usage patterns [6].
To accurately determine the amount of energy usage, large
amounts of energy usage data is necessary. By taking the
average energy consumption of different groups of houses, we

Figure 1: K-means of London data house energy usage [7]. This
graph shows that 6 clusters is the best number of clusters because
the cost is low, but still represents the grouping of the data well.

show that energy forecasting and anomaly detection are
improved.
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