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In the residential sector, with the introduction of electric vehicles and photovoltaics, developments
are taking place which have an impact on residential load curves. In order to assess the integration
of these new types of technologies on both the generation and load side, as well as to develop mitiga-
tion strategies like demand side management, detailed information is required about the load curve of
a household. To gain knowledge about this load curve a residential load model is developed based on
publicly available data. The model utilises a Markov Chain Monte Carlo method to model the occupancy
in a household based on time use surveys, which together with weather variables, neighbourhood char-
acteristics and behavioural data are used to model the switching pattern of appliances. The modelling
approach described in this paper is applied for the situation in the Netherlands. The resulting load curve
probability distributions are validated with smart meter measurements for 100 Dutch households for a
week. The validation shows that the model presented in this paper can be employed for further studies
on demand side management approaches and integration issues of new appliances in distribution grids.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

The energy transition is changing the loading of the distribu-
tion grid especially in residential areas. With distributed generation
consumers are becoming producers and the electrification of heat
and transportation shifts the energy demand from fossil fuels to
electricity. The current practices of grid development employed
by network operators needs to be adjusted to ensure efficient
integration of new loads and generation technologies and to reap
the benefits of demand side management. However the current
modelling of residential loads is not accurate enough to assess
these problems and opportunities [ 1], as the energy transition and
demand side management alter the diversity and stochastic char-
acteristics of the household load curve. With the installation of
smart meters more opportunities arise to validate a residential load
modelling approach, while the need for modelling remains present
from the perspective of forecasting, long-term planning and due to
privacy concerns about smart meter data.

In the literature models have been presented for the estima-
tion of the residential load curve. These models can be divided
into roughly two basic categories: Top-down models; which focus
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on the loading of MV/LV transformers and generate load curves
based on this aggregation level [2] and bottom-up methods which
employ statistical energy usage data or time use data to construct
load profiles. There are many different approaches when it comes
to building the bottom-up models. These bottom-up models can
be combined with the top-down models through smart meter data
[3,4]. Machine learning approaches are applied to model house-
hold load curves based on smart meter data measurements [5,6].
The residential load curve can also only be modelled at the peak
times [7,8]. The modelling of household load over multiple decades
requires an adjusted modelling approach, for instance based on
how typiclose all cal households, behaviour and appliances change
over scenarios [9]. More in-depth reviews of these different house-
hold load curve models have been performed [10,11].

The integration of distributed generation creates a voltage rise
which is the main problem in distribution grids [12]. To assess the
level of the voltage a more in depth assessment than just the peak
load is required. The bottom-up time series approach is the most
adequate for the modelling of residential load curves in order to
assess the integration of distributed generation. To be able to assess
the impacts of DSM, information on the appliance level needs to be
known. The changes in the loading because of the shift in appliance
usage depend on the actual appliances which is shifted. Demand
side management approaches are generally based on information
on the appliance level (e.g. [13,14]). A bottom-up household load
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Nomenclature

A set of appliances used in model

Ay set of appliances present in household

A appliance

fea fraction of time appliance A is on

fa fraction of households with appliance A

hr hour

1(t) irradiance

La average lifetime of appliance A

Ia remaining lifetime of appliance A

(0] occupancy

Py(t) household power use

Pa(t) power used by appliance A

Pra(ta) power of appliance A while running during time ¢,

Psa stand-by power of appliance A

Th household size adjustment factor

Tw household wealth adjustment factor

t time

to initial time shift

ta time after which the appliance A became active

Tw wind speed adjusted temperature

tam minimum run time of appliance A

tar average run time of appliance A

Thyc heating/cooling temperature

n[u, o] random variable from normal distribution M u, o)

u[a,b] random variable from uniform distribution over
interval [a, b]

x[A] random variable from exponential distribution

exp(2)

modelling approach is therefore a logical choice for the assessment
of demand side management (since the bottom-up approach allows
for the shifting of individual appliances). Different value propo-
sitions exist for demand side management of residential loads,
based on the self-consumption, electricity price or network load-
ing. Therefore the residential load curve should be adaptable for
many different scenarios, for the model to be usable when assessing
future possibilities for demand side management. The bottom-
up time series approach may be found in a number of references
[15-20], however these approaches either focus on a limited aspect
of the residential load, use private data or do not allow for the
inclusion of scenarios.

The approach shown in [16] is based on a large database of
measurements of appliances in a household and as this infor-
mation is usually not publicly available, this approach cannot be
taken. The approach described in [17] focuses on the heating load,
which is appropriate for areas with electric heating, however as the
Netherlands has a fairly small percentage of electric heating loads,
these kind of approaches lack the required level of detail for the
non-heating loads. The approach described in [19], is not designed
for load modelling over multiple decades and is therefore hard to
use in grid development. With the approach used in [18] assump-
tions have to be made on the switching behaviour of loads. This is
not necessary in the approach described in this paper since statis-
tical data from time use surveys are available in many countries
[21].

The paper is organised as follows: Section 2 describes the mod-
elling approach, followed by the modelling of the occupancy of a
household and the modelling of the appliances in the household.
In Section 3 the results of the model for a typical neighbourhood
in the Netherlands are presented and the model is validated using
smart meter measurements. Conclusions are given in Section 4.
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Fig. 1. General schematic of a Markov Chain model with three states.

2. Modelling approach

The proposed modelling approach is based on the occupancy of
the household, and to a lesser extent the behaviour of the members
of the household. This approach is taken as occupancy is a driving
factor for energy usage [22] and the changes in occupancy play an
important role in the changes in energy consumption. The occu-
pancy is modelled based on a Markov Chain Monte Carlo method
(an explanation on Markov Chain Monte Carlo modelling is given
in [23]). In Fig. 1 a schematic of a generic Markov Chain model is
given with probabilities P of changing from one state to the other.
At each time instance depending on the current state and the asso-
ciated probabilities the model switches to another state or remains
in the current state.

Next to the occupancy of a household the set of electrical appli-
ances in a household and their energy use need to be modelled. This
is done by creating a model for the distribution of appliances over
the household based on statistical data on appliance ownership and
the level of wealth in the neighbourhood and size of the dwelling.
These were identified as key drivers for the degree of appliance
ownership within a household [24,25].

After the occupancy of a household has been established and
appliances assigned to the household the simulation of the elec-
tricity usage patterns for the appliances can be performed. This is
done by simulating the switching on/off of each appliance individ-
ually using another Markov Chain based on the time of day and the
weather conditions.

A flow chart of the model is presented in Fig. 2 to illustrate the
computation of the load curves. The flow chart starts on the left with
the inputs of the model, where the ellipses are national/state-wide
inputs and the rounded rectangles are local inputs. In the following
subsections the steps are explained in more detail.

2.1. Occupancy modelling

To get a better understanding of the occupancy, the occupancy
profile as reported in a time use survey (2042 respondents, repor-
ting their behaviour at a 15 min time interval, available from the
Dutch national statistics agency: Statistics Netherlands) has been
plotted in Fig. 3 for two consecutive days for three individual per-
sons of different households. From this figure the large differences
between the behaviour of the three persons becomes apparent.
These differences will translate into differences in energy use,
therefore it isimportant that the variation present in the occupancy
is also incorporated into the model.

The first step in creating the occupancy model is determining
the characteristics of a reported occupancy time series. As resi-
dents can be either active (at home and not sleeping) or inactive
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