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Abstract: This paper deals with the short-term forecasting of electrical energy demands at the local level, incorporating Advanced
Metering Infrastructure (AMI), or “smart meter" data. It provides a study of the effects of aggregation on electrical energy demand
modelling and multi-nodal demand forecasting. This paper then presents a detailed assessment of the variables which affect
electrical energy demand, and how these effects vary at different levels of demand aggregation. Finally, the paper outlines an
approach for incorporating AMI data in short-term forecasting at the local level, in order to improve forecasting accuracy for
applications in distributed energy systems, microgrids and transactive energy. The analysis presented in the paper is carried out
using large AMI data sets comprised of recorded demand and local weather data from test sites in two European countries.

1 Introduction

Short-Term Energy Forecasting (STEF) can be de�ned as the prob-
lem of forecasting energy demands over time periods from several
hours to one week ahead. STEF is critical for the ef�cient oper-
ation of power and energy systems, particularly in the areasof
energy balancing, energy market trading and management of system
reserves [1, 2].

Recent developments in distributed energy systems, microgrids
and transactive energy have led to new applications for STEFat a
local, disaggregated level. A number of research works haveinvesti-
gated the forecasting of demand at each substation in the electricity
network, or even at the individual feeder or end-user level [3–10].

The availability of Advanced Metering Infrastructure (AMI), or
“smart meter" data provides much more detailed informationon
electricity end-use than was available in the past, greatlyincreasing
the potential for accurate STEF at the local level. This paper deals
with the application of AMI data in multi-nodal, localised demand
forecasting. STEF is particularly challenging at the locallevel, since
disaggregated demands are more volatile and noisy [10].

This paper presents several contributions in this area. First, this
paper includes a study of the effects of aggregation on electrical
energy demand modelling and multi-nodal demand forecasting. Sec-
ond, it presents a detailed assessment of the variables which affect
electrical energy demand, and how these effects vary at different
levels of demand aggregation. Finally, it outlines an approach for
incorporating AMI (or “smart meter") data in STEF at the local
level, in order to provide more accurate STEF for applications in
distributed energy systems, microgrids and transactive energy. The
analysis presented in the paper is carried out using large AMI data
sets comprised of recorded demand and local weather data from test
sites in two European countries.

The paper is structured as follows: Section 2 discusses previous
work and the current state of the art in this area. Section 3 provides
a detailed assessment of the correlations between electrical energy
demand and the variables which in�uence it, at each level of aggre-
gation in the electricity network. Section 4 outlines the forecasting
methods used, and Section 5 provides the results. Section 6 discusses
the results and their implications and concludes the paper.

2 Literature Review

STEF approaches and techniques are very well-established,particu-
larly for system-level applications in electricity marketand transmis-
sion system operation. These forecasts typically focus on large-scale
aggregated loads, such as electricity demands for entire countries or
regions, or large network areas under Transmission System Opera-
tor (TSO) control. A range of different STEF approaches havebeen
proposed in the literature, ranging from well-establishedregression
methods [1], to approaches based on neural networks [11–13], to
hybrid, or ensemble forecasting methods [14–16]. A summaryof the
current state of the art in STEF research can be found in [2, 17].

Recent work has examined the possibilities for improving system-
level STEF by properly considering the demand and weather diver-
sity across a large geographical area [18]. In [19], it was shown
that local weather information can be exploited to improve system-
level forecasts (i.e. using weather information from multiple weather
stations improves results compared to a single average value.). A
detailed study on combining point load forecasts is provided in [20].
Local demand correlations can potentially be exploited to improve
the system level forecast, such as in [21], where this is achieved
by clustering of residential users' smart meter data. Previous stud-
ies have also investigated pattern identi�cation and clustering of
smart meter data in order to classify user types and user behaviour
(e.g. [22]), which can be useful for applications such as thedesign
of demand response schemes.

At the electrcity distribution level, previous work has been car-
ried out in the estimation of demands at the nodal or secondary
substation level. Earlier work in this area investigated “load alloca-
tion", or the estimation of nodal demands through using the limited,
low-resolution data available at the time, e.g. a combination of lim-
ited customer measurements, transformer peak load analysis and
monthly billing data [23, 24]. The load allocation could also be car-
ried out by applying user demand pro�le models, as in [25]. An
Arti�cial Neural Network (ANN)-based model for distribution-level
nodal demand forecasting was described in [26]. A method fortime
series STEF at distribution substations was discussed in [27] using
information from individual large customers (which had detailed
consumption measurement data) and customer load curves (for
customers without detailed consumption measurements).

Distribution-level STEF has been carried out using more detailed
disaggregated load data from SCADA or from smart metering sys-
tems in [3–10, 28–31]. In [29], the authors demonstrated an approach
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for multinodal forecasting in New Zealand distribution system using
General Regression Neural Networks (GRNNs). In [30], the authors
examine the impacts of user grouping on forecasting accuracy in
the context of local electricity trading. A semi-parametric additive
model for bus-level forecasting at around 2000 distribution sub-
stations automatically with highly-accurate results is demonstrated
in [31]. In [32], each node in the distribution system is classi�ed as a
regular node or anirregular node. Nodes classi�ed as irregular are
forecasted by an individual forecasting model at each node.

Recently, applications in active distribution networks and micro-
grids have motivated research in STEF at the local level. These
applications include: prediction of user load pro�les for demand side
management, e.g. [4, 5, 33]; energy storage optimisation (selection
of optimal charge/discharge times and rates) [6]; electricvehi-
cle integration [8]; and microgrid and virtual power plant appli-
cations [7, 34–36]. In addition, STEF at the local level can be
used to provide load estimates for use in distribution system state
estimation [9, 37].

In distribution-level STEF, a “top-down" approach has been
widely used to forecast demand at multiple nodes. In the top-down
approach, a forecast is made at the “parent" node (e.g. a primary
distribution substation), and this is later allocated to the “child"
nodes (e.g. the secondary substations connected downstream), using
Load Distribution Factors (LDFs). The LDFs are calculated based
on historical measurements or estimates of consumption at the child
node. Alternatively, a “bottom-up" approach can be applied, where
a forecast is made at each individual child node. The child node
forecasts are then summed to provide the parent node forecast.
With the widespread introduction of smart metering, much more
detailed, localised information on electricity consumption is avail-
able, allowing for new possibilities for “bottom-up" forecasting
approaches.

In the sections that follow in this paper, the “top-down" and
“bottom-up" forecasting approaches are compared using twolarge
smart meter data sets. The results in Section 5 indicate thata
“bottom-up" approach incorporating smart meter data can give more
accurate results than traditional “top-down" LDF-based forecasting,
since LDF methods are based on the assumption that the demand
pattern of each “child" node follows the demand pattern of its “par-
ent" node. This assumption is often not valid at the distribution level,
particularly if “smart grid" technologies such as electricvehicles,
embedded generation, and energy storage are present in the demand.
The following sections of the paper analyse the correlations between
disaggregated demand and the variables which affect it, anddiscuss
the effect of aggregation level on multi-nodal load forecasting.

3 Aggregation Effects on Energy Forecasting

The proliferation of AMI, or smart metering infrastructure, has led
to the availability much more detailed, granular energy demand data
for utilities, including energy demands at the individual user level.
Energy demands at the lower levels of aggregation (e.g. individual
user energy demand) are generally much more volatile than aggre-
gated demands, where the averaging effect over a large number
of users makes the demand time series less volatile and easier to
forecast in the short-term.
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Fig. 1 : Time series of aggregated energy demand for 1000 users.
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Fig. 2 : Time series of energy demand for one individual user.

The concept of increasing demand volatility at lower aggregation
levels is illustrated in Figs. 1 and 2. Figure 1 shows the aggregated
energy demand for 1000 users over a period of around two weeks,
indicating a clear day/night pattern and morning evening peaks in the
time series. Figure 2 shows the energy demand for one randomly-
selected individual user over the same two-week period. Here the
time series is much more volatile with no clear daily pattern, and
therefore it can be expected that it will be more dif�cult to predict
this time series accurately.

Fig. 3 shows a sample of the day-ahead forecasting results from
a linear autoregressive prediction model at various levelsof demand
aggregation, taken from previous work by the authors in [28]. It is
clear that STEF accuracy decreases at low levels of aggregation. This
is expected due to the higher volatility and variability of disaggre-
gated loads. In the following sections of the paper, this “aggregation
effect" is examined in detail.

Fig. 3 : Sample of results for day-ahead forecasting of hourly
residential demand pro�les at various levels of load aggregation [28].

3.1 Description of Data Sets

In this paper, two large data sets comprised of smart meter record-
ings were used. The �rst data set is taken from the EU project
“SmartHG" [38]. Smart meter demand data was obtained from 1400
customers from a Danish distribution network operator for acon-
tinuous period of 24 months during 2012-2014, at a resolution of 1
hour. The corresponding local weather forecast data (including typi-
cal 24-hour ahead forecast errors) were obtained by requestfrom the
Danish Meteorological Institute [39].

The second data set is taken from the Irish Smart Metering Elec-
tricity Customer Behaviour Trials [40] which recorded half-hourly
smart meter demand from 6500 customers over a period of 18
months at various distribution network locations in Ireland. Corre-
sponding weather data was requested from the Irish Meteorological
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