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Deregulation of energy markets has changed the way of
delivering power to electricity customers while introducing
serious competition [1]. Meanwhile, electricity demand has
been increasing steadily, and the limited earth resources
require more sustainability, which is critical to keep up the
world at the current pace [2, 3]. In this context, not only is
energy efficiency crucial to contribute to sustainability, but
also adequate methods of energy production and consump-
tion are highly relevant (e.g., energy resource management)
[4]. Optimization and simulation approaches are a key part of
the planning, operation, and control of energy systems [5]. In
addition to the ever-increasing penetration of renewables, the
expected massive penetration of electric vehicles is challeng-
ing the power system and transportation industry as never
before. Dealing with these new challenges while being able to
create innovative and prosperous business ideas is essential
for survival in the advent of smartening power systems. The
complexity of optimization and simulation problems in this
domain is increasing. Optimization is usually highly con-
strained and faces issues related to high-dimensionality, lack
of information, and noisy and corrupted data as well as real-
time requirements, while simulation requires multidomain
knowledge (communications, market mechanisms, etc.) to
capture the essence of the new paradigm of power systems.

This special issue (SI) entitled “Complex Optimization
and Simulation in Power Systems” (COSPS) attracted several
contributions in related topics with novel ideas to tackle
complex problems in optimization and simulation in power
systems. More precisely, COSPS SI attracted 33 submissions
from researchers all over the world. From those submissions,

14 papers have been accepted, including a survey paper from
the guest editors.

We accepted 13 out of the 33 received papers. Besides, our
accepted survey paper reviews last decadework on the special
issue topics entitled “Survey on Complex Optimization and
Simulation for the New Paradigm of Power Systems”. This
survey paper was handled by external editors and reviewers.
Presented papers in this special issue deal with complexity at
different levels of the power system field. This special issue
covers papers that deal with energy management algorithms
at the bottom levels of the power system grid. Those papers
explore the flexibility properties of demand, which has been
considered crucial for the stability and sustained growth
of future power systems (renewables and EVs integration
[6]). In addition, this special issue provides an interesting
discussion on the research of the most challenging problems
in power systems, namely, economic dispatch and planning
with advanced optimization algorithms such as Quantum
Particle Swarm Optimization.

The paper “A Cosimulation Architecture for Power
System, Communication, and Market in the Smart Grid”
presents a cosimulation architecture for the complex repre-
sentation of the new paradigm of power systems, namely,
the smart grid. The multidomain simulation environment of
power system, communication, and market mechanism is
considered. Different requirements and use cases are iden-
tified and a comprehensive data model is proposed. A case
study of virtual power plant is presented in the cosimulation
framework and a communication network.
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The paper “Dealing with Demand in Electric Grids with
an Adaptive Consumption Management Platform” explores
flexibility in both homes and workplaces. A multiagent
system with advanced reasoning and learning capabilities
is proposed to tackle the problem and adjust consumption
to the current demand situation automatically. The system
seems to provide promising results.

The paper “An Evaluation of a Metaheuristic Artificial
Immune System for Household Energy Optimization” pro-
poses the use of artificial immune systems, which use special
bioinspired algorithms, in the home energy management
system. The work aims to present the application of an
artificial immune system in the context of different energy
optimization problems. Likewise, a case study is performed
in which an artificial immune system is incorporated to solve
an energy management problem in a domestic environment.
A thorough analysis of the different strategies is carried out to
demonstrate the ability of an artificial immune system to find
a successful optimumwhich satisfies the problem constraints.

The paper “An Ising Spin-Based Model to Explore
Efficient Flexibility in Distributed Power Systems” analyzes
consumers’ demand flexibility at distribution system level
using an Ising spin-based model. A local exchange scheme is
considered to enable energy trade. A modified Metropolis-
Hasting algorithm is proposed to analyze the system on
large scale, considering total aggregation. Results suggest
that profit increases with the number of aggregators in a
maximum flexibility scenario.

The paper “Optimal Scheduling of a Microgrid Includ-
ing Pump Scheduling and Network Constraints” proposes
an energy management system for industrial microgrids.
The considered energy resources include diesel generators,
battery energy storage systems, renewable energy sources,
flexible loads, and interruptible loads. The network con-
straints are evaluatedwith an optimal power flow in a second-
stage optimization. The results indicate that electricity costs
are reduced thanks to adequate pump scheduling and load
management strategies.

The paper “Analysis of Constraint-Handling in Meta-
heuristic Approaches for the Generation and Transmis-
sion Expansion Planning Problem with Renewable Energy”
presents a multiperiod generation and transmission expan-
sion planning problem. Using a stochastic approach, the
authors can find expansion plans that satisfy the uncertainty
conditions regarding demand and renewable generation.

The paper “An Elitist Transposon Quantum-Based Parti-
cle Swarm Optimization Algorithm for Economic Dispatch
Problems” uses an advanced PSO to solve a highly non-
linear constrained economic dispatch problem. The authors
compared their double elitist breeding quantum-based par-
ticle swarm optimization (DEB-QPSO) against state-of-
the-art algorithms, showing its superiority in different
testbeds.

The paper “Minimizing Harmonic Distortion Impact at
Distribution System with Considering Large-Scale EV Load
Behaviour Using Modified Lightning Search Algorithm and
Pareto-Fuzzy Approach” proposes a multiobjective lightning
search algorithm for optimal placement sizing of variable
passive filters tomitigate harmonic distortion due to charging

stations of a large-scale EV fleet. The analysis carried out
is modelled in MATLAB/m-file platform, using High Per-
formance Computing (HPC) to make simulation efficient.
Authors concluded that their approach is suitable to mitigate
harmonic and minimize the impact of large-scale charging
station installations.

The paper “Techno-Economic Distribution Networks
Planning Using Smart Grid Techniques with Evolutionary
Self-Healing Network States” proposes a new model tool
for distribution network planning called scenario investment
planning. The tool uses advanced computational resources to
help network operators to visualize and design operational
planning investments in the short and long terms.

The paper “Simulation Study on Clustering Approaches
for Short-Term Electricity Forecasting” addresses the topics
of load profiling and forecasting. A comprehensive study of
clustering methods to identify residential electricity demand
profiles and forecast energy consumption is provided. The
paper explores the most relevant time series similarity mea-
sures, including measures based on the shape of time series,
measures based on editing the time series, and measures
based on the time series features. The paper also provides
a discussion on measures for determining the relevant
number of clusters, which comprehends fourteen alternative
indexes. A case study using data from forty-six households in
Austin, Texas, is performed, in which the similarity measures
from different time series are analyzed. The experiments
are conducted using nine different segmentation-enhanced
forecasting algorithms. The paper concludes that of all the
developed methods, neural network models, are the ones
that can achieve the best results for aggregating the entire
population for hourly data and that the forecasting error
decreases when the number of clusters increases. Finally,
the paper discusses the implications of the results from the
operator’s perspective.

The paper “A Novel Control Strategy on Multiple-Mode
Application of Electric Vehicle in Distributed Photovoltaic
Systems” addresses the integration of electric vehicles in
the system. The authors propose a novel control scheme
for electric vehicles with vehicle-to-grid capabilities. The
proposed control structure enables the customer to achieve
the lowest expense on electricity through the storage battery
system control and electric vehicle optimal scheduling. The
authors propose two day-ahead optimal control strategies
with different objective functions, namely, minimizing the
daily electricity expense of individual distributed PV system
and minimizing the daily total expense of distributed PV
systems to which vehicles can be connected to. The model
is assessed using an entire year of historical data from 300
households with PV users, provided by a utility in Australia.
The meteorological correlation parameters and electricity
prices are also based on real data fromAustralia. Results show
that the integration of electric vehicles with vehicle-to-grid
capabilities as distributed storage can significantly increase
the advantages for the system.

The paper “Investigation and Optimization of Grounding
Grid Based on Lightning Response by Using ATP-EMTP
and Genetic Algorithm” addresses an innovative method
to determine the optimal grounding grid. In the paper,
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the transient methodology is introduced to investigate the
lightning effect on grounding body at each point of grounding
grid in normal and optimized conditions. Genetic algorithm
is applied for regular and irregular grounding grid to obtain
best values of mesh size with the lower ground potential
rise (GPR) as compared with the normal condition for more
safety. Several voltages on different positions of grounding
grid are described in this paper using ATP-EMTP and genetic
algorithm. The computer simulation presented in the paper
allows concluding that the proposed scheme is highly feasible
and technically attractive.

The paper “Bidirectional Tracking Robust Controls for
a DC/DC Buck Converter-DC Motor System” proposes two
new designs of differential flatness-based bidirectional track-
ing robust controls for a DC/DC Buck converter-DC motor
system. The first design considers the complete dynamics
of the system; i.e., it considers the DC/DC Buck converter-
inverter-DC motor connection as a whole. The second sep-
arates the dynamics of the Buck converter from the one of
the inverter-DC motor, so that a hierarchical controller is
generated.The experimental implementation of both controls
was performed viaMATLAB-Simulink and aDS1104 board in
a built prototype of the DC/DC Buck converter-inverter-DC
motor connection. Controls show a good performance even
when system parameters are subjected to abrupt uncertain-
ties. The paper concludes that the robustness of such controls
is verified.

Having said this, we invite the reader to continue with
us in this special issue throughout one or more of the 14
articles we briefly described above. The research proposals
covered by this special issue indicate several directions which
future work may tackle in order to deal with increasing
levels of complexity in this field, namely, at optimization and
simulation. Many times both coexist together and cannot be
conceived, developed, and implemented separately.
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The transition to a secure low-carbon system is raising a set of uncertainties when planning the path to a reliable decarbonised
supply. The electricity sector is committing large investments in the transmission and distribution sector upon 2050 in order to
ensure grid resilience. The cost and limited flexibility of traditional approaches to 11 kV network reinforcement threaten to
constrain the uptake of low-carbon technologies. This paper investigates the suitability and cost-effectiveness of smart grid
techniques along with traditional reinforcements for the 11 kV electricity distribution network, in order to analyse expected
investments up to 2050 under different DECC demand scenarios. The evaluation of asset planning is based on an area of study
in Milton Keynes (East Midlands, United Kingdom), being composed of six 11 kV primaries. To undertake this, the analysis
used a revolutionary new model tool for electricity distribution network planning, called scenario investment model (SIM).
Comprehensive comparisons of short- and long-term evolutionary investment planning strategies are presented. The work helps
electricity network operators to visualise and design operational planning investments providing bottom-up decision support.

1. Introduction

Distribution networks are a key enabler for a low-carbon
future. In the UK, distribution network operators (DNOs)
are entering a period of significant changes due to UK energy
targets up to 2050 [1]. By 2020, it is expected that 15% of
its total demand will be from renewable energy sources
with a 20% reduction in greenhouse gas emissions and,
moreover, 80% reduction in greenhouse gas emissions by
2050. The challenges presented by the transition to a
low-carbon economy will directly impact the electricity
distribution network.

As for an increasing connection of distributed generators
and electrification of heat and transport, new approaches to
design, construct, and operate networks will be required
[2]. A more active management of local distribution

networks, interconnections, storage, or flexibility services
are some of the strategic propositions that will maximise
the full potential of the digital network revolution. In that
sense, the UK National Infrastructure Commission, the UK
regulator, OFGEM, and the Department of Business, Energy
and Industrial Strategy (BEIS) are contributing to the smart,
flexible energy system debate [3].

In 2010, OFGEM introduced RIIO, namely, setting
revenue using incentives to deliver innovation and outputs
[4]. This new performance-based pricing framework sought
to make network operators more consumer-centric encour-
aging longer-term thinking, greater innovation, and more
efficient delivery.

The RIIO framework has been applied to both gas
and electricity transmission and distribution networks. The
current price control (called “RIIO-1”) is the first generation
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(2015–2023) of controls under this new framework. As we
look forward towards the discussion of defining the price
control for RIIO-2 (2023–2031), we have to take account of
the dramatic changes and the increased complexity that are
underway in the energy sector, as well as the experience
and lessons learned, from RIIO-ED1 by DNOs.

In response to these challenges, DNOs are evaluating
the performance of novel intervention techniques along
with traditional reinforcements for future network planning
[5–7]. Furthermore, the deployment of these novel tech-
niques is expected to improve the quality of service [8].
The rising number of stakeholders in the electricity value
chain increases the complexity for asset planning. Besides
the number of decision makers, the energy sector is facing
a data revolution, and therefore, utilities of the future must
include in their planning capabilities the implementation of
information and communication technologies (ICTs).

Most network modelling tools, such as IPSA Power,
ETAP, or DINIS [9–11], perform power flow analysis and
look after overloads and stress points of the network. Their
approach can be considered static, in the sense that they
evaluate an instantaneous view of the network at a certain
given time. However, dynamic modelling like the ones imple-
mented within the SIM [12] extends those static approaches
making a series of evaluation runs, adjusting future network
states (configuration of the network) to previous fixed states
where the grid needed an intervention across its topology.

The novel techniques under study in this research
are classified as engineering techniques: automatic load
transfer (ALT), dynamic asset rating (DAR) for cables and
transformers, meshed networks, and energy storage, and
commercial techniques: distributed generation (DG) and
demand side management (DSM). Traditional reinforce-
ments (TRAD) are modelled as follows: transformer replace-
ment or addition; cable or overhead line (OHL) replacement;
transfer load to adjacent feeder; and installation of new feeder
[13]. In addition, the assets considered to be fixed during
this assessment are the cables and transformers of the
local 11 kV network.

This study is populated with the data from the FALCON
(Flexible Approaches to Low Carbon Optimised Networks)
project trials, using a section of Western Power Distribution
(WPD) in Milton Keynes area, composed of six 11 kV pri-
maries. In contrast with the parametric top-down represen-
tation embedded in the transform model [14], the SIM
aims at creating long-term strategic investment plans. This
study will deliver insights and scalability of these novel
interventions for asset planning of the UK distribution
power networks.

There are a number of previous notable projects that
address the uncertainty around the integration of low carbon
and low-carbon technologies into the distribution grid
[15–18]. The smart distribution network operation for max-
imising the integration of renewable generation project [19]
performs the optimisation of network operation modes and
reinforcement planning in the presence of renewable genera-
tion. The OFGEM smart grid forum work stream 3, which
later became the EA technology transform model [14], is
a parametric representation of the electricity distribution

network that aimed at creating long-term strategic invest-
ment plans [20]. It is important to note that there are certain
limitations in transform that are characteristic to all paramet-
ric models. The operating characteristics of devices and their
relationship to other technologies require extensive calibra-
tion to produce a qualified answer. To some extent, the
limitations of transform were addressed by smart grid forum
work stream 7 [21], which took four of transform’s paramet-
ric representations of typical distribution networks and
converted them into nodal network models. Other examples
include the energy system catapult energy path model, which
targets local energy systems [22], and the Comillas University
reference network model (RNM) [23], which is a large-
scale distribution network planning tools that can create
optimal networks.

Despite the differences in their respective approaches, the
aforementioned models and software tools share some com-
mon limitations [24]. They have limited ability to capture
emerging behaviour arising from the simultaneous applica-
tion of multiple low-carbon and smart technologies to the
electricity distribution network. Likewise, it is complex to
add new technologies into the mix, due to either the lack of
automatic application of smart techniques or, as in the case
with transform, the parametric approach which needs infor-
mation about the way different technologies compete with
each other, which is difficult to obtain. And finally, no deci-
sion support for a particular piece of distribution network
can be provided because of either lack of automation or the
parametric nature of the model. The following sections
introduce and describe the smart techniques and the novel
technoeconomic approach for performing dynamic network
modelling in distribution networks and analysis in the
presence of multiple smart grid techniques. It uses nodal
network modelling to capture the emerging behaviour and
create localised network development plans.

2. Overview of Techniques

2.1. Technique 1: Dynamic Asset Rating. The heating effect of
current passing through a metal restricts the capacity of all
transformers, overhead conductors, and cables on a distribu-
tion network represented in Figure 1. This restriction is based
on the maximum temperature on a critical component
within the asset. Therefore, each asset will have a finite
current-carrying capacity rating based on assumed values of
external conditions which affect thermal buildup, i.e., wind
speed, ambient temperature, soil, and humidity. As the assets
in general do not have temperature monitoring, the assumed
values of the external conditions used in these calculations
have as a basis a statistically low level of the risk of the asset
exceeding its critical temperature. By more accurately mon-
itoring metrological conditions and modelling asset ratings
in real time, the capacity of the asset can be increased while
keeping the risk of exceeding the critical temperature to a
minimum. Further models and algorithms will be developed
as part of this second implementation to cater for the
increased information available.

In addition, many assets have a thermal capacity, such
that it takes time for the asset to raise its temperature
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(i.e., an increase in the current passing through the asset will
not cause a step change in the temperature of the asset). Such
assets typically have short-term current ratings which are sig-
nificantly greater than their continuous current rating. These
short-term ratings are based on specific current-carrying
curves. By being able to forecast the actual current-carrying
curves, the asset ratings can be further refined such that an
even greater short-term current can be supported. Trans-
formers and underground cables have significant thermal
capacity that can utilise this method whereas overhead line
circuits do not have significant thermal capacity.

2.2. Technique 2: Automated Load Transfer. Consumers of
electricity on the network use energy at different rates at

different times of the day, and by actively managing the
network connectivity, the loads across connected feeders
can be evenly balanced. Rather than the position of normal
switching open points being determined for average network
conditions, the positions can be changed automatically by
the network management system to a more optimum loca-
tion based on a number of factors such as security, voltage
drop, capacity utilisation, and load forecasts as displayed
in Figure 2.

2.3. Technique 3: Meshed Networks. This technique repre-
sents the process by which circuit breakers on the network
are switched in order to feed loads from multiple locations.
This approach fundamentally allows the load on each feeder
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in a meshed circuit to deviate according to the routine varia-
tions in the connected load, without the need for pre-existing
analysis and changes to switch states.

However, simply closing normal open points (NOPs)
exposes more connected customers to supply interrup-
tion following a network fault. Therefore, any planned
closure of open points for long-term operation is routinely
accompanied by the installation of along-the-feeder fault
sensing and interruption equipment (protection relays
and circuit breakers). The installation of along-the-feeder
protection devices restores and potentially reduces the
probability of customer interruption under fault conditions
with mesh operations.

The aim of trialing this technique was to operate the
designated 11 kV networks with parallel feeding arrange-
ments, protective device-driven autosectioning zones, while
exploring: potential impacts, both benefits and trade-offs,
that could be derived from parallel feeder configurations;
and potential impact, both benefits and constraints of opera-
tion with autosectioning zones balanced against time/effort
and cost.

2.4. Technique 4: Storage. Energy demand in an 11 kV feeder
tends to occur in peaks and troughs throughout a 24-hour
cycle. The current supplying capacity of a feeder is limited
to the current-carrying capability of the smallest cable or

conductor in the circuit, and these usually decrease in
cross-sectional area size further away from the primary they
are located. This is acceptable when the load is spread evenly
across a circuit, but when the load occurs unevenly, then the
utilisation factor of the assets will also be uneven. By intro-
ducing energy storage devices on the network (Figure 3), they
can feed out onto the system at peak demands and recharge
during times of low demand, thus deferring the need to
replace existing assets.

2.5. Technique 5: Distributed Generation Control. A number
of industrial and commercial customers have their own
on-site generation, and this number is likely to increase with
the transition to a low-carbon economy. In some cases, this
may be uncontrollable renewable generation (wind or solar)
but the majority is in the form of either standby generators
or controllable plants such as biomass, refuse incinerators,
or combined heat and power (CHP) plants. If customers with
controllable distributed generation can be incentivised to
accept instruction from a DNO to increase or decrease
generation, this can be used to reduce or increase site
demand and/or provide or remove supply from the grid as
a means of rectifying network problems.

2.6. Technique 6: Demand Side Management. Similar to
distributed generation, DSM involves putting in place
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commercial agreements between the DNO and industrial
and commercial customers who have the ability to control
appreciable amounts of load in a relatively short period of
time. We expect demand side response to be in two forms
using the representation in Figure 4:

(i) To reduce the impact of predicted peak loads

(ii) To respond to an unplanned event, such as a fault

Demand side response actions can be used by the DNO
to enable a change in behaviour by a customer site in
response to an explicit signal triggering a preagreed action.
The action should be the interruption of a customer’s
internal electricity-consuming processes, either to avoid or,
more likely, to defer these to a later time. Its metrics:
capacity/delta reduction, duration/frequency, and OPEX,
are detailed in [13].

3. Methodology

To undertake the analysis of the aforementioned techniques,
a revolutionary new software tool for electricity distribution
network planning, called the scenario investment model
(SIM), is used. Results from evaluations using the SIM are
obtained through a series of experiments that modelled the
network evolution under different demand scenarios, pre-
sented in Table 1, at short- (2015–2023) and long-term
lookahead (2015–2050) to assist decision-makers in future
power network planning.

Currently, electricity distribution networks have been
planned with typically linear load growths of up to 1% per
annum. The expected increase in low-carbon technologies
will have a significant effect on the electricity demands on
the network which may have significant rapid sporadic
increases in the electricity demand on the 11 kV networks

[25]. In addition, the daily electricity load shapes may be also
altered significantly. The networks will need to be upgraded,
and systems are being able to evolve and cope with new
demand profiles.

There had been identified two main streams of work to
consider the use of the innovative techniques, namely, strate-
gic and tactical planning and Design, Build, and Operation.
The strategic and tactical planning stream will consider the
network planning roles while the design and operation
stream will consider design, build, and operation roles. In
Figure 5, the smart grid planning framework diagram pre-
sents the key elements of each stream which are displayed
with their main interactions.

In order to leverage the capability of existing network
analysis tools which are already extensively used by elec-
tricity network operators, the SIM is separated into two
main packages: a network modelling tool which primarily
performs the technical assessment of the application of
the techniques and the SIM harness which manages the
overall process and perform the economic assessment and
reporting functions.

Demand data modelling has been based on a bottom-up
approach. The methods used provide an estimate of demand
for each half-hour at each secondary substation for 18
different season-day types [12].
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Table 1: Demand scenarios.

Demand scenarios
Fuel

efficiency
Low-carbon

heat
Wall

insulation

DECC1 Medium High High

DECC2 High Medium High

DECC3 High High Low

DECC4 Low Low Medium
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The research objective is settled to prove the suitability of
the six novel smart interventions presented in Section 2
and, along with the traditional reinforcements, provide an
evolutionary planning insight for future power networks.
To undertake this study, specific experiments were selected
for a certain power trial network under different demand
scenarios and evaluation periods, assessing smart tech-
niques along with traditional reinforcements. The approach
involved running a set of experiments using the SIM for the
six 11 kV primaries in the FALCON trial area.

3.1. SIM Support Algorithms. The essence of the SIM
approach is its ability to take a network configuration and
corresponding load profiles in a particular year (termed as
initial network state), perform power flow and reliability
analysis, and create derivative network states in a process
known as “network state expansion.” The expansion happens
either by transitioning to the following year for network
states without any failures or by applying intervention

techniques to resolve network issues. With each new net-
work state created, the SIM, therefore, is faced with a
decision as to which network state from the execution
history to expand next. The expansion can be guided by
simple depth first or breadth first algorithms, which are
implemented in the SIM for verification purposes. The
depth-first algorithm always selects the newest, i.e., the
most recently created network state that is not fully
expanded for expansion, while the breadth-first algorithm
always selects the oldest network state. However, those
simple heuristics are inadequate for any practical use
beyond simple test cases due to the size of the search
space obtained by permuting all possible interventions
over a number of years. To perform intelligent exploration
of the search space, the SIM uses a heuristic approach that
is based on an A∗ algorithm [26, 27].

The baseline A∗ algorithm aims at finding the least-cost
path through the search space. As A∗ traverses the search
space, it builds a tree of partial paths. The leaf nodes of this
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tree (failed network states) are stored in a priority queue that
is ordered using a cost function:

f x = g x + h x , 1

where h x is a heuristic estimate of the path cost to
reach the goal and g x is the distance travelled from
the initial node.

The SIM selects network states from the priority queue to
apply intervention techniques, one application at a time.
Deployment of a technique produces a new network state,
for which a power flow analysis is performed in intact and
all n − 1 (contingency) network operation modes. If all
the failures are resolved, a reliability analysis comprising
customer minutes lost (CML), customer interruptions (CI),
losses, and fault level studies is performed. A new network
state is subsequently created in the next year of evaluation,
or if it is already the last year of evaluation, the costs
of interventions are calculated and the network state
together with all its expansion history is saved to the
result store as a new result. The evaluation is terminated

(Figure 6) when criteria such as the number of results,
number of network state evaluations, or run time are
reached. As noted, previously, A∗ uses a combination of
distance travelled so far and a heuristic estimate of the
distance to reach the endpoint.

In SIM case, this corresponds to g x being the total
expenditures (TOTEX) incurred so far and h x being a
heuristic estimate of TOTEX to reach the end year of
the experiment. TOTEX, also referred to as the total
expenditure, comprises implementation costs (CAPEX)
that occur only once when an intervention is applied to
the network, operation costs (OPEX) that refer to an
ongoing expense of operating an asset or a scheme along
with asset life degradation, and metric costs that include
incentive payments for losses, fault levels, and network
reliability. Referring to (2), the g x for a network state
xi in year i is defined as

g xi = ci + oi + 〠
j−1

j=1
cj + oj +mj , 2
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Figure 6: SIM evaluation flowchart.
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where ci is CAPEX in the current year; oi is OPEX in the
current year; and cj, oj, and mj are CAPEX, OPEX, and
metrics costs, respectively, of the ancestor network state
with no issues in year j. The heuristic estimate h x of
the cost to reach the end year is given by

h xi = cREMi +mi + 〠
n

k=i+1
ck + ok +mk , 3

where cREMi is the average remaining CAPEX in the cur-
rent year i; mi is the average metric cost in this year; ck,
ok, and mk are the average CAPEX, OPEX, and metric
costs, respectively, of the descendant network state in year
k with no issues; and n is the end year of evaluation. Pre-
seeded to a constant value, c0, the average CAPEX is
updated each time a network state is expanded in a partic-
ular year; thus, the estimated costs of fixing all issues in a
particular year progressively approach true average. Setting
c0 to a value greater than 0 speeds up the expansion pro-
cess; i.e., all interventions that cost less than c0 will result
in new network states that are at the top of the priority
queue. The business rationale is that DNOs are not that
interested in optimizing interventions costing less than a
certain threshold. The learned averages are propagated
back to network states in the priority queue, thus updating
their estimated effort and leading to the reordering of the
queue, unlike the average CAPEX, average OPEX, and
metrics costs which are assumed to be 0 for years with
no network states. The average OPEX value for a year is
obtained using

o = jToc jT j
−1, 4

where j is a column vector of ones and oc is an OPEX
vector of compliant network states in that year. Likewise,
the average metric cost is obtained according to

m = jTmc jT j
−1, 5

where j is a column vector of ones and mc is a vector of
the metric costs of compliant network states in that year.

3.2. Conceptualising Bottom-Up Evolutionary Planning.
Model-driven engineering (MDE) uses analysis, construction,
and development of frameworks to formulate metamodels.
Those models are usually characterised using domain-
specific modelling approaches [28], containing appropriate
detail abstraction of particular domain through a specific
metamodel. The use of metamodels requires therefore inputs
from domain experts which can be used to generate aggre-
gated or disaggregated models. Top-down and bottom-up
are the conceptual definition of aggregated and disaggregated
models [29]. These two modelling paradigms are frequently
used to epitomise domain interactions among the operation
of the energy system, the econometrics related, and the
technical performance indicators [30].

From a bottom-up modelling approach [31, 32], the
top-down perspective is a simplistic characterisation of
how electrical power networks combine locational events
and individual asset performance with high-level objectives
like improving the CML of a certain congested area [33, 34].
From an engineering point of view, both are still valid
since outputs and strategic forecast are produced in both.
How those outcomes are calculated, validated, and trans-
formed to strategy is presented in Figure 7 (top-down)
and Figure 8 (bottom-up).
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Figure 7: Top-down conceptualisation of evolutionary power networks planning.
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The ability of bottom-up to capture discrete locational
impacts of technologies on the system and their disaggre-
gated costs is triggering the following subsections. Trade-off
methodologies are needed for planning evolutionary power
systems where observing disaggregated result strategic fore-
casts are to be produced. These methodologies need to be
interactive in the sense that starting from an initial state
and after a testing or learning phase, the network is able to
accommodate techniques that have improved the system,
providing an exploratory set of solutions that can be
expanded or discarded as the model evolves through time.

3.3. Experiment Characterisation. To illustrate the processing
of the methodology adopted, we consider a typical network
scenario tree created by the tool that consists of failed (red)
and compliant (green) network states in different years of
evaluation. The SIM starts with a single network state in
the first year of evaluation. Every year, the network is
evaluated for compliance in intact and n − 1 contingency
operation modes. If failures are detected, the SIM applies
intervention techniques described in Section 2 to create net-
work patches that resolve the failures. Each application of an
intervention technique creates a new network state. The tool
has to resolve all issues in the network before transitioning
into the next year. DNO planners usually run power flow
studies with a single fixed load pattern. In contrast, the SIM
checks each network state for compliance under 18 charac-
teristic day load scenarios each comprising of 48 half-hour
settlement periods. All studies are performed under intact
and n − 1 contingency network operation modes. The SIM

calculates patch costs using cost drivers returned by the net-
work modelling tool. The cost driver describes a network
intervention and consists of two parts, namely, the patch
key and the scaling. The patch key identifies the nature of
the modification of the network performed (removal or addi-
tion of an asset and the type of the asset). Scaling data is rel-
evant only to patches that can be installed in multiples of one,
such as cable upgrades and additional transformer installa-
tion. Scaling data structure provides a list of multipliers to
the base cost data available in the SIM database. In case of
cable upgrade or replacement, it enables the SIM to correctly
estimate full installation costs from per unit of length values.
Finally, for postprocessing analysis, the SIM also returns a list
of failures by asset. It was identified by DNO planners as
indispensable features to help validate the system and corre-
late the expansion trees to the actual assets on the network
diagram. The failure detail table contains asset ID and
description alongside information about the number of fail-
ures in intact and n − 1 operating modes as well as absolute
and per unit thermal and voltage failure magnitude.

3.4. Case Characterisation. Two set of experiments were
performed for this study, one for comparing short-term
evaluation period for RIIO-ED1 (2015–2023) where the
RIIO-ED1 investment planning has been stylised and a
longer planning period for RIIO-ED1 to RIIO-ED4, from
2015 up to 2047. The other set aimed at evaluating differ-
ent DECC demand scenarios. Experiments evaluated two
demand scenarios: DECC2 and DECC4. DECC4 represents,
as displayed in Table 1, the slow-progression scenario, and
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DECC2 is with DECC3 the most challenging scenario in
terms of electrification and low-carbon technology integra-
tion. The procedure to run the experiments in the SIM is
shown in Figure 6. The inputs to be sent to the SIM are
detailed in Figure 5, the selected network, techniques, evalu-
ation period, demand scenario, and cost model, whereas the
outputs of the SIM we obtain are techniques used, failures
solved, assets fixed, and electrical performance indicators.
The SIM address mentioned outputs for long-term plan-
ning reinforcements, to optimise investment asset planning
resolving network constraints. The performance criteria eval-
uated were capital expenditures (CAPEX), operating expen-
ditures (OPEX), utilisation of assets, CMLs, CIs, and losses.
These parameter values are delivered by the SIM after each
simulation. In order to look for the optimal solution among
the feasible solution pathways, the SIM allows a granularity
study of each network state.

4. Results

This section presents the assessment of the six smart grid
interventions along with traditional reinforcements in the
trial area, compounded by six 11 kV primaries in Milton
Keynes, UK, for two different evaluation periods, DECC2
and DECC4. Subsection 4.1 introduces the results for the
2015–2023 period as short-term planning, and Subsection
4.2 presents the results for a long-term evaluation period,
2015–2047.

4.1. Short-Term Planning. This section presents the assess-
ment of the six smart grid interventions along with tradi-
tional reinforcements in the trial area, compounded by six
11 kV primaries in Milton Keynes, UK, for two different
demand scenarios, DECC2 and DECC4.

4.1.1. DECC4, 2015–2023. Figure 9 shows the trends of
CAPEX and OPEX. Note that in the year 2015, there is a
CAPEX’s peak due to the application of more techniques
and OPEX increments over time from 2017 to 2023.

Despite the investment, the increase is compensated by
a benefit in the electricity distribution network, with a
reduction in CML and CI as shown in Figure 10.

The summary of the proportion of installations required
during this evaluation period and by capital expenditures per
technique is presented in Table 2 for both DECC scenarios.

The average yearly price of each technique implemented
to fix a network state is key for future decision-making
considerations.

Figure 11 displays the average price of each technique
disaggregated by CAPEX and OPEX.

Performance indicators are key parameters for future
decision-making within electricity distribution planning as
quantifiers due to their influence on the quality of service.

Therefore, as shown in Figure 12, the only smart tech-
nique used in combination with traditional reinforcements
in this scenario and evaluation period that slightly influence
slightly CML and CI is meshed networks.

4.1.2. DECC2, 2015–2023. Figure 13 plots the trend of
CAPEX and OPEX over the evaluation period. It is important

to highlight that there is a CAPEX peak in 2015, due to an
increase of techniques applied in this period.

This CAPEX increment produces a benefit in terms of
CML and CI, as observed in Figure 14.

The distribution of techniques applied and capital expen-
ditures per technique are shown in Table 2. The average price
of each technique implementation in this demand scenario
for this evaluation period is shown in Figure 15.

As displayed in Figure 12 for DECC4’s simulation, the
only smart grid technique that improves the quality of service
is the meshed network. In Figure 16, the contribution of
smart techniques on CML and CI for DECC2 demand
evaluation is captured.

4.1.3. Comparison between DECC2 and DECC4 for 2015–
2023. The results presented may facilitate improvements
in electricity distribution network operations and planning
resulting in better-informed decision-making when upgrad-
ing current electricity distribution networks. The assess-
ment of the six smart grid techniques discovered that
only three of them were selected as part of optimal
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solutions for DECC4 and DECC2, as described in Table 2.
These three techniques applied are DAR for cables and
transformers and meshed networks.

Comparing the cost trends of the two assessed scenarios,
it is notable that in both demand scenarios, DECC4 and

DECC2, the CAPEX peak occurs in 2015 (Figures 9 and
13), reflecting the more difficult nature of network states
to be feasible in a demanding scenario, whereas DECC2
shows a higher improvement of CI and CML performance
indicators as can be seen in Figures 10 and 14.

Table 2: Number of interventions and CAPEX involved; DECC4 and DECC2, 2015–2023.

Technique
DECC4 DECC2

Proportion of interventions (%) CAPEX (%) Proportion of interventions (%) CAPEX (%)

DAR-cable 15% 2% 14% 2%

DAR-transformer 7% 1% 5% 1%

ALT 0% 0% 0% 0%

Mesh 3% 1% 4% 1%

Batteries 0% 0% 0% 0%

DSM 0% 0% 0% 0%

DG 0% 0% 0% 0%

TRAD-transformer 8% 3% 7% 2%

TRAD-cable 60% 89% 65% 91%

TRAD-transfer load 6% 2% 4% 1%

TRAD-new feeder 1% 2% 1% 2%
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Figure 11: Average cost disaggregation per technique; DECC4, 2015–2023.

Figure 12: Average CML and CI improvement per technique; DECC4, 2015–2023.
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The techniques applied are the key consideration to be
assessed. It is necessary to analyse the number of interven-
tions applied by type, the effect of these techniques in the
electric grid solving failures and fixing assets. Figures 11
and 15 show average prices of techniques used in each
demand scenario. Smart techniques have a lower TOTEX
than traditional reinforcements. These novel techniques
above are not frequently able to fix failures and therefore
produce feasible network states. In terms of CML and CI,
the only technique able to moderately contribute to their
improvement is meshed networks as shown in Figures 12
and 16. Results attribute the majority of fixes to traditional
reinforcements with a comparatively smaller number of
failures being solved by smart techniques (Table 2). The
results obtained in terms of traditional reinforcement share
for 2015–2023 show a 60% proportion of intervention for
DECC4 and a 65% proportion of intervention for DECC2,
which is close to the 59% forecasted by the transform model
for this evaluation period.

For DECC4, the three mentioned techniques along with
traditional cable and transformer replacement are applied
(Table 2), whereas for DECC2, two of them are applied,
DAR for cables and meshed networks (Table 2). Comparing
the cost trends of the two assessed scenarios, it is notable that
in DECC4, the CAPEX peak occurs in 2015 (Figure 7),
whereas in DECC2, besides the peak in 2015, there is also
one in 2019 (Figure 11), reflecting the more difficult nature
of network states to be feasible in a demanding scenario.
However, DECC2 shows a higher improvement of electrical
performance indicators as can be seen in Figure 12.

In addition, traditional cable replacement, DAR for
cables, and meshed networks are able to fix the cable, whereas
traditional transformer replacement and DAR for trans-
formers are able to fix transformer issues (Figure 16). The
results obtained in terms of traditional reinforcement share
for 2015–2023 show a 60% proportion of intervention for

DECC4 and a 65% proportion of intervention for DECC2,
which is close to the 59% forecasted by the transform model
for this evaluation period.

4.2. Long-Term Planning. This section evaluates two experi-
ments, namely, characterising the DECC2 and DECC4 sce-
narios for 2015–2047 evaluation period. For each demand
scenario, expected investments disaggregating CAPEX and
OPEX are presented, the evolution of electrical performance
indicators and the number of techniques applied.

4.2.1. DECC4, 2015–2047. In this experiment, the most
significant results to analyse the suitability of each technique
are presented.

Figure 17 shows the trend of CAPEX and OPEX from
2015 to 2047.

There are CAPEX peaks in the year 2018 and during the
beginning of RIIO-ED2 in the years 2025 to 2026, due to the
application of more techniques to fulfill low-carbon targets.

Figure 18 indicates that upgrades on the network are
directly related to technical performance indicators, CML
and CI.

In Table 3, the techniques applied and their contribution
to CAPEX during the evaluation period from 2015 to 2047 by
a demand scenario are shown.

4.2.2. DECC2, 2015–2047. Within this experiment, the most
relevant results to analyse the evolutionary network states
are presented.

In Figure 19, the trend of CAPEX and OPEX from 2015
to 2047 is shown. There is a significant increase of CAPEX
in the years 2024 to 2026 at the beginning of RIIO-ED2,
due to the necessary implementation of new techniques to
reach low-carbon targets. The evolution of CML and CI is
presented in Figure 20, linking larger investment years when
major reductions are found. The contribution of each solution
technique is presented in Table 3.

4.2.3. Comparison between DECC2 and DECC4 for 2015–
2047. Figure 21 presents a multidimensional parallel coor-
dinate representation of the feasible network state’s
combinations that produced a 2015–2047 investment path-
way for the evaluated area. It bundles economic indicators,
i.e., CAPEX and OPEX, with technical performance indica-
tors providing valuable insights on the number of traditional
reinforcements utilised to heal falling network states. Results
are also clustered by the two demand scenarios assessed
during the experiments.

Solutions of DECC2 (represented in orange and green)
and DECC4 (in black and blue) are clustered by the per-
centage of traditional reinforcements utilised as well as
the utilisation factor.

Solutions in green and in black represent those where
smart grids were more used, whereas orange and blue repre-
sent the cheapest (CAPEX and OPEX), less utilised, and the
worst responding to the decrease of CML, CI, and losses,
and the ones using more traditional reinforcement to fix
network states.

Besides the fact that DECC2 smart solutions are between
16% and 28% more expensive than DECC4 traditional
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Figure 13: CAPEX and OPEX; DECC2, 2015–2023.
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reinforcement solutions (green solutions versus blue solu-
tions in Figure 21), DECC2 traditional solutions are in the
range of costs of smart solutions of DECC4 (orange and
black solutions in Figure 21). It can also be concluded that
investment pathways using less smart techniques provide a

cheaper response to technical performance evaluators such
as utilisation, CML, CI, and losses.

4.3. Summary. Experiment evaluation runs from the
2015–2047 period present lower investment rates for the
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Figure 14: CML and CI; DECC2, 2015–2023.
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2015–2023 period than if the evaluation is just performed
with a 2015–2023 time frame. This occurs as a result of the
challenging low-carbon targets up to 2047 and a myopic
planning with short-term lookahead. For an evaluation
period four times larger, the CAPEX and TOTEX increased
just 18% compared to 2015–2023, concluding that between
£5.2M and £6.8M, the evaluation area regardless of the
time horizon for the investment or the demand scenario
considered is required.

Furthermore, it can be inferred comparing Tables 2 and 3
that for less smart interventions, the short-term planning
is used compared to the long-term horizon planning.
DAR-cable and DAR-transformer experienced a significant
implementation variation between the two evaluation
periods for both demand scenarios, as well as CAPEX allo-
cated in cable upgrades falling from 89–91% (2015–2023)
to 29–66% in the long term 2015–2047 run. Both technical
performance evaluators, CML and CI, respond to their
respective CAPEX curve shape. Due to a more incentivised
smart grid technique during RIIO-ED2 and ED3, the per-
centages of smart techniques implemented varied notably.
For DECC4 in 2023’s outlook, the share of techniques is

25% for smart grid interventions whereas for 2050’s out-
look, the share is increased up to 58%. In the same way
for DECC2 in 2023’s outlook, the share of smart interven-
tions is 23% whereas in 2050’s outlook, the share increases
up to 69%.

Feasible solutions characterising the solution space
(Figure 21) differ in the degree of investment required and
technical performance evaluators. Each of the solution path
represented in the multidimensional solution space in
Figure 21 represents the intersection of that dimension with
each axis. Parallel coordinates [35] are low complexity
working for any N-dimension. In the case of Figure 21,
it has 8 dimensions, treating every variable uniformly.
Each intersection of one solution path with each axis is
the value of that solution for that axis. As for axis DECC2
and DECC4, it represents the feasible solutions for each
demand scenario. Making a query by the percentage of
traditional reinforcement used in that solution, we have the
partition between orange and green for DECC2 and blue
and black, being the first solutions that use more traditional
reinforcement compared with the ones that use more smart
techniques represented in green (DECC2) and black
(DECC4). From Figure 21, we can argue that solutions that
use more smart techniques (green and blacks) are more
expensive in terms of CAPEX and OPEX than their peers
(orange and blues) when compared by a demand scenario.
It can also be stated that solutions with a higher use of tradi-
tional reinforcements are the ones that decrease the most,
CML, CI, and losses.

Disaggregating results by network state of the six 11 kV
primaries and by the feeder, if necessary for further granular
debugging, can discern locational capacity. Under both
demand scenarios, Secklow Gate was seen to be the one with
greater capacity, being necessary to apply fewer techniques
over the evaluation period, 2015–2047. On the other hand,
Newport Pagnell exceeds the capacity as soon as 2015,
requiring a high number of network state evaluation to be
fixed that happens for each subsequent year; hence, the large
number of network states is presented in Table 4.
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5. Conclusions

Power flow analysis using a nodal network model is essential
when determining the benefits of trailed smart interventions

because the interactions and implications are highly specific
to a particular location and scenario.

This suggests that while the bottom-up approach is
onerous in terms of data handling and manipulation, this is
worthwhile for strategic planning and policy evaluation.
Comparing both investment strategies, investment strategy
adjustments will be necessary in future regulation periods
if an over-invested network behaves as displayed in the
short-term section of this study.

Traditional reinforcement will continue to be the main
method by which network issues are mostly resolved,
followed by dynamic asset rating and meshed networks.

The assessment of the six novel smart interventions in the
FALCON 11kV primary test area in Milton Keynes has
proved the suitability of three techniques able to fix failures,
improving the quality of service, and their readiness to be
deployed in the near future. These techniques are DAR for
cables and transformers and meshed networks. Meshed
networks have been repeatedly selected as a feasible tech-
nique because using it will reduce CML, CI, and power losses,

Table 3: Number of interventions and CAPEX involved; DECC4 and DECC2, 2015–2047.

Technique
DECC4 DECC2

Proportion of interventions (%) CAPEX (%) Proportion of interventions (%) CAPEX (%)

DAR-cable 18% 5% 31% 6%

DAR-transformer 32% 16% 32% 6%

ALT 0% 0% 0% 0%

Mesh 8% 3% 6% 3%

Batteries 0% 0% 0% 0%

DSM 0% 0% 0% 0%

DG 0% 0% 0% 0%

TRAD-transformer 25% 44% 9% 16%

TRAD-cable 15% 29% 20% 66%

TRAD-transfer load 1% 1% 1% 1%

TRAD-new feeder 1% 2% 1% 2%
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Figure 19: CAPEX and OPEX; DECC2, 2015–2047.
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improving the quality of service and the efficiency, while
being a cost-effective solution.

The initial capacity at primary substations differed
significantly, and this affected the number and complexity
of interventions required by the SIM. Due to the load
scenarios showing significant peak load increases, DAR was
often a temporary measure that would delay but not remove
the eventual need for traditional reinforcement.

Implementing DAR for cables and transformers, the
monitoring of assets when their peak capacity is increased
was analysed. On the other hand, it was observed that
traditional reinforcements still play a key role in keeping
the electricity distribution networks free of constraints.
TRAD techniques such as transformer and cable replace-
ments are able to fix the majority of failures and will be
essential also in the future.

The comparison between traditional reinforcements and
novel smart techniques has provided a new knowledge about
the suitability of each technique to be applied, in terms
of costs, electrical performance, failures fixed, and asset
replaced. Cable replacement is the most costly technique;
however, its use is unavoidable in a number of cases. Further-
more, the applicability of each technique regarding costs
involved, improvements on power quality and efficiency,

and failures solved lead to new questions to be analysed, such
as the lack of these techniques to provide flexible capacity
within the trailed area.

To sum up, this study has performed a comparative
analysis of novel smart intervention techniques, providing
insights for future investments in electricity distribution
planning. Further work can focus on scaling up the analysis
to include a larger section of the network or a constrained
area to evaluate national applicability of the current findings.
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Table 4: Summary of network states and results for demand scenario; DECC4 and DECC2.

Primary 11 kV substation Feeders Year Techniques
Results
DECC4

NS
DECC4

Results
DECC2

NS
DECC2

Fox Milne 13 2047 Smart and traditional 54 276 47 259

Newport Pagnell 9 2047 Smart and traditional 48 317 31 318

Secklow Gate 9 2047 Smart and traditional 27 29 15 16

Bletchley 19 2047 Smart and traditional 32 40 21 48

Marlborough Street 11 2047 Smart and traditional 31 52 19 37

Childs Way 17 2047 Smart and traditional 67 398 54 181
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A multiperiod generation and transmission expansion planning (G&TEP) problem is considered. This model integrates
conventional generation with renewable energy sources, assuming a stochastic approach. The proposed approach is based
on a centralized planned transmission expansion. Due to the worldwide recent energy guidelines, it is necessary to
generate expansion plans adequate to the forecast demand over the next years. Nowadays, in most energy systems, a
public entity develops both the short and long of electricity-grid expansion planning. Due to the complexity of the
problem, there are different strategies to find expansion plans that satisfy the uncertainty conditions addressed. We
proposed to address the G&TEP problem with a pure genetic algorithm approach. Different constraint-handling techniques
were applied to deal with two complex case studies presented. Numerical results are shown to compare the strategies used
in the test systems, and key factors such as a prior initialization of population and the estimated minimum number of
generations are discussed.

1. Introduction

Reasons for conducting a planning process are numerous.
Some reasons that can potentially lead to a planning process
are the following: (i) high costs for transport and storage
equipment; (ii) high rate of accidents, failures, and break-
downs; (iii) bottlenecks, damage, or rejections in your
production; (iv) out-of-date technical or infrastructural
equipment, and so on. Two fundamental types of planning
should be distinguished. The first one is a complete
replanning, and the second one is a planning that aims at
modernizing your planning objective. The second one is the
approach in this paper. The modernization planning is
characterized by a high number of planning constraints, a
lower amount of possible solutions, and a high rate of by-
the-way-planning. This may lead to unsatisfactory results.

Planning for power systems is essentially a projection of
how the system should grow over a specific period of time,
given certain assumptions and judgment about the future
loads and the size of investment in generating capacity
additions and transmission facility expansion and reinforce-
ments. Power system planning faces enormous challenges
and problems as, for example, future load growth in the
face of uncertainties, the constraints imposed on invest-
ment, the type and availability of fuel for the generating
units, and the need for consolidating the dispersed electric
utilities in the isolated regions as a prerequisite for future
interconnecting these regions via local national grids and
with other neighboring countries. Also, an optimal reliability
level should be achieved that will guarantee a continuous
power flow with a reasonable cost. All these obstacles
made power system planners and concerned agencies face
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tremendous difficulties in planning electric power facilities
and making sound and appropriate decisions in constructing
new power plants or adding new generating units or reinforc-
ing the transmission and distribution networks [1–5].

A typical power system consists of enormous number of
elements. The elements may vary from a small lamp switch
to a giant generator. However, in this paper, the main
elements of concern become the following: (i) generating
facilities; (ii) transmission facilities. As a matter of fact, in
power system planning, the details of each element design
are not of main interest. For instance, for a generating
facility, the type (steam turbine, gas turbine, etc.), the
capacity, and its location are only determined [6]. Regarding
the transmission lines, the periods when they should be
installed are determined.

Power system expansion has been widely investigated
as a generation and transmission expansion planning
(G&TEP) optimization problem. Real-world G&TEP
problems are nonlinear and complex, given that it entails
handling high number of constraints, high dimensionality,
and uncertainty related to the demand, fuel price, market
price, interest rate, among other factors. In the technical
literature, generation (GEP), transmission (TEP), and
G&TEP problems have been solved using different
methods of mathematical programming. The application
of linear programming (LP) in the planning of electrical
networks started with [7]. Later, in [8], a comprehensive
review of the models applied to GEP was made in the
1970s. Another widely used approach for modeling expan-
sion of a transmission system is mixed integer programming
(MIP), which was introduced in [9, 10]. In the MIP context, a
decision variable for system expansion is represented by an
integer or binary variable.

One of the first integral approaches for generation and
transmission expansion planning was reported in [11], which
solution technique is based on the Benders decomposition. In
[12], a methodology for planning the expansion of energy
systems is described assuming several factors with uncer-
tainty: (i) growth in demand; (ii) fuel cost; (iii) delay in the
completion of the project; (iv) financial constraints, and so
on, by using stochastic programming. A recent study [13]
includes the costs of reducing CO2 emissions; the demand
and the wind potential are modeled as two correlated
random variables; subsequently, scenarios are generated by
means of Monte Carlo techniques, and GEP is formulated
as a problem of stochastic optimization of two stages that is
solved using Benders decomposition. More complex models
have been reported as in [14] where a multistage stochastic
integer programming formulation for the problem expansion
of capacity in an uncertain environment is presented. A
scenario tree approach was used to model the evolution of
demand uncertainty, parameters, and fixed cost functions.

Aiming to reduce greenhouse gas emissions, power
systems worldwide are utilizing more energy from renewable
sources. To this end, setting renewable targets is one of the
mechanisms largely adopted to guide this process with tight
levels of renewable penetration. Many countries have
established policy targets related to renewable energy. The
European Union (EU), for example, established a target to

meet 20% of its energy consumption by means of renewable
sources by 2020. Some EU member countries have stricter
targets, for example, Germany with 30% by 2020 and 60%
by 2050.

Currently, due to the high penetration of renewable
energy, energy storage elements are extensively used, whose
main function is to support the electrical network especially
during frequency and voltage transients [15]. Energy storage
also helps smoothing wind uncertainty. In recent work [16],
Hemmati presented a unified planning for battery energy
systems in electric power systems. However, in the problem
raised in this paper, dynamic conditions are not assumed,
so the inclusion of such elements has been omitted.

In [17, 18], different models and solution methods in
order to solve a generation and transmission expansion plan-
ning problem are presented; authors propose mathematical
programming by either approach direct or decomposition
for solving the problem.

In mathematical problems with a high number of
constraints, the search for a feasible solution can be almost
as difficult as finding the optimal solution. The stochastic
G&TEP considers the generation of uncertainty scenarios
related to demand, fuel prices, equipment failures, and other
conditions. These considerations increase exponentially the
number of constraints, so obtaining feasible solutions com-
plicates the direct solution by commercial optimizers or heu-
ristic strategies. In [19], we can observe the development of
valid inequalities for multistage stochastic integer programs.

Metaheuristic approaches have proven to be well suited
to solve large real-world problems. Genetic algorithms,
artificial bee colony algorithm, harmony search method,
big bang-big algorithm, cuckoo search algorithm, firefly
algorithm, group search algorithm, bat-inspired algorithm,
and hunting search algorithm are some examples of meta-
heuristic techniques. However, it is difficult to use these
methods successfully for complex optimization problems
with high number of constraints. Researchers have developed
constraint-handling techniques to deal with specific features
of these problems [20]. It is difficult to estimate good penalty
factors or even generate a single feasible solution [20]. Many
of these so-called pure metaheuristic techniques have been
used to solve the power system expansion as a GEP [21],
TEP [22], or distribution (DEP) problem. Recently, the
combined G&TEP have been addressed mainly with hybrid
metaheuristic approaches [23].

In this paper, we propose to address the combined
G&TEP problem with a genetic algorithm dealing with this
nonlinear complexity and high number of constraints with
several techniques reported in literature [20]. We compare
several constraint-handling techniques in order to determine
if a pure metaheuristic like genetic algorithm is enough to
handle the complexity of G&TEP problem avoiding more
complex processes. We propose a multiperiod stochastic
model applied to G&TEP considering the insertion of
renewable energies, which objective is to achieve a generation
and transmission expansion plan that minimizes the total
cost of investment. The solution to the problem is
approached from two perspectives: (i) using a heuristic
method and (ii) a conventional full-scale mixed integer
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method. The stochastic framework allows to represent,
through scenarios, a wide range of demand-operating
conditions throughout the planning horizon. In this work,
we employed two case studies for our experiments: a
three-year period time with eight different scenarios and a
ten-year period time with 1024 scenarios. This allows to
include uncertainty in the costs of future investments.
Due to environmental considerations, a minimum amount
of clean energies (30%) of the total installed generation is
assumed, which must meet the demand in each instance.

The remainder of this paper is organized as follows. A
review of previous contributions to G&TEP in the literature
is formally presented in Section 2. Then, in Section 3, the
mathematical model is provided. Section 4 describes the
design of our solution method and constraint-handling
strategies used for G&TEP. Case studies for three- and
ten-year period times are presented in Section 5. Description
of experiments and computational results are presented in
Section 6. Lastly, conclusions are provided.

2. Metaheuristic Approaches for
G&TEP Problem

Real-world problems like G&TEP are high-dimensional
optimization tasks that cannot always be solved with
deterministic methods. Metaheuristic approaches are well
suited to solve this complex optimization problem. An intro-
duction to metaheuristics and their evolution is presented
below. Next, the most representative solutions in literature
using metaheuristic algorithms or framework for GEP,
TEP, and G&TEP optimization problems are discussed.

2.1. Metaheuristics. Stochastic optimization methods have
proven to solve large problems finding a good solution.
Stochastic algorithms are relatively easy to implement on
complex problems [24]. Besides probabilistic methods, there
are two types of stochastic approaches, heuristic and
metaheuristic. In heuristic methods, a search is performed
step by step and a heuristic technique aims to select the best
option for expansion in order to exploit and explore the
search space. Methods of local search are adequate when
looking for a satisfactory solution. Heuristic methods usually
obtain good quality solutions in a reasonable time although
optimal solution cannot be guaranteed. Metaheuristic proce-
dures consist in “applying at each step a subordinate heuristic
which has to be designed for each particular problem
type” [25]. According to [26], the term “metaheuristic” has
been used with two different meanings. The first meaning
conceives metaheuristic as a framework, a set of concept
and strategies that guides the development of optimization
algorithms. The second meaning refers to a specific
implementation or algorithm based on certain strategies.
This difference can be understood analyzing the evolution
of metaheuristics in the last four decades [26].

An important shift of paradigm occurred in 2000
from method-centric to framework-centric. Metaheuristic
concepts and strategies imitate nature, social culture, biology,
or laws of physics to guide the search in an optimiza-
tion problem [27]. The implementations of metaheuristic

algorithms have the ability to conduct global searches
avoiding local optimal solutions [28]. There is always a
trade-off between two characteristics in metaheuristic
algorithms balanced in order to obtain better results:
intensification and diversification [24]. Metaheuristic algo-
rithms generally perform better than simple heuristics; they
are robust and efficient [29].

From the 1970s, early metaheuristic methods were
used to solve different optimization problems. References
[26, 29–31] reviewed the history and development of
metaheuristics. Genetic algorithms, simulated annealing,
immune algorithm, and tabu search [30] are some examples
of early metaheuristic techniques. Ant colony optimization,
differential evolution, and swarm optimization appeared in
the nineties. As these so-called pure metaheuristic techniques
prove to be valuable in finding good solutions in reasonable
time, new techniques were developed in the nineties and
the first years from 2000. Artificial bee colony algorithm,
harmony search method, big bang-big algorithm, cuckoo
search algorithm, firefly algorithm, group search algorithm,
bat-inspired algorithm, and hunting search algorithm are
some examples among many nature-inspired techniques.

Many of the above-mentioned methods became
successful for solving many optimization techniques. Hence,
in recent decades, it became clear that pure metaheuristic
algorithms had reached their limits, and the research com-
munity shifted towards combining several techniques [31].
Memetic algorithm, for example, uses a local search to
improve solutions obtained with an evolutionary algorithm.
As we stated above, in the early 2000s, the paradigm of
metaheuristics changed so they are described as high-level
frameworks, and hybridization began to be more commonly
used. Hybrid metaheuristic approaches try to use comple-
mentary strategies even from different frameworks in order
to achieve better results. A combination of metaheuristics
with exact methods, for example, was done creating “meta-
heuristics” [32]. For more details in hybrid metaheuristics,
see [31].

In summary, for real-world problem with high dimen-
sionality, deterministic methods do not reach optimal or
good solutions in reasonable computing time. Stochastic
and in particular metaheuristic approaches have proven to
be robust and efficient for complex problems delivering near
to optimal solutions, with no guarantee to be optimal, in rea-
sonable amount of time. When human and computational
time is critical, hybrid metaheuristics are not recommended;
if a pure metaheuristic works well, there is no need to use
more complex processes [31].

2.2. Related Work. Power system expansion has been widely
investigated as a GEP, TEP, or DEP optimization problems
[33]. In recent years, research works also address the
combined G&TEP problem. Real-world G&TEP problems
are nonlinear and complex, given that it entails handling high
number of constraints, high dimensionality, and uncertainty
related to the demand, fuel price, market price, interest rate,
among other factors. For two decades, GEP, TEP, and
G&TEP problems have been solved with deterministic and
stochastic approaches. Models can be linear or nonlinear
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and single- or multiobjective. In this section, we present an
overview of literature that tackles these three problems
focusing in those using metaheuristic strategies.

2.2.1. Metaheuristics for GEP Problem. “Regardless of being
linear/nonlinear and multi-/single-objective, a multitude of
methods were applied successfully to solve the GEP problem
during the past few decades. These methods are very diverse,
from conventional techniques to modern metaheuristic
algorithms” [21].

According to [21] review, genetic algorithms [34, 35] and
particle swarm optimization [36, 37] are the most frequently
used metaheuristic techniques to address GEP problem.
The authors also enumerated related works using evolu-
tionary programming algorithm [38], differential evolution
algorithm [39], ant colony optimization, tabu search [40],
simulated annealing, modified honey bee mating optimiza-
tion algorithm [41], artificial immune systems [42], modified
shuffled frog leaping algorithm [43], NSGA [44, 45], and
gravity search algorithm [46].

In [47], they presented one of the early hybrid
approaches to solve GEP long-term problem. The authors
combined a genetic algorithm with tunnel-based dynamic
programming. The genetic algorithm aimed to find the global
optimum while the tunnel-based dynamic programming gets
a local optimum. In [48], the GEP problem is analyzed with
three test systems with 6-year, 14-year, and 24-year horizons.
They compare the performance of nine metaheuristic
techniques applied to solve GEP problem, namely, genetic
algorithms, differential evolution, evolutionary program-
ming, evolutionary strategy, ant colony optimization, particle
swarm optimization, tabu search, simulated annealing, and a
hybrid approach. Optimal or near-optimal solutions were
obtained in a reasonable time. This work showed that
metaheuristic techniques could be adaptable and more
efficient in comparison with other optimization approaches.

2.2.2. Metaheuristics for TEP Problem. TEP problem is solved
with many metaheuristic optimization methods [22], such as
genetic algorithms [49–51], simulated annealing [52, 53],
tabu search [54, 55], ant colony optimization [56], artifi-
cial immune system [57], harmony search [58], particle
swarm optimization [59, 60], and hybrid metaheuristic
methods [61, 62].

In [61], they presented an approach based in a genetic
algorithm and tabu search that presented the ability of
avoiding local optimum and compared their results with
other methods. They conclude that tabu search needed
longer computational time and the genetic algorithm could
present good solutions without tabu search.

One of the most recent works is [63]. In this paper, they
proposed to solve TEP problem using an imperialist compet-
itive algorithm comparing the results with other evolutionary
methods. Given that optimality is not guaranteed, compari-
sons between different heuristic performances are frequently
found in last decade’s literature. Comparison in terms of time
of performance and the quality of the solutions found is
necessary in order to evaluate the suitability of certain
proposed method [63].

2.2.3. Metaheuristics for G&TEP Problem. Recently, the
coordinated problem G&TEP has gained more attention
[23]. Given that the problem should be associated with
uncertainty, market concepts, congestion management,
reliability, distributed generation, and reactive power
planning [23], metaheuristics are well suited to address
this coordinated problem.

In [64], they present a novel idea on the model in the
expansion and transmission planning problem: a multiobjec-
tive framework to evaluate the integration of distant wind
farm. The first objective considers annual operation and
investment cost while the second objective deals with
minimizing the expected energy not served. In [65], they
proposed a multiperiod-integrated framework based in
genetic algorithms for GEP, TEP, and natural gas grid
expansion planning for large-scale systems. It was applied
to the Iranian power proving that the proposed framework
can be applicable for large-scale real-world problems. In
[66], they proposed a framework for transmission planning
considering also generation expansion. In order to solve this
interrelated multilevel optimization problem, the authors
present an iterative solution linking agent-based and
search-based algorithms. Murugan et al. and Kannan et al.
published several works using sorting genetic algorithm
version II (NSGA-II) to solve G&TEP problem [44, 45].
Lastly, the authors applied elitist nondominated NSGA-II
to the combined G&TEP problem [67]. The addressed
problem is multiobjective.

A combination of genetic algorithm and fuzzy technique
was developed to solve the multiperiod G&TEP problem
[68]. The framework optimizes multiple goals in a deregu-
lated environment. The authors performed a comparison
with genetic algorithms, NSGA-II, and others to evaluate
the optimization method.

From the foregoing, we recap the following:

(1) The evolution of metaheuristics described above is
also valid when reviewing, in literature, the solutions
presented for G&TEP with metaheuristics. Early
works use pure metaheuristics; comparisons are
made from 2000 to validate the method; hybridiza-
tion is more commonly used in recent years. Never-
theless, hybridization is not recommended if a pure
metaheuristic works well for a given scenario.

(2) Metaheuristic approaches have proven to find high-
quality solutions at relatively low computational
costs when addressing G&TEP problem, hence
optimality cannot be guaranteed. Heuristic methods
generally perform better than classical ones for large
problems where classical optimization methods
become unmanageable [63].

(3) In [69], they mentioned two difficulties when
implementing evolutionary optimization methods
for G&TEP problem: handling the highly constraints
in large and medium G&TEP problems and large
computational time-consuming algorithms that do
not permit online applications. A drawback of
heuristic and metaheuristic methods applied to

4 Complexity



G&TEP problem is that they highly rely in the
setting of control parameters and operation mech-
anisms [50]. The search for the best settings is also
a big challenge.

3. Mathematical Model

To solve the problem, in the following, a linearized stochastic
mixed integer multiperiod problem is proposed, assuming
the insertion of renewable energies. The power and location
of wind units were chosen to take into account a generation
and transmission reinforcement, as well as a totally new
transmission case. The capacities of such elements were esti-
mated to provide the expected demand in all periods of study.
Thus, the problem minimizes an objective function of costs,
subject to a set of constraints, which include the following:
(i) investment constraints and (ii) operating constraints.
The latter refer to both conventional and renewable genera-
tion costs, nonsupplied demand, and costs for failing with a
percentage of clean energies; such costs are multiplied by a
weighting factor associated with the number of hours of
operation. For each scenario, the investment and operation
costs are added along the entire planning horizon, and
the resulting value in turn is multiplied by the probability
of each scenario. The final investment integrates the sum
of all the scenarios.

The economic assessment method used in this paper is
the annual equivalent method [70], which converts the cost
during the operational lifetime to an equivalent annual cost.
The annual amortization rate αmultiplied by the capital cost
of the proposed scheme (generating units and transmission
lines) expresses the annual amortization cost. The amortiza-
tion rate α is expressed as (1), where i is the interest rate or
discount rate and j stands for the project’s lifetime. The
discount rate assumed in the studies becomes 10% [71].
The lifetime for generating units and transmission lines has
been considered as 35 and 40 years, respectively.

α = i 1 + i j

1 + i j − 1
1

The set of constraints corresponding to investment (4),
(5), (6), (7), (8), (9), and (10) takes into account the physical
limitations of the generating units and the budget limit.
Within the group of operating constraints (11), (12), (13),
(14), (15), (16), (17), (18), (19), (20), (21), (22), (23), (24),
(25), (26), (27), (28), (29), and (30), (11), (12), (13), (14),
and (15) state that if there are operating points with the same
demand, they will have the same expansion plan in genera-
tion and transmission. Power balance constraints, thermal
capacity limits in existing lines and those proposed by the
model, constraints of direct current (DC) power flows for
existing lines and candidates are represented in (17), (18),
(19), (20), and (21), respectively. The maximum generation
capacity for existing and proposed units (conventional and
clean) is guaranteed by (22), (23), (24), and (25). The limits
on nonsupplied demand and the phase angle are described
in (26), (27), and (28). The clean energy deficit for each

operating point corresponding to each period and scenario
is represented by (29) and (30); such a constraint implies that
a fixed percentage of the loads must be supplied from
renewable energies.

The objective function (2) and constraints (4), (5), (6),
(7), (8), (9), (10), (11), (12), (13), (14), (15), (16), (17), (18),
(19), (20), (21), (22), (23), (24), (25), (26), (27), (28), (29),
and (30) are the following [13, 14, 17]:
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The mixed integer nonlinear problem model preview is
nonlinear, due to the products of binary xLl and continu-
ous θn variables in constraints (see (31)). These nonlinear
constraints are replaced by the following sets of exact
equivalent mixed integer linear constraints (32) and (33),
where M is a large enough positive constant.

pLl = xLl Bl θs l − θr l , 31

−xLl F
max
l ≤ pLl ≤ xLl F

max
l , ∀l, 32

− 1 − xLl M ≤ pLl − Bl θs l − θr l ≤ 1 − xLl M, ∀l

33

Let us consider that prospective transmission line l is
built, that is, binary variable xLl is equal to 1. In such a
case, (32) and (33) impose that −Fmax

l ≤ pLl ≤ Fmax
l and

pLl − Bl θs l − θr l = 0. On the other hand, let us consider
that prospective transmission line l is not built, that is, binary
variable xLl is equal to 0. In such a case, (32) and (33) impose
that pLl = 0 and − 1 − xLl M ≤ pLl − Bl θs l − θr l ≤ 1 − xLl
M. First, we impose that the power flow through this
transmission line is null. Second, we consider large enough
bounds on the difference between the voltage angles at
two nodes that are not connected through the disjunctive
parameter M [17].

In this paper, criterion N − 1 was not included. To take it
into account, it is necessary to consider the following aspects.
The present work solves the G&TEP of the electric system
under normal operating requirements since the objective is
to forecast the capacity, location, and start date of operation
of the generation units and transmission lines that will be
installed in a given planning horizon. However, a safety study
of the system can be included using security-constrained
optimal power flow, where a contingency analysis is
combined with an optimal power flow that seeks to make
changes to the optimal dispatch of generation, as well as
other adjustments, so that when a security analysis is run,
no contingencies result in violations [72]. One of the easiest
ways to provide a quick calculation of possible overloads is
to use linear sensitivity factors. These factors show the
approximate change in line flows for changes in generation
on the network configuration and are derived from the DC
load flow. Power transfer distribution factors (PTDF) and
line outage distribution factors (LODF) are used to model
the pre- and postcontingency constraints. A strategy is
proposed in [73] where the authors use the nodal admittance
matrix in order to transform the DC-network balance
constraints to a global power balance equation, and the
transmission limit constraints are modeled using the PTDF
matrix. The proposed methodology solves the optimization
problem taking into account only the power units to be built
and the active power generation of each unit as decision
variables. In [74], the PTDF and LODF are used to model
the pre- and postcontingency constraints simultaneously in
a stochastic model. In our work, we choose to make a good
approximation of the N − 1 contingencies in transmission
using distribution factors based on [75]. We show its use
applied to the 3-year period G&TEP case scenario (see
Section 5.1).

Given the complexity of the problem, the authors
decided not to include transmission losses in the formula-
tion. Likewise, it was assumed that the degree of uncertainty
handled in the proposal may be of the level of such losses;
this, coupled with the fact of managing a sufficiently long
term, results in a favorable aspect of the proposal in a
stochastic environment.
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Similarly to the transmission losses, the uncertainty
that the wind energy systems have will fall within the
ranges of randomness of the problem posed, especially as
regard the load refers. For this reason, the authors consider
that the results found may well be considered appropriate
by the assumptions made, which gives additional value to
the stochastic approach.

4. Design of Genetic Algorithm for
G&TEP Problem

As we described in Section 2, genetic algorithms are
among the most used metaheuristic techniques when
addressing GET, TEP, or combined G&TEP problems.
Hybrid metaheuristic approaches are recently used to
solve complex real-world optimization problems, but it
is important to avoid high computational costs if possible.
Therefore, if a pure metaheuristic works well for a given
scenario, it is not necessary to use a hybrid approach.
In this section, we describe an attempt to solve the
G&TEP problem with a genetic algorithm using this
unconstrained optimization procedure and several
constraint-handling techniques.

The well-known procedure of genetic algorithms con-
siders an initial population of individuals, each representing
a solution to the problem at stake. The set of individuals is
evaluated with a fitness function to select those which
represent the best solutions. The application of crossover
and mutation operation to selected individuals generates
new offspring at each epoch. The generations evolve as in
natural selection, creating more fitted individuals delivering
eventually a good solution to the problem. Algorithm 1
describes a simple genetic algorithm.

4.1. Individual Representation. The genetic algorithm begins
by defining the solution representation, for example,
chromosome or the array of variables to be optimized. The
chromosome that defines and individual solution for the
G&TEP proposed problem consists in an array of real vari-
ables that represent the decision variables (see Section 3) to
be optimized in the case studies of G&TEP described in Sec-
tion 5. A detailed description of a chromosome is presented
in Table 1 for the 3-year period case study. The chromosome
was encoded in a similar way for the 10-year period case
study. Due to space restrictions and since the latter has
552,960 variables, we are not able to provide a detailed
description of the values.

4.2. Evaluation Function. The evaluation function f f indivi
dual is based on the objective function (SD) shown in (2)
of the mathematical model. The feasibility of each G&TEP
solution is subject to constraints corresponding to those
described in the mathematical models (4), (5), (6), (7), (8),
(9), (10), (11), (12), (13), (14), (15), (16), (17), (18), (19),
(20), (21), (22), (23), (24), (25), (26), (27), (28), (29), and
(30). In order to handle these complex constraints in the
genetic algorithm, first, we transformed the constrained
problem to an unconstrained problem. Next, we use seven

different constraint-handling techniques to deal with the
infeasibility, presented below.

4.3. Strategies of Constraint-Handling for G&TEP Problem.
Several constraint-handling techniques have been adopted
in order to handle high constraint problems. In this paper,
we used different approaches inspired in the most popular
constraint-handling techniques reported in [20]: static
penalty functions.

(1) Number of violated constraints: the first strategy
consists in considering only counting the number of
violated constraints N so that

f f individual =N 34

1: initialize population
2: while termination criterion is not reached do
3: evaluate population using fitness function
4: select individuals
5: perform crossover and mutation
6: update population
7: end while

Algorithm 1: Simple genetic algorithm.

Table 1: Description of a chromosome.

Variable
Number
of genes

Positions in
chromosome

Lower
value

Upper value

PL
lotω

288 0–47 −40 40

48–95 −100 100

96–143 −140 140

144–191 −105 105

192–239 −200 200

240–287 −40 40

θnotω 192 288–479 −3.141592 3.141592

PE
gotω

96 480–575 0 400 (for 480–527)

150 (for 528–575)

PEW
gwotω 48 576–623 0 100

PCW
cwotω 48 624–671 0 150

PC
cotω 48 672–719 0 50

PCWmax

ctω 24 720–743 0 150

PCmax

ctω 24 744–767 0 50

PLS
dotω 192 768–959 0

According to the
demand for each

operating
condition and
period along the
planning horizon

(Table 3)

TTotω 48 960–1007 100

xLltω 144 1008–1152 0 1
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(2) Objective function incorporating the number of
constraints: this strategy follows a common penalty
function incorporating the objective function plus a
static penalty to the fitness function. When applying
a penalization in the fitness function, we decrease
the aptitude of those individuals that violate one or
more constraints.

f f individual = SD + kkN , 35

where N are the constraints not fulfilled by the
individual and kk is a large constant.

(3) Harmonic mean: this strategy, inspired in [76],
formulates the fitness function as a harmonic mean

of the two objectives: SD and N . It tries to get a
trade-off of SD and N .

f f individual =
SD ∗N
SD +N

36

(4) Feasibility differentiation: following [77], this
approach defines a different fitness function to infea-
sible individuals. In this case, SD is not computed for
all infeasible individuals.

f f individual =
SD, if the solution is feasible,

kk − 〠
S

i=1

kk
m

,

37
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H

L

L

L
w1

w2

w3

w4

w5

w6

w7

w8

L

L

L
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H

H

H
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Figure 1: Scenario tree for the stochastic load demand in bus 1.

Table 2: Maximum and minimum demand by bus MWh/h .

Demand
t1 t2 t3

Low High Low High Low High

d1 40–46 46–52 50–57.5 57.5–65 60–69 69–78

d2 136–150 150–176.8 170–195.5 195.5–221 204–234.6 234.6–265.2

d3 160–184 184–208 200–230 230–260 240–276 276–312

d4 64–70 70–83.2 80–92 92–104 96–110.4 110.4–124.8
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where S=number of satisfied constraints and
m= total number of constraints.

(5) Weighted: in this approach, the penalty is not the
same for all the violated constraints. Based on the

knowledge of an expert in the domain, weights are
set for each constraint.

f f individual = SD + 〠
m

i=1
kkwi, 38

where wi is the weight of i constraint and wi ∈ 0, 1 .

(6) Distance-based: the aim of this strategy is to measure
the amount of the individual infeasibility. Fitness
function is determined assessing the individual
distance from the feasibility in each constraint.

f f individual = 〠
m

i=1
ci individual − bi ,

39

where ci individual is the evaluation of the individ-
ual in constraint i and bi is the bound of constraint i.

(7) Squares of distance: this strategy seeks to achieve a
greater sensitivity to the infeasibility of individuals.

f f individual = 〠
m

i=1
ci individual − bi

2

40

N3

N1

N4

N2

L3

L5

L6

L4

L1

L2

d1 d2

d3 d4

g1

g2gw1 cw1 c1

Existing lines

Candidate lines
Existing conventional generators

Existing clean generators Candidate clean generators 

Candidate conventional generators 

Figure 2: Four-buses test power system.

Table 3: Demand d1, for each operating condition and period along
the planning horizon.

Scenario t1 t2 t3 Probability

Scenario 1
P = 45 43 P = 50 64 P = 64 45 0.5∗0.5∗0.5 = 0.125

P = 45 88 P = 51 97 P = 67 01 0.5∗0.5∗0.5 = 0.125

Scenario 2
P = 45 43 P = 50 64 P = 60 27 0.5∗0.5∗0.5 = 0.125

P = 45 88 P = 50 27 P = 66 70 0.5∗0.5∗0.5 = 0.125

Scenario 3
P = 45 43 P = 51 77 P = 67 25 0.5∗0.5∗0.5 = 0.125

P = 45 88 P = 53 44 P = 65 19 0.5∗0.5∗0.5 = 0.125

Scenario 4
P = 45 43 P = 51 77 P = 68 61 0.5∗0.5∗0.5 = 0.125

P = 45 88 P = 53 44 P = 66 41 0.5∗0.5∗0.5 = 0.125

Scenario 5
P = 49 61 P = 62 59 P = 73 70 0.5∗0.5∗0.5 = 0.125

P = 50 27 P = 60 46 P = 69 90 0.5∗0.5∗0.5 = 0.125

Scenario 6
P = 49 61 P = 62 59 P = 77 76 0.5∗0.5∗0.5 = 0.125

P = 50 27 P = 60 46 P = 74 84 0.5∗0.5∗0.5 = 0.125

Scenario 7
P = 49 61 P = 58 24 P = 70 56 0.5∗0.5∗0.5 = 0.125

P = 50 27 P = 59 46 P = 72 52 0.5∗0.5∗0.5 = 0.125

Scenario 8
P = 49 61 P = 58 24 P = 74 91 0.5∗0.5∗0.5 = 0.125

P = 50 27 P = 59 46 P = 74 65 0.5∗0.5∗0.5 = 0.125

Table 4: Installed capacity for the candidate clean energy MW .

Scenarios
ω1 ω2 ω3 ω4 ω5 ω6 ω7 ω8Unit Period

cw1 t1 150 150 150 150 150 150 150 150
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4.4. Selection, Crossover, and Mutation Operators. The
parents of each generation are selected by the tournament
selection method, which randomly picks a small subset of
mating pool and the lowest cost chromosome becomes a
parent. This method avoids sorting as in elitisms providing
a good choice of selection for large population sizes [78].
Crossover is done using a single-point crossover operator
that picks two selected individuals with probability pc and
randomly determines a crossover point so that the segments
of the chromosomes beyond this point are exchanged to
form two new individuals. Finally, each new individual is
subjected to uniform random mutation operator that selects
each gene of the individual and changes its value with
probability pm.

5. Case Studies

In this work, two case studies were employed for testing a
pure genetic algorithm in G&TEP problems. The first case
study considers a three-year period time and eight scenarios
that helped to configure the parameters of the genetic
algorithm. Then, the second case study with a ten-year period
and 1024 scenarios was considered for testing purposes.

5.1. Case Study 1: G&TEP for 3-Year Periods. Regarding the
generating scenarios, in this paper, two demand levels are
taken into account, Figure 1, where L means low demand
and H means high demand. Likewise, it is assumed that
subsequent periods exhibit L and H scenarios. Data for
combinations in the tree diagram are obtained by using a
uniform distribution with the intervals in Table 2. The
second and third columns provide the lower and higher
demand for the first period by each demand bus. Each period
represents a year, which in turn has been divided into
two operating conditions o1 and o2, which weights (for
all periods) become 6000 and 2760 hours, respectively.
For this case study, it was assumed that M = 3 × 105 and
equal probability for each scenario 0 125. Notice that the test
system has 4 load buses as shown in Figure 2. Then, for every
load bus, there is a tree diagram similar to that in Figure 1.
Tables 2 and 3 summarize demand d1 for each operating
condition and period during the planning horizon.

Figure 2 includes all elements described in the proposed
formulation: (i) candidate transmission lines (dotted lines,
l5 and l6); (ii) candidate conventional and wind generators
(c1 and cw1). For each bus, low (L) and high (H) load

demands are taken into account (see Tables 2 and 3). This
gives rise to eight scenarios per bus (see Figure 1).

A linear stochastic mixed integer programming strategy
was used for solving the problem from (2), (4), (5), (6), (7),
(8), (9), (10), (11), (12), (13), (14), (15), (16), (17), (18),
(19), (20), (21), (22), (23), (24), (25), (26), (27), (28), (29),
and (30) using the above information for the 3-year period
time. In this regard, the best expansion plan obtained is
objective function=$468.85M USD.

Table 4 shows that the clean energy candidate unit cw1
with rating equal to 150MW must be installed during the
first period for all scenarios ω1–ω8. Table 5 indicates that
the conventional candidate unit c1 is installed during period
t2 for scenarios ω5–ω8. In the period t3, it is proposed to
install an initial capacity for the scenarios ω1–ω4 and an
additional capacity for the scenarios ω5–ω8.

According to the information in Table 6, transmission
line l5 must be installed during period t1 for the 8 demand
scenarios, while line l6 is installed during period t2 for
scenarios ω1, ω2, and ω5–ω8. If scenarios ω3 and ω4 arise, it
is installed during period t3.

Tables 7–13 summarize the installed capacity of clean
and conventional power, as well as the number of lines
installed along the planning horizon, Figure 3. The next step
is related to the generators’ dispatch for each operating
condition, period, and particular scenario. For this case
study, there are two demand conditions o1 and o2; three
periods t1, t2, and t3; and eight scenarios ω1–ω8. Therefore,
the present model generates 48 different ways of dispatching
the generating units (2 × 3 × 8 = 48). It is impossible to
describe each case here, so the following analysis corresponds
to the condition o2, t3, and ω8. Figure 3 displays the magni-
tude of the power flow through the transmission lines l1–l6,
the generation of units g1, g2, gw1, cw1, and c1, and the
demand level at buses d1–d4.

An approximate analysis of the problem of N − 1 contin-
gencies by distribution factors [75] can corroborate that it is

Table 5: Installed capacity for the candidate conventional energy MW .

Scenarios
ω1 ω2 ω3 ω4 ω5 ω6 ω7 ω8Unit Period

c1 t1 0 0 0 0 0 0 0 0

c1 t2 0 0 0 0 100.83 100.83 47.080 47.080

c1 t3 124.96 115.94 101.48 100.96 89.16 85.80 142.91 140.67

Total installed
power MW 124.96 115.94 101.48 100.96 190 186.63 190 187.76

Table 6: Transmission lines installed during the planning horizon.

Scenarios
ω1 ω2 ω3 ω4 ω5 ω6 ω7 ω8Lines Period

L5 t1 1 1 1 1 1 1 1 1

L6 t2 1 1 1 1 1 1

L6 t3 1 1
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difficult to be able to operate satisfactorily in the face of out-
of-service elements (either generation or transmission). For
the system studied, Table 14 illustrates the case of N − 1
contingencies in transmission. In that sense, the problem
can be seen as a financial one, since to support the outage
of elements, the others have to be oversized. Although
there are direct ways of dealing with the problem of
contingencies [79], the mentioned approach seems a good
approximation in this case. That is, it is reiterated that in
this case, one way to solve such problems is by oversizing
the generation and transmission elements.

5.2. Case Study 2: G&TEP for 10-Year Periods. This case
study considers the same model presented from (2), (4),
(5), (6), (7), (8), (9), (10), (11), (12), (13), (14), (15), (16),
(17), (18), (19), (20), (21), (22), (23), (24), (25), (26), (27),
(28), (29), and (30). In this particular case, the demand for
each operating condition and period was defined in corre-
spondence of each one of 1024 scenarios. Data for combina-
tions in the scenario tree are obtained by using a uniform
distribution with the intervals summarized in Table 15 (only
shown for t1, t5, and t10). In the second and third columns of
the same table, the lower and higher demands are provided
for the first period by each demand bus. Similar to the
previous case study, each period represents a year, which in

turn has been divided into two operating conditions o1 and
o2, with weights (for all periods) becoming 6000 and
2760 hours. This case study assumes M = 3 × 105 and
equal probability for each scenario of 0 00097. Notice that
test system has 4 load buses, as shown in Figure 4. Then,
for every load bus, there is a tree diagram similar to that
in Figure 5. The demand for each operating condition and
period was defined in correspondence of each one of 1024
scenarios. The installed capacity for clean energy for all ten
periods and 1024 scenarios was set to 60MW.

Figure 4 includes all elements described in the proposed
formulation: (i) candidate transmission lines (dotted lines,
l5 and l8); (ii) candidate conventional and wind generators
(c1 and cw1). For each bus, low (L) and high (H) load
demands are taken into account (see Tables 15–20. This gives
rise to one thousand twenty-four scenarios per bus (see, e.g.,
Figure 5). The strategy to solve the problem is the linear
mixed integer programming. After solving problems (2),
(4), (5), (6), (7), (8), (9), (10), (11), (12), (13), (14), (15),
(16), (17), (18), (19), (20), (21), (22), (23), (24), (25), (26),
(27), (28), (29), and (30), the optimal expansion plan
considers an objective function value of $3375.6M USD.

Table 9: Costs of nonsupplied demand.

Number CLS
d $/MWh

d1 80

d2 80

d3 80

d4 80

Table 10: Time for each operating condition and weighting factor
for each operating condition not satisfying clean energy’s goal.

Operating condition Hours Cost $/MWh
o1 6000 100

o2 2760 100

Table 11: Amortization rate per period and clean energy’s goal
per period.

Period Amortization rate αt[%] Clean energy’s goal kt[%]

t1 0.3 0.1

t2 0.2 0.2

t3 0.1 0.3

Table 12: Investment costs.

Type of generator $/MWh
Candidate wind generator Icw 700,000

Candidate conventional generator Ic 700,000

Table 13: Investment costs.

Item $

Transmission line Il 1,000,000

Budget for installing candidate
wind generators ICW,max

t
105,000,000

Budget for installing candidate
conventional generators IC,max

t
133,000,000

Budget for installing candidate
transmission lines IL,max

t
2,000,000

Table 7: Data for transmission lines.

Number B (susceptance) Fmax
l [MW] (maximum power flow)

l1 500 40

l2 500 100

l3 500 140

l4 500 105

l5 500 200

l6 500 40

Table 8: Data for existing and candidate generators.

Number PEmax

g ;PEmax

gw MW CC
c ;C

CW
cw $/MWh

g1 400 35

g2 150 35

tc1 190 35

gw4 100 35

c1 150 35
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Table 16 indicates that the conventional candidate unit c1
is installed from the period t3. Table 17 provides information
about transmission lines. Tables 18–20 summarize the
installed capacity of clean and conventional power, as well

as the number of lines installed along the planning horizon,
as shown in Figure 6. The next step is related to the genera-
tors’ dispatch for each operating condition, period, and
particular scenario. For this case study, there are two

Table 14: Power flow after line outage using distribution factors [75].

Lines Base case Pl [MW]
Power flow outage [MW]

Flmax
[MW]

L1(1-2) L2(1–3) L3(2–4) L4(3-4) L5(2-3) L6(1-2)

L1(1-2) 40.00 — −30.47 58.17 33.51 56.88 65.00 40.00

L2(1–3) −19.07 −4.07 — −55.56 −6.09 −52.82 −4.07 100.00

L3(2–3) −91.52 −96.52 −97.88 — −123.96 −116.84 −96.52 140.00

L4(3-4) −32.44 −27.44 −26.08 −123.96 — −7.12 −27.44 105.00

L5(2-3) −59.07 −69.07 −71.78 −113.98 −39.61 — −69.07 200.00

L6(1-2) 40.00 65.00 30.47 58.17 33.51 56.88 — −40.00

Table 15: Maximum and minimum demand by bus MWh/h .

Demand
Period t1 Period t5 Period t10

Low High Low High Low High

d1 40–43.2 43.2–46.4 82.94–89.58 89.58–96.22 206.39–222.9 222.9–239.41

d2 136–146.88 146.88–157.76 282.01–304.57 304.57–327.13 701.73–757.87 757.87–814.01

d3 160–172.8 172.8–185.6 331.78–358.32 358.32–384.86 825.56–891.61 891.61–957.66

d4 64–69.12 69.12–74.24 132.71–143.33 143.33–153.95 330.23–356.64 356.64–383.06

N3

N1

N4

N2

L5=−36.59

L6=40

L1=40

L2=−3.4

d1=74.65 d2=247.8

d3=311.42 d4=111.93

g1=158.05

g2=150

gw1=100
cw1=150

c1=187.76

Conventional generation 

Clean generation 

L3=−131.21

L4=−94.61

Figure 3: Results attained by the linear mixed integer programming method (condition o2t3ω8).
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Figure 5: Scenario tree for the stochastic load demand in bus 1.
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Figure 4: Four-buses test power system.
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demand conditions o1 and o2; ten periods t1–t10; and one
thousand twenty-four scenarios ω1–ω1024. Therefore, the
present model generates 20,480 different ways of dispatching
the generating units (2 × 10 × 1024 = 20, 480). It is impossi-
ble to describe each case here, so the following analysis corre-
sponds to the condition o2, t10, andω571. Figure 6 displays the
magnitude of the power flow through the transmission lines
l1–l7, the generation of units g1, g2, gw1, cw1, and c1, and
the demand level at buses d1–d4. Data for costs of nonsup-
plied demand and operating conditions were used from
Tables 9 and 10.

6. Experiments and Results

In this section, we describe the computational experiments
designed to assess the performance of the proposed genetic
algorithm, and we present the corresponding results. We
make a comparative analysis of constraint-handling tech-
niques applied in the pure genetic algorithm for three- and
ten-year period time case studies of G&TEP problem. In
these complex optimization problems with high number of
constraints, it is very difficult even to find feasible solutions.
The aim of the experiments is to determine which of these
techniques is able to reduce the number of constraints that
are not fulfilled and is better suited for complex problems.

Table 16: Expected value of the installed capacity for the conventional candidate energy [MW].

Scenarios
ω1–ω128 ω129–ω256 ω257–ω384 ω385–ω512 ω513–ω640 ω641–ω768 ω769–ω896 ω897–ω1024Unit Period

c1 t3 0 0 0 0 0 16.68 0 20.16

c1 t4 14.44 0 0 13.91 20.79 17.47 30 30

c1 t5 30 15.95 15.24 30 30 30 28.11 23.94

c1 t6 27.86 30 30 29.96 30 30 30 30

c1 t7 30 30 30 30 30 30 30 30

c1 t8 30 30 30 30 30 30 30 30

c1 t9 30 30 30 30 30 30 30 30

c1 t10 30 30 30 30 30 30 30 30

Expected value
of total installed
power [MW]

192.3 165.95 165.24 193.87 200.79 214.15 208.11 224.1

Table 18: Data for existing and candidate generators.

Number PEmax

g ;PEmax

gw MW CC
c ;C

CW
cw $/MWh

g1 800 35

g2 300 35

c1 300 35

gw1 400 25

cw1 600 25

Table 19: Amortization rate per period and clean energy’s goal
per period.

Period Amortization rate αt[%] Clean energy’s goal kt[%]

t1 1.0 0.05

t2 0.9 0.10

t3 0.8 0.15

t4 0.7 0.20

t5 0.6 0.25

t6 0.5 0.30

t7 0.4 0.35

t8 0.3 0.40

t9 0.2 0.41

t10 0.1 0.42

Table 20: Investment costs.

Type of generator $/MWh
Candidate wind generator Icw 300,000

Candidate conventional generator Ic 700,000

Table 17: Data for transmission lines.

Number B (susceptance) Fmax
l [MW] (maximum power flow)

l1 500 40

l2 500 100

l3 500 140

l4 500 105

l5 500 200

l6 500 40

l7 500 100

l8 500 105
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Therefore, even if infeasible solutions are reported, the
purpose of identifying the best strategy was achieved.

6.1. Experiments. We designed eight experiments for each of
the three- and ten-year period time case studies. The first
experiment was done for comparison purposes just taking
into account the unconstraint problem. The fitness function
is equal to the computation of the objective function SD of
the case study. No penalty was incorporated to the fitness
function f f (individual) = SD. Seven computational experi-
ments were performed to test the effectiveness of the
constraint-handling strategies presented in Section 4. The
parameters of the pure genetic algorithm were set as shown
in Table 21 for all experiments.

6.2. Results. For comparison purposes, we used the results of
the best solution found of each experiment. We report the
best result in the objective function of each experiment. The
fitness function cannot be compared given that each

constraint-handling strategy is computed in different ways.
We also calculate the distance of the best SD with the aim
of determining the completion cost, that is, the distance to
feasibility. The number of constraints violated by the best
solution in the generation is also considered.

First, we conducted the experiments over case study 1
(3-year period G&TEP problem). For the analysis, we also
considered comparing the effectiveness of the pure genetic
algorithm when the initial population is created randomly,
but bounded; and also in the case when the initial set of
individuals is populated with an initial guess trying to
fulfill with all constraints, as many as possible. Table 22
summarizes the results for all experiments, including the
following information: best SD, the distance to feasibility
of the best SD presented as the sum of the absolute
error calculated with (39) and the relative error of the
distance to feasibility, and the number of violated con-
straints of the best SD. In addition, the evolution of the
fitness function through generations is presented in
Figures 7–14 for both initialization procedures (black lines
for random and red lines for prior) and using all
handling-constraint strategies.

In terms of the random initialization, the results of the
first experiment (Figure 7), considering the unconstrained
problem, show that although it seems to achieve the best
SD, the distance to feasibility of the best solution is huge
in relation to a great number of constraints violated. The
next experiments were compared with this result in order
to determine the quantity of improvement obtained with
each of the different proposed strategies. Then, in the
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N4

N2

L5=-59.07

L6=40

L1=40

L2=-19.07

d1=237.22 d2=812.57

d3=954.3 d4=377.16

g1=298.15

g2=300

gw1=400
cw1=600

c1=201.12

Conventional generation 

Clean generation 

L3=-91.52

L4=-32.44

Figure 6: Results attained by the linear mixed integer programming method (condition o2t10ω571).

Table 21: Genetic algorithm parameters for all experiments.

Parameter Value

Population size 200

Crossover probability pc 0.8

Mutation probability pm 0.1

Number of generations 1500

kk (for experiments with strategies 2 and 4) 1,000,000
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Figure 7: Evolution of the unconstrained fitness function through
generations.

Table 22: Summary of results for all experiments over case study 1: 3-year period G&TEP problem.

Strategy
Random initialization Customized initialization

Best SD [M$] Distance of the
best SD [M$] N of the best SD Best SD [M$] Distance of the

best SD [M$] N of the best SD

Unconstrained 58.6 20.3 664 61.4 13.0 629

Strategy 1 772.1 0.5 436 740.1 0.6 419

Strategy 2 77.8 0.6 436 98.9 0.5 421

Strategy 3 214.3 0.6 446 209.4 0.6 410

Strategy 4 746.7 0.5 427 773.1 0.8 422

Strategy 5 83.4 2.0 452 73.1 1.9 419

Strategy 6 712.8 0.02 386 708.1 0.02 367

Strategy 7 725.8 0.03 408 721.1 0.02 379
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Figure 8: Evolution of the fitness function of strategy 1 through
generations.
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Figure 9: Evolution of the fitness function of strategy 2 through
generations.
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Figure 10: f f harmonic evolution of the fitness function of strategy
3 through generations.
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Figure 11: Evolution of the fitness function of strategy 4 through
generations.
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Figure 12: Evolution of the fitness function of strategy 5 through
generations.
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second experiment, we applied the number of violated
constraints strategy (strategy 1). The results show a
considerable improvement in the distance to feasibility.
Nevertheless, the best SD increased significantly (Figure 8).
The third experiment uses strategy 2 (Figure 9) which incor-
porates the number of violated constraints to the objective
function. Although the distance to feasibility and the number
of violated constraints remained similar to the previous
experiment, the best SD is below from the best solution
presented in Section 5. The harmonic mean strategy (strategy
3, Figure 10) was applied in the fourth experiment. Even if
this strategy balanced both objectives, the distance of feasibil-
ity and number of constraints violated, the best SD remained

below the best solution. The feasibility differentiation
strategy (strategy 4, Figure 11) did not provide a significant
improvement in comparison with previous strategies. The
performance of weighted strategy (strategy 5, Figure 12) is
similar to the results obtained in strategy 2, hence the
infeasibility of the best solution shown with the distance
increased. The performance of the distance-based strategies
6 (Figure 13) and 7 (Figure 14) proved to obtain a solution
closer to feasibility region. They achieved the best improve-
ment in comparison with the first experiment. However,
the SD is still not close to the best solution of the case study.

In contrast to the random initialization process, results
from deliberative initialization showed a significant
improvement in terms of the number of constraints vio-
lated. It is evident that fulfilling more constraints, the
objective function SD increases more than when many
constraints are violated. Moreover, the distance of the best
SD also decreases, as expected. To this end and consider-
ing the above results, strategies 4, 6, and 7 are the better
alternatives for using in a pure genetic algorithm for
solving the G&TEP problem. Prior initialization avoiding
constraint failure is an improvement for the algorithm,
too. Also, it can be observed that an abrupt change in
the evolution of the minimization of the fitness function
occurs in less than 150 generations.

Later on, we conducted the experiments over case study 2
(10-year period G&TEP problem). Notice that this problem
is challenging in the way that there are 552,960 variables
for optimizing, in contrast to the 1152 variables from the
3-year period G&TEP problem. Thus, we ran the experi-
ments using the observations from the previous case study:
prior initialization of the population was done trying to
fulfill the constraints as many as possible, and a maximum
of 200 generations was fixed. Table 23 summarizes the
results of all the experiments over case study 2, and
Figures 15–22 show the evolution of the fitness function
over generations.

As shown in the results, strategy 4 (Figure 19) obtained
the least number of violated constraints among the other
strategies. However, it can be seen that all strategies had
difficulties to minimize the fitness functions, in comparison
to the unconstrained strategy. However, in terms of the
distance of the best SD, strategies 6 and 7 were the best ones
comparing to the unconstrained strategy. It is remarkable to
say that these experiments had issues in terms of the imple-
mentation. For this case study, all experiments were run in
a flexible cloud-service in order to achieve the results because
they could not run under a standard quadcore computer, as
done for case study 1.

To this end, the present analysis highlights that using
a pure genetic algorithm for G&TEP problems can
achieve a first approximation to a suitable solution. How-
ever, it is worth noting that other optimization approaches
should be selected in order to handle this complex
problem. Furthermore, it can be shown that strategies 4,
6, and 7 consistently achieve better results than the other
strategies, and a prior initialization of the population is a
key insight for further research when dealing with
G&TEP problems.
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Figure 13: Evolution of the fitness function of strategy 6 through
generations.
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Figure 14: Evolution of the fitness function of strategy 7 through
generations.

Table 23: Summary of results for all experiments over case study 2:
10-year period G&TEP problem.

Strategy
Best SD
[billion $]

Distance of the best SD
[billion $]

N of the
best SD

Unconstrained 16.1 2777.9 459,346

Strategy 1 16.3 2826.5 456,958

Strategy 2 16.3 2805.9 457,757

Strategy 3 16.3 2803.3 457,587

Strategy 4 16.2 2797.4 455,969

Strategy 5 16.3 2831.2 456,888

Strategy 6 16.2 2699.1 459,419

Strategy 7 16.2 2698.8 459,374
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7. Conclusions and Future Work

In this paper, we proposed a multiperiod stochastic model
applied to the G&TEP problem considering the insertion of

renewable energies, which objective is to achieve a generation
and transmission expansion plan that minimizes the total
cost of investment. In addition, we proposed to address the
G&TEP problem with a pure genetic algorithm approach.
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Figure 15: Evolution of the unconstrained fitness function through generations.
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Figure 16: Evolution of the fitness function of strategy 1 through
generations.
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Figure 17: Evolution of the fitness function of strategy 2 through
generations.
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Figure 18: f f harmonic evolution of the fitness function of strategy
3 through generations.
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Figure 19: Evolution of the fitness function of strategy 4 through
generations.

3.485
3.49

3.495
3.5

3.505
3.51

Fi
tn

es
s f

un
ct

io
n

×1011

0 20 40 60 80 100 120 140 160 180 200
Generations

Figure 20: Evolution of the fitness function of strategy 5 through
generations.
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Different constraint-handling techniques were applied to
deal with the complex case studies.

The comparative analysis conducted in this work shows
that although we applied many of the most commonly used
constraint-handling techniques reported in literature, our
proposed genetic algorithm did not performed efficiently as
required. The best solutions reported did not provide a feasi-
ble solution. From these results, we can state that a pure
metaheuristic approach like genetic algorithm is not fitted
for this particular G&TEP case study with clean energies,
which is a nonlinear complexity problem with a high number
of constraints (e.g., the 10-year period G&TEP problem).
However, our analysis showed that the techniques to handle
constraints with penalty functions based on the feasibility
differentiation, the absolute-distance, and the squares-of-
distance performed better than the other implemented strat-
egies. Ultimately, a pure genetic algorithm implementing
those strategies, as well as a prior initialization of the popula-
tion, promotes a first approximation to a suitable solution if
other optimization approaches are then conducted.

Unless these results with a metaheuristic method appar-
ently show worst performance than the linear stochastic
mixed integer programming method, a large-scale real-
world problem cannot be solved without using metaheuristic
optimization approaches as stated in [18]. Therefore, for
future work, we will explore hybrid metaheuristic approaches
for this G&TEP problem. With regard to the mathematical
model, we will search for possible valid inequalities to ensure
a bigger feasibility region. We will also explore an analysis
including N − K contingencies.

Notations

Indices

n: Buses
g: Existing conventional generators
gw: Existing clean energy generators
c: Candidate conventional generators
cw: Candidate clean energy generators
d: Demand
l: Transmission lines
o: Operating conditions
t: Time periods
ω: Scenarios.

Sets

ΩL+ : Candidate transmission lines
ΩE

n : Conventional existing generators located at bus n
ΩEW

n : Existing wind generators located at bus n
ΩC

n : Candidate conventional generators located at bus n
ΩCW

n : Candidate clean energy generators located at bus n
ΩD

n : Demand at bus n
s l : Sending bus for transmission line l
r l : Ending bus for transmission line l.

Parameters

Bl: Susceptance of transmission line l
CC
c : Production cost of the conventional candidate

generating unit $/MWh
CCW
cw : Production cost of the clean candidate generating

unit $/MWh
CLS
d : Cost of the not supplied demand not supplied

$/MWh
CE
n : Production cost for the existing conventional

generating unit $/MWh
CEW
n : Production cost of the existing clean generating

unit $/MWh
Fmax
l : Rating of the transmission line l MW

ICW,max
t : Investment budget to build the clean generation

candidate unit $
IC,max
t : Investment budget to build the conventional

generating candidate unit $
IL,max
t : Investment budget to build the candidate

transmission line l $
Icw : Investment cost for the candidate clean

generation unit cw $/MW
Ic: Investment cost for the candidate conventional

generating unit c $/MW
Il: Investment cost for the candidate transmission

line l $
PCWmax

c : Maximum generation capacity of the candidate
clean generation unit cw MW

PCmax

c : Maximum generation capacity of the candidate
conventional generation unit c MW

PDmax

d : Maximum demand d MW
PEmax

g : Maximum production capacity of the existing
conventional generation unit g MW

PEmax

gw : Maximum production capacity of the existing
clean energy generation unit gw MW

ρo: Weight of the operating condition o h
γo: Penalization cost for breaching the renewable

portfolio requirement $/MWh
αt : Amortization rate [%]
kt : Clean energy’s goal [%]
φω: Probability of the scenario ω p u .

Binary Variables

XL
l : Binary variable: equal to 1 if the candidate transmission

line is constructed, and 0 otherwise.
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Figure 22: Evolution of the fitness function of strategy 7 through
generations.
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Continuous Variables

PE
g: Power supplied by the existing conventional

generating unit MW
PEW
gw : Power supplied by the existing wind generating

unit MW
PCW
cw : Power supplied by the candidate wind generator

unit MW
PC
c : Power supplied by the conventional candidate

generating unit MW
PLS
d : Not supplied demand MW

PL
l : Power flow through the transmission line l MW

θn: Angle of voltage at bus n rad
PCWmax

c : Rating of the candidate clean generation unit MW
PCmax

c : Rating of the candidate conventional generating
unit MW

TTotω: Deficiency of the renewable goal MW
SD: Objective function, total investment $ .

Genetic Algorithms

f f : Fitness function
N : Number of violated constraints
kk: Large penalty constant
S: Number of satisfied constraints
m: Total number of constraints
wi: Penalty weights
bi: Bounds of constraints.
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Two differential flatness-based bidirectional tracking robust controls for a DC/DC Buck converter-DC motor system are designed.
To achieve such a bidirectional tracking, an inverter is used in the system. First control considers the complete dynamics of the
system, that is, it considers the DC/DC Buck converter-inverter-DC motor connection as a whole. Whereas the second separates
the dynamics of the Buck converter from the one of the inverter-DC motor, so that a hierarchical controller is generated. The
experimental implementation of both controls is performed via MATLAB-Simulink and a DS1104 board in a built prototype of
the DC/DC Buck converter-inverter-DC motor connection. Controls show a good performance even when system parameters
are subjected to abrupt uncertainties. Thus, robustness of such controls is verified.

1. Introduction

The electrical energy control with power electronic devices
has been an important research topic during the last years
[1]. Where the driving of new classes of motors has been
possible thanks to the power electronics [2]. Likewise, the
use of the control engineering and power electronics [3],
among other areas, glimpses the possibility of achieving a
driving more efficient of the new forms of electrical energy
generation [4]. In that direction, the different forms of
electrical conversion result very important in the energy pro-
cessing. Thus, the appropriate supply of multiple applica-
tions of the new energy forms is achieved [5–10]. In such
applications, some involving motion generations are found
whose operation is reduced to the design of drivers for
motors (see [11, 12]). Among others, the DC motors have
been benefited by the design of drivers based on DC/DC
power electronic converters. Thus, according to the rotation

of the motor shaft, works related to the control of DC/DC
power converters-driven DC motors can be divided in two
fashions: (a) with unidirectional rotation and (b) with
bidirectional rotation. Thus, the state-of-the-art review is
as follows.

1.1. Unidirectional Rotation. Lyshevski [11] proposed math-
ematical models for DC/DC power converters connected to
DC motors. The topologies there considered were the Buck,
Boost, and Cuk. Also, Lyshevski designed a nonlinear PI
control for regulating the angular velocity of the DC/DC
Buck converter-DC motor system. On the other hand,
Boldea and Nasar [12] presented position, velocity, and
torque controls to solve the regulation problem of DC/DC
power converter-DC motor systems. Later, for the first time,
Linares-Flores in [13] proposed a differential flatness-based
control, an average GPI control, and a passivity-based
control. These three controls solve the trajectory tracking
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task in the DC/DC Buck converter-DC motor system. Also,
for the same system, Ahmad et al. in [14] presented a perfor-
mance assessment of the PI, fuzzy PI, and LQR controls for
the angular velocity tracking problem. While Bingöl and
Paçaci [15] reported a virtual laboratory based on neural
networks to control angular velocity of such system. Recent
works dealing with the angular velocity trajectory tracking
for the DC/DC Buck converter-DC motor system have been
reported in [16–21]. Sira-Ramírez and Oliver-Salazar [16]
proposed a robust control based on the active disturbance
rejection and differential flatness for two configurations
of the DC/DC Buck converter-DC motor system. Silva-
Ortigoza et al. introduced robust hierarchical controls
based on differential flatness [17, 18] and sliding mode-PI
with flatness in [19]. Likewise, Hernández-Guzmán et al.
[20] proposed a sliding mode control and PI for controlling
the converter voltage, the armature current, and the angular
velocity of the motor. On the other hand, via a sensorless
load torque estimation, a control based on the exact tracking
error dynamics passive output feedback methodology was
proposed by Kumar and Thilagar in [21]. More recently,
Khubalkar et al. in [22] presented a stand-alone digital
fractional order PID tracking control for the DC/DC Buck
converter-DC motor system. Rigatos et al. in [23] designed
a flatness-based control to solve the trajectory tracking
problem. Another solution was proposed by Nizami et al.
in [24], where a neuro-adaptive backstepping control for
the angular velocity tracking was developed for the afore-
mentioned system. Other interesting works reported in the
last months, on tracking control design for the DC/DC
Buck-DC motor system, are [25–29]. Additional works
where other topologies of DC/DC power converters driven
DC motors are [30–32] for the Boost converter, [33] for
the Buck-Boost converter, and [34] for the Sepic and
Cuk converters.

1.2. Bidirectional Rotation. Due to the principle of operation
of the DC/DC power converters, the bidirectional velocity
tracking control in DC/DC converters-DC motor systems is
not possible using only DC/DC converters. Thus, to over-
come this restriction, which has been a topic of interest in
the last years, an inverter circuit has been introduced in such
systems, leading to DC/DC converter-inverter-DC motor
systems. In this direction, Ortigoza et al. presented in [35]
the modeling and experimental validation of the DC/DC
Buck converter-inverter-DC motor system. While in [36],
Ortigoza et al. designed and tested a passivity-based tracking
control for a built prototype of the same system. Further-
more, the model and a passivity-based tracking control for
the DC/DC Boost converter-inverter-DC motor system were
reported in [37] by García-Rodríguez et al. and [38] by
Ortigoza et al., respectively. On the other hand, Márquez
et al. reported the modeling and experimental validation of
the DC/DC Buck-Boost converter-inverter-DC motor sys-
tem in [39]. Also, for the same system, Hernández-Márquez
et al. in [40] solved the regulation problem via a sensor-
less passivity-based control. Lastly, for the DC/DC Sepic
converter-inverter-DC motor system Linares-Flores et al. in
[41] solved the regulation problem through a passive control.

After reviewing the literature of the DC motors driven by
DC/DC power converters, it was found that different controls
have executed the angular velocity regulation and trajectory
tracking tasks in two fashions: (i) for unidirectional rotation
of the motor shaft [11–34] and (ii) for bidirectional rotation
of the motor shaft [35–41]. From the point of view of the
practical and industrial applications, [11–34] are limited
when compared with [35–41]. Regarding the latter, to the
authors’ knowledge, for the DC/DC converter-inverter-DC
motor systems, robust solution for the trajectory tracking
has not been proposed. Thus, the main contribution of this
paper is to propose two robust controls based on flatness
for the tracking task in the DC/DC Buck converter-
inverter-DC motor system. The first control considers the
system complete dynamics; whereas the second takes into
account the dynamics conforming the system separately
(i.e., Buck converter and inverter-DC motor), producing a
hierarchical controller. The designed controls are experi-
mentally verified on a prototype, showing robustness under
parametric uncertainty.

The remainder of the paper is organized as follows. In
Section 2, the design of the robust controllers is developed.
The experimental results are shown in Section 3. Finally,
conclusions are presented in Section 4.

2. Tracking Controls Based on
Differential Flatness

In this section, two controls are designed with the purpose
of carrying out the bidirectional angular velocity trajectory
tracking task of a DC/DC Buck converter-DC motor system.

2.1. System Model. The electronic circuit of the system under
study is shown in Figure 1. This system, in general, is
composed of three stages, namely, a DC/DC Buck converter,
a complete bridge inverter, and a DC motor. Unlike the
arrangements presented in [11–29], such configuration
allows the bidirectional driving of the motor shaft.

The system average model presented in Figure 1,
which was deduced and experimentally validated in [35],
is given by

L
di
dt

= Eu1av − υ, 1

C
dυ
dt

= i −
υ

R
− iau2av, 2

La
dia
dt

= υu2av − Raia − keω, 3

J
dω
dt

= kmia − bω, 4

where i represents the inductor current, υ is the capacitor
output voltage, ia is the armature current, ω is the angular
velocity, the voltage source has the constant value E, L is
the inductance of the input circuit, C is the capacitance of
the output filter, R is the output load, La is the armature
inductance, Ra is the armature resistance, J is the moment
of inertia of the rotor and motor load, ke is the
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counterelectromotive force constant, km is the motor torque
constant, and b is the viscous friction coefficient of the motor.
Whereas u1av and u2av represent the system average con-
trols, under the restrictions u1av ∈ 0, 1 and u2av ∈ −1, 1 ,
also known as duty cycles.

2.2. Flatness Control: Complete Dynamics. Here, the first
flatness control that solves the bidirectional velocity tracking
for the DC/DC Buck converter-inverter-DC motor system is
designed. This first control considers all the system dynam-
ics, that is, it is based on the fourth-order nonlinear model
(1), (2), (3), and (4).

Departing from the work experience related to the
DC/DC Buck converter-DC motor, particularly [17, 18],
and [19], and from the control objectives, the flat outputs
of the system (1), (2), (3), and (4) are proposed as F1 = υ
and F2 = ω. Thus, the system differential parametrization
is determined by

υ = F1, 5

ω = F2, 6

i = CF1 +
1
R
F1 + iau2av, 7

ia =
1
km

JF2 + bF2 , 8

u1av =
L
E

CF1 +
1
R
F1 +

d iau2av
dt

+ 1
L
F1 , 9

u2av =
1
F1

JLa
km

F2 +
1
km

bLa + JRa F2 +
bRa
km

+ ke F2

10

From the parametrization of u1av (9) and u2av (10), the
following controls are proposed:

u1av =
L
E

Cη + 1
R
F1 +

d iau2av
dt

+ 1
L
F1 , 11

u2av =
1
F1

JLa
km

μ + 1
km

bLa + JRa F2 +
bRa
km

+ ke F2

12

After replacing (11) and (12) in (9) and (10), respectively,
the trajectory tracking problem, related to F1 and F2, is
reduced to control the following:

η = F1, 13

μ = F2 14

With the intention of achieving F1 → F∗
1 and F2 → F∗

2 ,
with F∗

1 being a desired voltage and F∗
2 a desired angular

velocity. Proposals for the auxiliary controls, η and μ, that
achieve such objectives are the following:

η = F
∗
1 − β2 F1 − F

∗
1 − β1 F1 − F∗

1 − β0

t

0
F1 − F∗

1 dτ,

15

μ = F
∗
2 − γ2 F2 − F

∗
2 − γ1 F2 − F∗

2 − γ0

t

0
F2 − F∗

2 dτ

16
Thus, it is clear that with the selection (15) and (16), the

control objective is achieved. Since, after replacing (15)
and (16) in (13) and (14), respectively, the tracking errors’
dynamics of the closed-loop system are:

0 =    ⃛eυ + β2eυ + β1eυ + β0eυ, 17

0 =   ⃛eω + γ2eω + γ1eω + γ0eω, 18

where the tracking errors are defined as

eυ = F1 − F∗
1 ,

eω = F2 − F∗
2

19

The characteristic polynomials associated with (17) and
(18) are determined by

pυ s = s3 + β2s
2 + β1s + β0, 20

pω s = s3 + γ2s
2 + γ1s + γ0 21

A convenient selection of the controls gains β2, β1, β0
and γ2, γ1, γ0 are given by

β2 = a1 + 2ξ1ωn1,
β1 = 2ξ1ωn1a1 + ω2

n1,
β0 = a1ω

2
n1,

γ2 = a2 + 2ξ2ωn2,
γ1 = 2ξ2ωn2a2 + ω2

n2,
γ0 = a2ω

2
n2,

22

which are imposed when matching (20) and (21), term to
term, with the following Hurwitz polynomials:

pυd s = s + a1 s2 + 2ξ1ωn1s + ω2
n1 , 23

pωd
s = s + a2 s2 + 2ξ2ωn2s + ω2

n2 , 24

with a1, a2 > 0, ξ1, ξ2 > 0, and ωn1, ωn2 > 0.

DC/DC Buck converter
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Q2

u2
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Q2
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w M
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R�ѣ

+

−
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Figure 1: DC/DC Buck converter-inverter-DC motor system.
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In consequence, the controls (11) and (12), as long as
υ > 0, accomplish υ→ υ∗ and ω→ ω∗, respectively.

2.3. Flatness-Based Hierarchical Controller: Separate
Dynamics. In this section, the second flatness control strategy
that executes the bidirectional angular velocity trajectory
tracking for the DC/DC Buck converter-inverter-DC motor
system (1), (2), (3) and (4) is designed. This strategy is on
the basis of a hierarchical control scheme that takes into
account the system dynamics separately, that is, a flatness
control for the motor and another for the converter. By
initially considering that the DC/DC Buck converter and
the DC motor operate separately, the hierarchical control
structure is the following:

(1) High-level control: this flatness control carries out
the bidirectional angular velocity trajectory tracking
in the DC motor shaft, that is, ω→ ω∗.

(2) Low-level control: this flatness control executes the
DC/DC Buck converter output voltage tracking, that
is, υ→ υ∗.

(3) Integration: this allows the connection between
the controls (1) and (2) through the hierarchical
control scheme.

(1) DC Motor Control. Since, initially, it is assumed that
the Buck converter and DC motor operate separately. Then,
from (3) and (4), the motor model is transformed in

La
dia
dt

= ϑ − Raia − keω,

J
dω
dt

= kmia − bω,
25

where

ϑ = υu2av 26

According to [18], the system (25) has as flat output
to ω. In consequence, the control ϑ allows the following
representation:

ϑ = JLa
km

ω + 1
km

bLa + JRa ω + bRa
km

+ ke ω 27

From (27), after proposing the motor control as

ϑ = JLa
km

μ + 1
km

bLa + JRa ω + bRa
km

+ ke ω, 28

the angular velocity tracking problem is reduced to control
the system:

μ = ω 29

If ω∗ is the desired angular velocity, a selection of μ that
accomplishes ω→ ω∗ is given by

μ = ω∗ − γ2 ω − ω∗ − γ1 ω − ω∗ − γ0

t

0
ω − ω∗ dτ, 30

where γ0, γ1, and γ2 are the gains of the auxiliary con-
trol μ. Defining the tracking error as eω = ω − ω∗, after
replacing (30) in (29), the error dynamics in closed-
loop is obtained

  ⃛eω + γ2eω + γ1eω + γ0eω = 0, 31

whose characteristic polynomial is

pω s = s3 + γ2s
2 + γ1s + γ0, 32

which is imposed to be stable, via its matching with the
Hurwitz polynomial (24), that is,

pωd
s = s + a2 s2 + 2ξ2ωn2s + ω2

n2 , 33

with a2 > 0, ξ2 > 0, and ωn2 > 0. Therefore, the gains γ2, γ1,
and γ0 are given by

γ2 = a2 + 2ξ2ωn2,
γ1 = 2ξ2ωn2a2 + ω2

n2,
γ0 = a2ω

2
n2

34

With the aforementioned approach, ω→ ω∗ when
t→∞ is achieved.

(2) Buck Converter Control. As it is assumed that there is no
connection between the converter and motor. Then, ia = 0,
from (1) and (2) the Buck converter model is

L
di
dt

= Eu1av − υ,

C
dυ
dt

= i −
υ

R

35

According to [18], the flat output of the system (35) is υ.
Thus, u1av can be written as:

u1av =
LC
E

υ + L
RE

υ + 1
E
υ 36

Choosing the control input u1av, from (36), as

u1av =
LC
E

η + L
RE

υ + 1
E
υ 37

Then, the voltage tracking in the converter output is
reduced to

η = υ 38
Thus, a convenient proposal of η so that υ→ υ∗, with υ∗

being the converter desired voltage, is

η = υ∗ − β2 υ − υ∗ − β1 υ − υ∗ − β0

t

0
υ − υ∗ dτ, 39
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where β2, β1, and β0 are the gains of the auxiliary control
η. Thus, the control (37), with (39), achieves υ→ υ∗ when
t→∞. This is quickly verified when (39) is replaced in
(38). Since, after defining the tracking error eυ = υ − υ∗,
the closed-loop dynamics is obtained

  ⃛eυ + β2eυ + β1eυ + β0eυ = 0, 40

whose characteristic polynomial is

pυ s = s3 + β2s
2 + β1s + β0, 41

which is imposed to be stable through matching it with the
Hurwitz polynomial

pυd s = s + a1 s2 + 2ξ1ωn1s + ω2
n1 , 42

where a1 > 0, ξ1 > 0, and ωn1 > 0. Hence, the auxiliary control
gains are determined by

β2 = a1 + 2ξ1ωn1,
β1 = 2ξ1ωn1a1 + ω2

n1,
β0 = a1ω

2
n1

43

(3) Hierarchical Controller. Having carried out the separate
control of the subsystems integrating the DC/DC Buck
converter-inverter-DC motor system. Now, the hierarchical
controller that executes the bidirectional angular velocity
trajectory tracking is proposed.

For the DC motor, it was found that the control ϑ
achieving ω→ ω∗ is determined by

ϑ = JLa
km

μ + 1
km

bLa + JRa ω + bRa
km

+ ke ω, 44

with μ defined as

μ = ω∗ − γ2 ω − ω∗ − γ1 ω − ω∗ − γ0

t

0
ω − ω∗ dτ 45

In turn, ϑ defined in (26) as

ϑ = υu2av, 46

considers that the voltage υ is the power supply of the DC
motor inverter circuit. Therefore, the control associated with
the inverter is determined by

u2av =
ϑ

υ
47

On the other hand, the control accomplishing υ→ υ∗ was
defined as

u1av =
LC
E

η + L
RE

υ + 1
E
υ, 48

with η given by

η = υ∗ − β2 υ − υ∗ − β1 υ − υ∗ − β0

t

0
υ − υ∗ dτ 49

Thus, the hierarchical controller is determined by
(48) and (47), as long as υ > 0, obtaining υ→ υ∗ and
ω→ ω∗, respectively.

3. Experimental Results in Closed-Loop

Here, the experimental results in closed-loop of the flatness
controls designed in Section 2 are presented. The controls
robustness is verified under abrupt variations in the system
parameters. In the experimental development, MATLAB-
Simulink and a dSPACE DS1104 board are used.

3.1. Experimental Setup. The experimental setup was
developed using the general connection diagram shown
in Figure 2. In the diagram presented in Figure 2 the
following blocks are distinguished:

(i) Bidirectional DC/DC Buck converter-DC motor sys-
tem: this block corresponds to the system under
study and is composed of three stages, namely, a
Buck power converter, an inverter, and a DC motor.
The nominal values of the Buck converter parame-
ters are as follows:

L = 4 94mH,
R = 64Ω,
C = 114 4 μF,
E = 42V

50

The inverter allows obtaining the bidirectional angu-
lar velocities in the motor shaft. The driving of the
inverter transistors is carried out by two IR2113.
Lastly, the used DC motor corresponds to the
GNM5440E-G3.1 whose nominal parameters are
as follows:

La = 2 22mH,
ke = 120 1 × 10−3 N ⋅m/A,
Ra = 0 965Ω,
km = 120 1 × 10−3 V ⋅ s/rad,
J = 118 2 × 10−3 kg · m2,
b = 129 6 × 10−3 N ⋅m ⋅ s/rad

51

(ii) Flatness controls: in this block, the differential
flatness controls are programmed via MATLAB-
Simulink. That is, the controls (11) and (12) (based
on the complete dynamics) and (47) and (48) (based
on the separate dynamics of the system) are experi-
mentally implemented. The gain parameters associ-
ated with the differential flatness controls, (11),
(12) and (47), (48), are defined as
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a1 = 30,
ξ1 = 1,

ωn1 = 1000,
a2 = 40,
ξ2 = 1 5,

ωn2 = 90

52

Notice that the gain definitions related to the
controls, given by (22), (34), and (43) are equal.

(iii) Desired trajectories: in this block, the desired
trajectories ω∗ and υ∗ are programmed. For the
DC motor, the following bidirectional trajectory
is proposed:

ω∗ t = A sin 2π
P
t , 53
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with a period P = 20/3 s and an amplitude A =
13 rad/s. Whereas for the Buck converter, the tra-
jectory is defined as

υ∗ t = υi ti + υf t f − υi ti ψ t, ti, t f 54

That is, the desired trajectory υ∗ smoothly
interpolates between the initial voltage υi = 24V
and the final one υf = 30V in the time interval
ti, t f = 1 s, 2 s through the Bézier polynomial ψ,
defined by

(iv) Board and conditioning circuit: this block electri-
cally isolates the DS1104 board from the power
stage, through the NTE3087 and TLP250 opto-
couplers. Furthermore, this block properly drives
the Buck converter and inverter when generating,
by means of the PWM1 and PWM2, the switched
inputs u1 and u2, respectively. Also, in this block,
the measurement of the variables i, υ, ia, and ω is
carried out. Two current probes A622 are used
to measure i and ia. While the voltage probe
P5200A is employed to read the voltage υ. Lastly,
ω is obtained via the E6B2-CWZ6C encoder and
Simulink blocks.

3.2. Experimental Results. In order to obtain the experimental
results, the connection diagram shown in Figure 2 has been
used. This shows the interconnections of the bidirectional
DC/DC Buck converter-DC motor system with MATLAB-
Simulink and the DS1104 board.

With the intention of evaluating the performance of the
designed controls, the following abrupt changes in the system
parameters E, R, L, and C have been considered:

Em =
E, 0 s ≤ t < 2 5 s,
70%E, 2 5 s ≤ t < 5 s,
E, 5 s ≤ t ≤ 20 s,

Rm =
R, 0 s ≤ t < 7 5 s,
14%R, 7 5 s ≤ t < 10 s,
R, 10 s ≤ t ≤ 20 s,

Lm =
L, 0 s ≤ t < 12 5 s,
30%L, 12 5 s ≤ t < 15 s,
L, 15 s ≤ t ≤ 20 s,

Cm =
C, 0 s ≤ t < 17 5 s,
300%C, 17 5 s ≤ t ≤ 20 s

56

Figure 3 shows the experimental results in closed-loop
when the abrupt changes (56) are considered. Whereas,
Figure 4 depicts the experimental results when an abrupt load
variation, via a brake system, is applied in 8 s ≤ t ≤ 15 s. In
both figures, the results associated with the control based
on the complete dynamics, that is, (11) and (12), correspond
to ωcd, iacd , u2avcd , υcd, icd, and u1avcd . While the results related
to the control based on the separate dynamics, that is, (47)
and (48), are ωsd, iasd , u2avsd , υsd, isd, and u1avsd .

As can be observed in Figures 3 and 4, the results
are satisfactory for both controls, since it is achieved
that ω→ ω∗ and υ→ υ∗ even when abrupt changes in
the system parameters and an abrupt load variation are
taken into account. Thus, the robustness of the controls
is shown. On the other hand, the controls u1av and u2av
are not saturated when executing the system tracking
task. That is, u1av ∈ 0, 1 and u2av ∈ −1, 1 in all the
experimental results.

Lastly, although in general the two controls show good
performance, the authors consider that the scheme based
on the hierarchical approach, that is, (47) and (48), is more
simple to design because the system (1), (2), (3), and (4) is
separated in two subsystems.

4. Conclusions

In this paper, two flatness-based robust controls for the bidi-
rectional angular velocity trajectory tracking problem of the
DC/DC Buck converter-inverter-DC motor system were
proposed. The first control considers the system complete
dynamics. Whereas, the second separates the dynamics of
the system, which later are joined through a hierarchical
controller. The performance of the proposed controls was
verified through experiments with a built prototype,
MATLAB-Simulink, and a DS1104 board. The results shown
that the proposed controls satisfactorily execute the trajec-
tory tracking task even when abrupt changes on the system
parameters are considered. Thus, the robustness of the
flatness-based controls was exhibited. It is noteworthy that
the tested uncertainties do not simultaneously occur in prac-
tice. However, they were presented with the purpose of

ψ t, ti, t f =

0, t ≤ ti,

t − ti
t f − ti

3

20 − 45 t − ti
t f − ti

+ 36 t − ti
t f − ti

2

−10 t − ti
t f − ti

3

, t ∈ ti, t f ,

1, t ≥ t f

55
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showing the possible industrial application of the herein
designed controls.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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A large number of electromagnetic transient studies have been analyzed for finding the overvoltage behavior of power system. A
grounding grid of power system is so important for reducing the effect of overvoltage phenomena during a short-circuit event.
Two sections are important in grounding system behavior: soil ionization and inductive behavior; this paper focuses on the
inductive manner of grounding grid. The grounding grid is considered as a conductor segment; each conductor segment acts as
a grounding unit. In this paper, the transient methodology is introduced to investigate the lightning effect on grounding body at
each point of grounding grid in normal and optimized conditions. Genetic algorithm is applied for regular and irregular
grounding grid to obtain best values of mesh size with the lower ground potential rise (GPR) as compared with the normal
condition for more safety. The grounding grid is a combination of inductance, resistance, and capacitance. This model is
suitable for practical applications related to fault diagnosis. Several voltages on different positions of grounding grid are
described in this paper using ATP-EMTP and genetic algorithm. The computer simulation shows that the proposed scheme is
highly feasible and technically attractive.

1. Introduction

In daily life, electricity plays a vital role. Electrical power
system consists of generation, transmission, and distribution.
It is very important to secure this transmission and distribu-
tion for the safety of customers. For more safety, the ground-
ing system at specific points has been predicted in a power
grid. A number of articles had been discussed about human
safety in the surroundings of grounding system or other
electrical devices [1–3]. There are two important sections
for improving performance at the grounding grid, firstly
reducing fault current and secondly optimizing the grid
configuration. Reducing fault current is so difficult or
impractical in the grounding grid [4, 5]. Then, the modifica-
tion of grounding grid configuration is frequently used,

which can be reached by changing of the grid mesh and
adding vertical grounding rods for getting more efficiency
[6–8]. The behavior of grounding grids under lightning
stroke is explained with more details and analysis in [9].
The purpose of the ground system is twofold: the first is to
provide safety against electric shock, which can cause harm
to people and the second is to provide the proper operating
level for the power system when a fault occurs. For managing
safety in a ground grid against fault, problems like lightning
need to be simulated with the different software; for example,
TRAGSYS is used to simulate and to analyze the transient
on transformer terminals by taking into account the
grounding effects [10]. ETAP software was proposed for
ground grid mesh designing by using the latest IEEE 81
2013 standard for ground grid mesh data [11]. The rigorous
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electromagnetic model was suggested for analyzing the light-
ning surge efficiency of grounding grids. The result of the
proposed model shows that values of the grounding grid
impulse coefficients are nearly linear dependent on the side
length of square grids [12]. The author at [13] proposed the
external charge method to design for grounding grids. For
estimation of grounding grid parameters, boundary element
method is used. The advantages of these methods are the
ability to calculate parameters of complex groundings in
homogeneous and double-layered soil with parallel bound-
aries of discontinuity of the soil electrical conductivity under
lightning stroke [14–16]. In some papers, the transient elec-
tromagnetic (TEM) method is used to draw the configuration
of a substation for optimization of grounding grid under
lightning stroke [17–19].

In this paper, we achieve to figure out the configuration of
grounding grids using ATP-EMTP. Firstly, we show a
simulation of grounding in ATP-EMTP under lightning
stroke in normal computation. Secondly, genetic algorithm
is suggested to a system for optimization of grounding grids.
The complete configuration of grounding grids will be clearly
and accurately shown on the map. Surface voltages and mesh
size before and after optimization will be investigated under
lightning stroke in a grounding grid. Each stroke lasts
normally less than one millisecond, and the separation time
between the strokes is typically a few tens of milliseconds.

2. Analytical Lightning Current in ATP-EMTP

When lightning attaches to the substation, two current waves
distribute in the substation. The first one is moving upwards
to reach a maximum value of lightning current, and the
second one goes down towards zero value. The speed of the
lightning current in the first section as shown in Figure 1 is
very close to the speed of light, and in the second section, it
gradually decreases with the speed less than that of light
(usually 1/3 to 2/3 of the speed of light). The analytical
expression is usually adopted to represent the injected
current io(t) in the Heidler function, defined as

io t = I
t/τ1 n

1 + t/τ1 n e
− t/τ1 , 1

where I is a control of the current amplitude, τ1 is the front
time constant, τ2 is the decay time constant, and n is an
exponent having values between 1.1 to 20.

Figure 1 shows the example of the lightning current curve
when the lightning happens.

3. Grounding Grid in Power System

The substation grounding system comprises a grid (earth
mat) formed by a horizontal buried conductor. The functions
of grounding systems or earth mat include the following:

(1) To ensure safety to personnel in substations against
electrical shocks

(2) To provide the ground connection for connecting
the neutrals of star-connected transformer winding
to earth (neutral earthing)

(3) To discharge the overvoltages from overhead ground
wires or the lightning mats to earth

(4) To provide a path for discharging the charge between
phase and ground by means of earthing switches

(5) To provide earth connections to structures and other
noncurrent carrying metallic objects in the substation
(equipment grounding)

Figure 2 shows the general arrangement of an earth
electrode system at an electrical substation.

4. Computation Test Cases

The mesh is formed by placing mild steel bars arranged in x
and y directions in the soil at a depth of about 0.5m below the
surface of the substation floor in the entire substation area
except for the foundations. A typical conductor spacing
ranges from 3 to 20m. The crossings of the horizontal bars
in the x and y directions are welded. The earthing rods can
also be placed downside the mesh at each point including
the points in building foundations as well as the transformer
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Figure 1: Lightning current.

Figure 2: General arrangement of an earth electrode system at an
electrical substation [20].

2 Complexity



Vertical electrodes/spikes

Typical mesh

dli

l

2r

Figure 3: Three-dimensional view of the earthing system.

l

2r

L

L L
R

R RL

R

Figure 4: Parameter model of elementary grounding electrode
segment.

Li

Ri C
dli

Figure 5: The equivalent circuit for ground rod.

foundations and inside fenced areas and so on. Figure 3
shows the three-dimensional view of the earthing system.

The proposed model representation of grounding
electrodes includes properly arranged size of inductances
and resistances. Figure 4 shows the parameter model of
elementary grounding electrode segment.

The longitudinal resistance “R” and self-inductance “L”
for each elementary cell is obtained by using the following
classical expressions:

R = l
π r2

⋅ ρcu Ω , 2

L = μ0 ⋅ l
2 ⋅ π ⋅ ln 2 ⋅ l

2 ⋅ r ⋅ h
− 1 H , 3

where “l” is the length of the elementary cell, “r” is the radius
of the electrode, “ρcu” is the resistivity of the material, and “h”
is the buried depth, and the magnetic permeability of the
material has been assumed equal to the vacuum permeability,
μ0 = 4 ⋅ π ⋅ 10−7 [21].

ρcu = 1 77 × 10−8,
μ0 = 4 ⋅ π ⋅ 10−7,
r = 0 015m,
l = 15m,
R = 37 56 × 10−5 Ω,
L = 13 5 μH,
h = 0 5m

4

An equivalent circuit of the ground rod is shown in
Figure 5. The resistance, inductance, and capacitance of the
under transient phenomenon are calculated by [22]

Ri =
ρ

li
ln 8li

d
− 1 Ω ,

Li = 2li ln 4li
d

× 10−7 H ,

C = εrli
18 ln 4li/d

× 10−9 F ,

5

where “ρ” is solid resistivity (Ω-m), “li” is the total length of
ground rod (m), “d” is the diameter of the ground rod (m),
and “εr” is the relative permittivity of solid.

ρcopper = 1 68 × 10−8,
li = 1m,
d = 0 016m,
Li = 0 0011mH,
Ri = 8 7 × 10−8 Ω,
εr = 250,
C = 0 0025 μF

6

Also, stoke current pulse has a peak value of Im = 30 kA,
and a zero to peak time is 4μs.

16-grounding-mesh model is simulated by implementing
all data in ATP-EMTP. Randomly, three points are selected
for analyzing the effect of the grounding grid when lightning
happens in the substation. Figure 6 shows the 16-mesh model
of regular grounding.

The grid is hit by lightning current pulse Im = 30 kA as
shown in Figure 7. The dimensions of the grid have a
60 × 60m2 and 15 × 15m2 mesh and are buried in soil
with 30Ωm resistivity.

As shown in Figure 8, three selected points are
investigated.

Figure 9 shows the ground potential rise (GPR) at
points A, B, and C in ATP-EMTP. It can be seen that
voltages in points are different when lightning happens
in the grounding system.

The next case study included in this paper is for analyzing
irregular grounding grid when lightning hit in the system.
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16-grounding-irregular-mesh model is designed and simu-
lated in ATP-EMTP. In this case, three points are selected
for analyzing the effect of the grounding grid randomly,

when lightning happens in the substation earlier dis-
cussed in Figure 6. Figure 10 shows the 16-irregular-mesh
grounding grid. The dimension of the grid has a 60 × 60m2,
11 × 12m2, 11 × 18m2, and 12 × 19m2 meshes and is buried
in soil with 30Ωm resistivity.

The length of elementary cells of the irregular mesh is
listed below.

la = 18m, lb = 19m, lc = 12m, ld = 11m 7

Based on the (2) and (3), all the longitudinal resistance
“R” and self-inductance “L” for each elementary cell of the
irregular mesh are obtained as shown below.

Ra = 45 × 10−5 Ω,
La = 16 86 μH,
Rb = 47 57 × 10−5 Ω,
Lb = 18μH,
Rc = 30 × 10−5 Ω,
Lc = 10 26 μH,
Rd = 27 54 × 10−5 Ω,
Ld = 9 2 μH

8

0

5

10

15

20

25

30

35

Li
gh

tn
in

g 
cu

rr
en

t (
kA

)

Time (ms)
40 0.5 1 1.5 2 2.5 3 3.5
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Figure 11 shows the GPR at points A, B, and C as shown
in Figure 10. As it can be seen, voltages in points are different
with the irregular ground grid when lightning hit the
grounding grid.

Reducing maximum voltage of regular and irregular
grounding grid after lightning hit in the system is so
important for safety. For that reason, it is better to change
the size of the mesh with the same total area of the
grounding grid. For obtaining best mesh size, it is sug-
gested to use algorithm methods. Few algorithm methods
are applied in the lightning field in the power system
[23, 24]. But in this case, for optimization of mesh size
and reduction of maximum ground potential rise, genetic
algorithm is suggested.

5. Minimization of GPR Using
Genetic Algorithm

For designing an optimal grounding grid with more safety,
genetic algorithm [25, 26] is applied in ATP-EMTP. The
representation of each possible grid is made by means of a
string of bits V . This string is made of two substrings Vx
and Vy with lengths Nx and Ny, respectively. Each substring
represents the conductors arranged in each possible direc-
tion. Nx and Ny are the maximum numbers of wires parallel
to the y- and x-axes, respectively, forming the grid. Hence,
the minimum possible distance between any two wires
parallel to the y-axis is

Dx =
Lx
Nx

9

and to the x-axis is

Dy =
Ly
Ny

, 10

where Lx and Ly are the total dimensions of the grid. Each
bit corresponds to one possible situation of a wire in the

grounding grid. If the grid has a conductor in the i position,
the respective bit value is 1. Otherwise, the bit value is 0
(see Figure 12).
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Figure 11: GPR at points A, B, and C after lightning in the irregular
ground grid.
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First of all, a population is generated in a random way.
Starting from this population and by means of the basic
crossover and mutation operators, the following new popula-
tions are generated. In each generation, all the individuals are
analyzed to evaluate their fitness as optimum solution to the
problem. The model used in the analysis of the grounding
grids is independent of the genetic algorithm. In this case, a
typical method for studying grounding systems at low fre-
quency is used. This method, named “Combined Integration/
Matrix Method” is based on subdividing the conductors of
the grounding grid into smaller segments. The density of
leaking current in each segment may be considered con-
stant. So, a matrix relationship between the currents and
the corresponding potentials in all the segments can be
calculated. The elements of the abovementioned matrix
are obtained by integration. If the grid is assumed equipo-
tential, the values of the leaking currents can be calculated.
Knowing the leaking currents, the potential at any point
on the earth’s surface can be calculated. In order to take
into account the effect of the boundary ground air, the tradi-
tional method of images is used.

The objective function to be minimized is GPR. The
constraints of step and touch voltages which must be
strictly observed could be introduced by assigning a null
value to the fitness function for the grids which do not
meet them [27].

Genetic parameters, for example, population size, cross-
over rate, and mutual rate, are the entities that assist in
tuning the genetic algorithm performance. All of the data is
applied in ATP-EMTP for optimization of the grounding
grid. The genetic algorithm defined new mesh size for reduc-
ing GPR in the grounding grid.

For new mesh size, new R and L should be defined in
ATP-EMTP using (2) and (3), new data obtained for ground-
ing grid shown in below equations.

R1 = 39 43 × 10−5 Ω,
L1 = 13 8 μH,
R2 = 36 55 × 10−5 Ω,
L2 = 13 06 μH

11

After applying the genetic algorithm in ATP-EMTP, the
mesh size in the regular ground grid is changed to a new
value but the total area of the grounding grid is the same.
Figure 13 shows the new value of mesh size in the regular
grounding grid system.

Figure 14 shows the ground potential rise (GPR) at
points A, B, and C in ATP-EMTP after applying genetic
algorithm with new mesh sizes. It can be seen that volt-
ages in points are less than those in Figure 9 when
lightning hits the grounding grid system. As the size of
mesh changes, the value of GPR decreases. For obtaining
best results, a genetic algorithm is applied in the grid
using ATP-EMTP. Decreasing GPR causes increasing safety
in the grounding grid. Also, voltage dead time is reduced
by genetic algorithm optimization in comparison with
normal conditions.

Table 1 shows the values of GPR before and after optimi-
zation of a genetic algorithm using ATP-EMTP when the
grounding grid mesh sizes are regular.

As shown in Table 1 at point A, the maximum GPR
is reduced from 67.85 kV to 66.5 kV, at point B from
45.27 kV to 43.5 kV, and at point C from 28.5 kV to
27.35 kV, respectively. Also for voltage, the dead time at
point A is decreased from 9.17V to 9.085V, at point B
from 9.42V to 9.34V, and at point C from 7.035V to
6.967V, respectively.

In the other case study for irregular grounding grid, after
applying the genetic algorithm in ATP-EMTP, all elementary
cells of irregular mesh changed in optimum value that is
written below.

la = 19 46m,
lb = 18 68m,
lc = 11 65m,
ld = 10 24m

12

Table 1: Simulation data comparison before and after optimization in regular grounding grid.

Point A Point B Point C
Max (kV) T = 500 (μs) Max (kV) T = 500 (μs) Max (kV) T = 500 (μs)

Before optimization 67.85 9.17 (V) 45.27 9.42 (V) 28.5 7.035 (V)

After optimization 66.5 9.085 (V) 43.5 9.34 (V) 27.35 6.967 (V)
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Figure 15: Ground potential rise at point A, B and C after lightning
genetic algorithm optimization in the irregular ground grid.
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Based on (2) and (3), all the new longitudinal resistance
“R” and self-inductance “L” for each elementary cell of the
irregular mesh after optimizing are obtained below.

Ra′ = 48 72 × 10−5 Ω,
La′ = 18 53 μH,
Rb′ = 46 77 × 10−5 Ω,
Lb′ = 17 63μH,
Rc′ = 29 17 × 10−5 Ω,
Lc′ = 9 9 μH,
Rd′ = 25 64 × 10−5 Ω,
Ld′ = 8 43μH

13

Figure 15 shows the GPR at points A, B, and C that is
determined in Figure 10.

It can be seen that voltages in points are different with
irregular ground grid after applying the genetic algorithm
in ATP-EMTP when lightning hit the grounding grid. All
sizes of meshes are optimized but the total area of the
grounding grid is the same as the original size.

Table 2 shows the values of GPR before and after opti-
mization of a genetic algorithm using ATP-EMTP when
grounding grid mesh sizes are irregular.

As shown in Table 2 at point A, the maximum GPR
is reduced from 59.095 kV to 54.51 kV, at point B from
39.04 kV to 35.48 kV, and at point C from 21.06 kV to
19.4 kV, respectively. Also for voltage, the dead time at point
A is decreased from 11.54V to 9.28V, at point B from 12.78V
to 10.24V, and at point C from 9.4V to 6.9V, respectively.

6. Conclusions

This paper proposed the transient methodology to investi-
gate the lighting stroke effect on grounding grid by calculat-
ing various voltages at different nodes using ATP-EMTP
toolbox and optimizing ground grid size by using a genetic
algorithm. The simulation result acknowledges the behavior
and impedance of grounding based on mesh size grid when
lightning happened.

Grounding grid data is simulated in ATP-EMTP for
investigation of lightning effect; also, to measure GPR and
mesh grid size, both are simulated in the ATP-EMTP for
checking surface voltage at the grounding grid. Achieving
the best result of GPR and mesh grid size is a target for more
safety. For getting this condition, genetic algorithm is applied
in ATP-EMTP. Also after optimization, there is a minor
change in the value of grid impedance but the amplitude of

mesh size is so important for reducing GPR. Analysis and
optimization result of regular and irregular grounding shows
that irregular grounding is safe than regular grounding grid.
The total GPR in irregular grounding grid is lower than that
in regular grounding grid in terms of safety condition.
Changing amplitude of mesh changed the value of GPR.
GPR and grounding mesh size are optimized up to an
optimum value by using genetic algorithm than normal
condition without optimization. Also, irregular grounding
grid system is better than regular grounding grid; it should
be recommended.
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This survey provides a comprehensive analysis on recent research related to optimization and simulation in the new paradigm of
power systems, which embraces the so-called smart grid. We start by providing an overview of the recent research related to smart
grid optimization. From the variety of challenges that arise in a smart grid context, we analyze with a significance importance the
energy resource management problem since it is seen as one of the most complex and challenging in recent research. The survey
also provides a discussion on the application of computational intelligence, with a strong emphasis on evolutionary computation
techniques, to solve complex problems where traditional approaches usually fail. The last part of this survey is devoted to
research on large-scale simulation towards applications in electricity markets and smart grids. The survey concludes that the
study of the integration of distributed renewable generation, demand response, electric vehicles, or even aggregators in the
electricity market is still very poor. Besides, adequate models and tools to address uncertainty in energy scheduling solutions are
crucial to deal with new resources such as electric vehicles or renewable generation. Computational intelligence can provide a
significant advantage over traditional tools to address these complex problems. In addition, supercomputers or parallelism
opens a window to refine the application of these new techniques. However, such technologies and approaches still need to
mature to be the preferred choice in the power systems field. In summary, this survey provides a full perspective on the
evolution and complexity of power systems as well as advanced computational tools, such as computational intelligence and
simulation, while motivating new research avenues to cover gaps that need to be addressed in the coming years.

1. Introduction

Energy is essential to assure most of the activities in devel-
oped societies [1]. Looking to the energy vectors, electricity
consumption is rising significantly and changing the global
paradigm of the energy mix [2]. The emerging and developed
countries are also changing the primary sources to obtain the
electricity, supporting the increase of the use of renewable
primary sources, such as wind and the sun and the use of
more clean sources like the natural gas [3]. The growing
responsibility of each country regarding environmental
aspects is also contributing to this paradigm change [4].

Other important aspects of modern societies are the effi-
ciency in the use of energy, and electricity in particular, and
the transparency in electricity negotiation [5]. These con-
cerns have led to the adoption and development of competi-
tive electricity markets. The rules and policies of electricity
markets are very different worldwide, reflecting, in many
cases, the reality of power systems in different regions [1].
Due to the significant changes in the power systems both in
the production and in new usages of electricity, the markets
and the power systems control itself are evolving in order
to meet the present and future needs. New players and energy
resources are emerging—notably electric vehicles (EV) [6],
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consumption flexibility and demand response (DR) [7], large
penetration of renewable based generation [8], energy effi-
ciency measures [9], and building energy management
parties [10], among many others. Several types of aggregator
players, taking advantage on concepts such as the smart grid
and microgrid [11], as discussed in Section 2 are also emerg-
ing in order to boost the potential of smaller players and
resources. This new paradigm in power systems has
increased the complexity to manage and operate the trans-
mission and distribution networks and the interactions
between the traditional and new players. The uncertainties
associated with renewable based generation, electricity mar-
ket prices, energy consumption, or electrical vehicles trips
are just a few examples of the increased sources of complexity
brought to the power and energy sector. Now that the
planning and operation must consider the small resources
of new players, rather than just looking at the overall picture
of overall consumption and generation, makes the problem-
solving in this domain an increasingly complex task. To
address this complexity, new approaches have been proposed
in the research field, for instance, considering hierarchical
management with the inclusion of increased intelligence
at each level of the hierarchical control [12]. In such
approaches, the main idea is to have a good balance between
the complexity of the problems to be solved at each level and
the number of iterations and quantity of information needed
to exchange between each level of the hierarchy. However,
multiple alternative solutions should take into account the
reality of each region.

The development of new algorithms using advanced
optimization techniques and artificial intelligence are being
proposed and tested to enable dealing with the increased
complexity allowing a cyber-physical representation of the
reality [13]. These two worlds, the real and the virtual, should
run in parallel, considering and learning from past experi-
ences to forecast and estimate the future. The new large-
scale and complex models that are required to model the
power and energy system under the new paradigm cannot
be solved in due time without the support of new intelligent
simulation and optimization approaches.

This paper provides a survey on the latest advances on
optimization and simulation in the new paradigm of power
systems. The main focus is centered on (i) the optimization
of power systems under the new smart grid context, analyz-
ing energy resource management models that deal with the
increased complexity brought by the large number of new
players and energy resources in this domain, and especially
by the uncertainty associated to the variability and fluctua-
tion of prices, generation, and consumption. Optimization
models including stochastic modeling, robust analysis, and
innovative business models are discussed and compared;
(ii) the discussion and analysis of the application of compu-
tational intelligence approaches as means to solve the
complex optimization problems, while guaranteeing an ade-
quate balance between the execution time, the use of compu-
tational resources, and the quality of the achieved results.
Evolutionary computation techniques are discussed in detail,
as one of the most widely used approaches to solve the
complex optimization models; (iii) the analysis of large-

scale simulation of electricity markets and smart grid.
Multiagent-based approaches are especially relevant in this
domain, which includes the interaction between purely
virtual environments, and hybrid approaches combining
software agents and physical resources.

This paper is organized as follows. After this introduc-
tion, Section 2 introduces and explains the main concepts
that are used throughout the paper. Section 3 presents a gen-
eral overview of the recent research work related to new
arisen challenges in the scope of smart grid and power sys-
tems optimization. In addition, a critic analysis is given to
research work on energy resource scheduling, seen as one
of the most complex and challenging research problems
faced in power systems optimization. Section 4 provides an
overview of the application of computational intelligence
techniques for solving complex optimization problems in
the energy domain. An extensive analysis of evolutionary
computation applications for optimization in the energy
domain is provided, followed by a brief review on artificial
neural networks and fuzzy systems applications. Section 5
reviews the current state of the art in complex large-scale
simulation in power and energy systems. The section empha-
sizes two main topics, namely, electricity market simulation
and smart grid simulation, and covers both simulation
models and studies proposed in the literature, as well as
large-scale simulators resulting from relevant international
research projects. Finally, the conclusion provided in Sec-
tion 6 summarizes the most relevant points identified
throughout the document, including the main advances in
the literature and the main limitations that lead to new
emerging research paths.

2. Preliminaries

Power systems are one of the backbones of our modern soci-
ety. In fact, the electric grid is considered one of the greatest
inventions of the 20th century. Despite the big challenge that
the generation, control, and management of electricity repre-
sent, speaking in an elevated level of abstraction, the process
from the generation of electricity to the delivery of it to end-
user was somehow simple to understand. For instance,
Figure 1 shows a simplified design of electric grids. In the
early days of the electric grid, the flow of electricity was well
defined from generation facilities, traveling through the
transmission and distribution grid, until reaching end-
users. Simple communication capabilities were required for
control and monitoring. So, despite that some of the pro-
cesses inside the electric grid were complex, looking at the
electric grid as a whole, and compared with the electric grid
of today, one could say that its design presents low complex-
ity and it is easy to understand.

The truth is that without the electric infrastructure, it
would be hard to imagine our days. However, nowadays
due to recent reforms in the energy sector, unprecedented
changes have been observed in this field, most notably the
proliferation of renewable energy sources, mainly wind and
solar generation and increasing penetration of EVs [14].
In this context, we are witnessing the appearance of new
terms in the power systems arena, such as smart grid and

2 Complexity



microgrid, which have distinct meaning. Although the def-
inition of those terms is still evolving, it is accepted that
smart grid refers to the merge of advanced computing tech-
nologies and communications with the electricity network.
Equipment such as smart meters and phasor measurement
units will contribute to an increase in observability and
improvement in decision-making and situational aware-
ness. Ultimately, the goal of smart grid is to provide a safe,
reliable, and flexible grid operation, which is able to accom-
modate large number of renewables and other resources
without sacrificing the reliability and cost of grid operation
[15, 16]. On the other hand, microgrid represents a group
of interconnected loads and generation resources with
defined grid boundaries that can be controlled as a single
entity. A microgrid in its pure definition should be able
to operate isolated from the main grid, that is, in islanded
mode. A university campus or a residential building can
constitute an independent microgrid if the above definition
is met. Since the microgrid relies on advanced computation
technologies, it is possible to generalize that a microgrid is
“smart” or part of a larger smart grid.

In this paper, we refer to the abovementioned changes as
the new paradigm of power systems. On the one hand, these
changes are contributing to reduction in the carbon footprint
and increase in sustainability [17, 18]; on the other hand,
power systems are becoming more complex and difficult to
understand [19–22]. For instance, the electric grid from
Figure 1 is evolving to something like the smart grid shown
in Figure 2. The complexity of the smart grid is attributed
to multiple players that interact and operate with indepen-
dent behaviors and goals in a physical constrained network.
These decisions impact the physical layer, and the overall
result is difficult to be inferred from analyzing individual

behavior. Moreover, no single entity can control, monitor,
and manage in real time, which furthers contributes to higher
system complexity.

If those new considerations were not enough, the techni-
cal constraints in modeling power systems are increasingly
complex due to new societal challenges such as pollution
and health impacts, ecological changes, multiple uses of land
and water resources, and safety. These constraints are specific
and translate into specific mathematical equations in optimi-
zation problems, making them harder to solve [23]. The cur-
rent framework of smart grid involves several layers from the
component parts (grid lines, equipment, and resources),
including communication, management, and business layers.

In addition, smart grid design and implementation need
to embed broader social and cultural considerations in order
for smart grids to be successful. Not only do smart grids need
to be understood as complex techno-socio-economic systems
with multiple physical, cyber, social, policy, and decision-
making layers; also, the interaction of those layers with
changing external conditions (economic cycles, technological
innovation, and prevailing and changing weather and cli-
matic conditions) needs to be properly studied.

3. Recent Research to Tackle Challenges in the
New Paradigm of Power Systems

3.1. Overview and Status of Recent Research. In the last years,
research has been devoted to deal with this complexity and
overcome the challenges brought by the new paradigm of
modern power systems. We have looked at scientific research
over the last few years (since 2010) in the SCOPUS database
[24] (i.e., in December 2017) using different search terms to
analyze the number of publications produced and provide
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Figure 1: The past of the electricity system. One of the greatest inventions of the 20th century.
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an overview of the recent research. Table 1 shows the over-
view of research documents produced since 2010 (excluding
2018) analyzed by different search terms. The search terms
have been combined with similar variants within the power
systems field to observe results as accurately as possible. We
looked for each search term in the abstract, title, and paper’s
keywords. In addition, we investigate the most cited articles
in each search criterion as well as the most noticeable
research authors by the number of articles produced. A total
of 23,619 documents between 2010 and 2017 are found in the
SCOPUS database by using search term “smart grid” OR
“smart distribution network” alone in the abstract, title, and
keywords and 17,757 if the search term is “renewable gener-
ation” OR “renewable energy sources.” The search term
“smart grid” AND “electric vehicle” produced the least num-
ber of documents when compared with the other search
terms. In spite of their complementary, EVs in the smart grid
context are yet a growing research field not as mature as the
research observed in other topics, such as DR.

Themost cited article we came across while looking at the
produced research documents is [25] (3057 citations). The
interest in grid storage applications is noticeable and consid-
ered the holy grail of modern power systems, since it can
solve many problems and challenges arisen in smart grid.
In particular, Dunn et al. [25] review battery systems for grid
applications including redox flow, sodium-sulfur, and lith-
ium batteries. The interest of storage for grid applications is
related to diversified factors, including management of peak
demands and grid reliability, postponement of grid invest-
ments, and integration of renewable energy sources.

Regarding “smart grid” OR “smart distribution network”
term, the most cited articles we found are [11, 26, 27]. In [26]
(1393 citations), an important advance is proposed in order

to allow smartness and flexibility of smart grid based on
ISA-95 standards. The system is more flexible and expand-
able using the proposed control. Farhangi [11] (1186 cita-
tions) highlights ingredients, drivers, and standards for the
success and path of smart grid. Cabana et al. [27] (1144
citations) review the literature concerned with the materials
used in lithium batteries, strong enablers of smart grids,
and renewable technologies.

In “Renewable generation” OR “renewable energy
sources” research topic, we could conclude that the 3 most
cited articles are [25, 28, 29]. Blaabjerg et al. [28] (2256 cita-
tions) give an overview of the structures of distributed gener-
ation (DG) renewable sources based on fuel cell, photovoltaic
(PV), and wind turbines. Carrasco et al. [29] (1989 citations)
present a review of the appropriate storage system technol-
ogy used for the integration of intermittent renewable energy
sources. New trends in power electronics for the integration
of wind and PV generators are presented.

In “smart grid” AND “electric vehicle” research topic, the
most cited articles are [30–32]. Ipakchi and Albuyeh [30]
(905 citations) provide an overview of the future of the power
grid, namely, the necessary transformations to accommodate
large number of EVs and other resources such as DR.
Kamaya et al. and Skyllas-Kazacos et al. [31, 32] (856 and
574 citations) are related to this topic since they present
progress related to lithium and flow batteries, which are fun-
damental and intrinsically related to the development and
success of EVs. Lower battery costs and higher energy density
are fundamental to leverage attractiveness and competitive-
ness of electric cars.

Regarding “demand response” OR “demand-side man-
agement” research topic, the 3 most cited articles are
[30, 33, 34]. Mohsenian-Rad et al. [33] (1097 citations)
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propose a distributed demand-side management maintain-
ing user privacy and details of energy consumption. The
highly cited work emphasizes that the proposed approach
may reduce the peak-to-average ratio of the total demand,
the total costs, and each user’s individual daily electricity
charges. Palensky and Dietrich [34] (830 citations) provide
an outlook and taxonomy to demand-side management
and several successful demonstration projects that have been
implemented until the time of publication.

In the topic of “smart grid” AND “optimization,” the
results in SCOPUS revealed that [33, 35, 36] are the most
cited articles. Cheng and Chen [35] (836 citations) provide
an outlook at the current state of the art in smart grid com-
munications and open research issues in the field of informa-
tion and communication technology (ICT). ICT is a key part
of the successful deployment of optimization applications in
the smart grid. In the search term “energy resource manage-
ment” OR “energy management system”, [1, 11, 33] are the
most cited works. Siano [1] (505 citations) provides a com-
prehensive survey on energy management, including DR
potentials and benefits in smart grids. Figure 3 depicts the
number of documents produced between 2010 and 2016 by
search term according to the same terms previously depicted
and analyzed in Table 1. It can be observed that the increase
has been significant and well supported since 2010 when ana-
lyzing most of the search topics, except from the search term
“smart grid” AND “electric vehicle.” There is substantial
research work on EVs, which is not directly related to the
“smart grid” topics (cf. [37]). If compared to “demand
response” or other search terms, the number of documents
suggests a much more active and mature development. This

analysis also suggests that research on EVs in the smart grid
context is yet in the early stage. Although many theoretical
concepts and ideas have been proposed (e.g., dynamic pricing
[38, 39] and vehicle-to-grid [6, 40]), both EVs and smart grid
are yet in the early stage of introduction and lessons have to
be learned to better understand how EVs can realize the full
smart grid potential. Energy resource management-related
research has increased steadily along with the research in
DR topics since its importance to the new paradigm of
power systems (see Section 3.2). In fact, energy resource
management is key to smart grid operation in order to
attain acceptable costs with reduced impact from uncer-
tainty of intermittent generation and load sources of diffi-
cult anticipation such as EVs.

Figure 4 shows the number of conference papers and
journal articles produced between 2010 and 2016 (primary
axis) by search term “energy resource management” OR
“energy management system” in the SCOPUS database. In
the secondary axis, the conference papers per journal article
indicator are shown (green cross). Other publications such
as book chapters are not included in this comparison. The
number of journal articles produced per year has increased
substantially from 89 in 2010 to 428 in 2016 (more than 4-
fold increase). However, the number of conference papers
per journal article has reduced significantly in the last three
years to 1.27 from more than 2.23 in 2011 to 1.27 in 2016.
This suggests that more journal articles are being published
for each paper presented at an international conference. In
our opinion, this is a potential indicator that energy resource
management-related research is getting more mature in the
last years and ready for publication in journal.

Table 1: Research documents produced since 2010 analyzed by search term according to SCOPUS.

Search term Documents since 2010∗
3 most cited articles Top 5 authors with most articles
Reference Citations Author (number of articles)

“Smart grid” OR
“smart distribution network”

23,619

[26] 1393
Vale, Z. (125); Mouftahm, H.T. (78);

Morais, H. (76), Li, H. (64); Javaid, N. (59)
[11] 1186

[27] 1144

“Renewable generation” OR
“renewable energy sources”

17,757

[25] 3057
Guerrero, J.M. (58); Senjuy, T. (57); Duic, N. (49);

Blaabjer, F. (48); Andersson, G. (42)
[28] 2256

[29] 1989

“Smart grid” AND “electric vehicle” 2331

[30] 905
Vale, Z. (40); Morais, H. (26); Mouftah, H.T. (25);

Masoum, M.A.S. (24); Soares, J. (24)
[31] 856

[32] 574

“Demand response” OR
“demand-side management”

6195

[33] 1097
Vale, Z. (115); Faria, P. (85); Morais, H. (59);

Lehtonen, M. (52); Javaid, N. (49)
[30] 905

[34] 830

“Smart grid” AND “optimization” 3840

[33] 1097
Javaid, N. (44); Vale, Z. (43); Morais, H. (27);

Giannakis, G.B. (26); Khan, Z.A. (26)
[35] 836

[36] 872

“Energy resource management” OR
“energy management system”

5206

[11] 1186
Anon (69); Vale, Z. (64); Zhang, B. (58);

Sun, H. (47); Morais, H. (46)
[33] 1097

[1] 505
∗Excluding documents already available for 2018. 2017 maybe incomplete.
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3.2. Review of Works in the Energy Resource Management.
Energy resource management has been considered by some
researchers as one of the most complicated optimization
problems in power systems due to its combinatorial nature,
nonlinearities, and large number of energy resources which
leads to high dimensionality and highly constrained prob-
lems [23, 41–43]. Adequate optimization frameworks are a
key part of the new paradigm brought by the smart grid oper-
ation. The literature has a relevant amount of publications in
this field that we selected and revised in this section. Since
consideration of uncertainty is crucial for smart grid models
[44], we investigated in detail this component in the studied
models. We also include papers published in 2017 (55 publi-
cations appear in the SCOPUS database with the search term
“energy resource management” OR “energy scheduling”
AND (“uncertainty” OR “uncertain” OR “variability”)
between 2010 and 2017, of which 22 are from 2017). How-
ever, we could observe that the majority of the proposals still
lack the consideration of full component uncertainty and/or
DR in the model. Table 2 identifies the characteristics of the
main publications we selected in what regards the considered
energy resources and in terms of uncertainty consideration in
the model.

As can be observed in Table 2, very few works attempt to
consider most sources of uncertainty in a joint energy sched-
uling model [45, 46]. Moreover, it is yet not common to see
works that incorporate vehicle-to-grid (V2G), DG, DR, and
energy storage systems (ESS) simultaneously as in [45–48].
However, [47, 48] do not include consideration of uncer-
tainty of the energy resources.

The work developed in [49] approaches the problem of
day-ahead electricity market bidding to minimize charging
costs and satisfy EV demand of the aggregator. The work
considers the presence of uncertainty, but V2G is not consid-
ered in the problem. Results suggest that controlling EV
charging is important to lower energy costs, while the aggre-
gator has limited market potential with reasonable amount of
EVs. A related work can be seen in [50] where a bidding and
power scheduling is proposed to maximize the expected ben-
efit of a microgrid. The stochastic model captures several
sources of uncertainty, and the novelty lies in the exploitation
of thermal characteristics of the buildings to mitigate renew-
able imbalances. Also, works [51–53] propose to tackle the
optimal bidding in the market of the aggregator using multi-
stage stochastic [51, 53] and robust approaches [52]. The
work in [54] introduces the reliability of the fuel cell outages
in the microgrid energy scheduling, but the uncertainty con-
sidered in the model lies only in the fuel cell outages.

The model in [55] proposes a scheduling model for
microgrids under uncertainty. The work implements a two-
stage stochastic model with one external power flow algo-
rithm to calculate power losses. EV uncertainty, DR, and
V2G are not considered though. To overcome this, [45] pro-
pose an improved two-stage stochastic model that addresses
several sources of uncertainty, namely, wind, PV, EVs,
demand, and market price, in a joint model yet not account-
ing for power losses. Later, a new model is proposed in [46],
which adds network constraints, namely, power line capacity
and voltage control to the original problem in [45]. The

problem is solved using a Benders decomposition scheme.
The results suggest that the large-scale problem with uncer-
tainty can be solved in its most complex form, dealing at
the same time with the number of resources and the DSO
technical constraints as part of the equation.

The two-stage stochastic model introduced in [56] adds
to the previous stochastic microgrid energy scheduling
works, a hybrid AC/DC microgrid setting. However, the
work does not consider DR application. The model in [57]
proposes a day-ahead energy and reserve scheduling for
the aggregator. The uncertainties are modeled via a point
estimate method. The work does not consider EVs as an
intelligent load. The work in [58] proposes a similar work
but considering compressed air ESS. EVs are not considered
as well.

Most of these works have implemented a two-stage sto-
chastic model, which requires knowledge about the distribu-
tion of the uncertain data, usually possible if historical
records are available. However, it is fair to recognize that
most of these models require large amounts of computational
resources to be able to solve the stochastic model with an ade-
quate number of scenarios (even if scenario reduction tech-
niques are adopted). In fact, scenario reduction techniques
decrease the accuracy of the uncertainty representation.
Since smart grid operation is dealing with an increasing
number of energy resources and consequently more compo-
nents associated with uncertainty, it remains a major chal-
lenge to tackle these optimization models under uncertainty
with adequate representation. A solution may lie in meta-
heuristics and decomposition techniques combined with
uncertainty models and/or robust optimization models that
deal with a range of uncertainties instead of probabilistic sce-
narios. Another solution may lie in distributed real-time
energy scheduling as proposed in [59], which transforms
the problem into a distributed and tractable problem, using
rolling horizon optimization and Gaussian approximation.
However, we believe the work is still limited since it considers
only a single energy source and one source of uncertainty.

Alternatively to stochastic models, Ju et al. [60] propose a
robust model for the energy aggregator with DR, ESS, and
renewables, which does not require to know the distribution
of uncertain parameters such as the forecasts. Still, EVs are
not considered in the work as well. Another robust model
is adopted in [61] which tackles market price and load
demand uncertainty for aggregators that are new entrants
to the market and have little knowledge on the behavior of
the market and their customers. In [48], authors propose
an energy resource management for domestic loads that con-
siders uncertainty in the PV power for the day-ahead and
real-time approach. The work considers EVs, DR as flexible
loads, and ESS units. Two different stochastic methods are
compared and evaluated using a realistic case study.

Table 3 classifies the works reported regarding its main
purpose, namely, technical, economic, and environmental
aspects. It can be seen that most of the works related to
uncertainty deal with economic aspects. Technical aspects
are often common and related to power losses and voltage
control (when network constraints are considered) such as
in [49, 56]. Some of the works consider environmental,
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Table 2: Summary of energy scheduling models: resources and uncertainty sources.

Ref.
Resources/components present in the work

Considered sources of uncertainty
V2G DG DR ESS

[49] No Yes No No Driving patterns and market bids

[55] No Yes No Yes Only in wind and PV

[59] No Yes No No Only in energy demand

[54] No Yes No Yes Only in the fuel cell outages

[50] No Yes Yes Yes Load, renewable generation, and electricity price

[56] Yes Yes No Yes Load, renewable generation, EV demand, and price

[57] No Yes No No Renewable generation, load, and electricity price

[58] No Yes Yes Yes Wind/PV, load demand, and market price

[60] No Yes Yes Yes Wind/PV only

[51] No Yes No No Wind, market bids, and price rivals’ offers

[52] No Yes No No Wind and market price

[53] No Yes No Yes Intermittent source and market price

[45] Yes Yes Yes Yes Wind, PV, EVs, load demand, and market price

[62] No No Yes Yes —

[38] No Yes Yes Yes Wind, PV, EVs, and load demand

[47] Yes Yes Yes Yes —

[7] No Yes Yes No —

[46] Yes Yes Yes Yes Wind/PV, EVs, load demand, and market price

[61] No Yes Yes No Market price and load demand via robust model

[48] Yes Yes Yes Yes PV power

Table 3: Summary of energy scheduling models: technical and economic aspects.

Ref.
Technical aspects

Economic aspects
Power losses Voltage control Other1

[55] No No No The goal of the aggregator is to minimize purchases in the spot market.

[49] Yes Yes No Expected operational costs over the next 24 hours.

[59] No No No Maximize system utility.

[54] No No Yes Financial aspects (costs) but also environmental and reliability.

[50] No No Yes Maximize profits of microgrid considering building dynamics.

[56] Yes Yes No Expected operation costs over the next 24 hours.

[57] No No No Maximize expected profits over the next 24 hours.

[58] No No No Minimize expected costs.

[60] No No No Maximize operation revenue.

[51] No No No Maximize profit over the scheduling horizon.

[52] No No No Maximize utility function in day-ahead and real-time markets.

[53] No No No Maximize profit in the day-ahead and balancing market.

[45] No No No Minimize expected operation costs.

[62] No No No Minimize household energy costs under DR programs.

[38] No No No Maximize aggregator profit and EV user charging opportunity.

[47] Yes Yes Yes Maximize aggregator profit.

[7] No No No Minimize aggregator operation costs and suitable remuneration groups.

[46] Yes Yes No Minimize operation costs considering market transactions.

[61] No No No Maximize aggregator payoff considering price risk.

[48] No No No Maximize domestic energy profit.
1Fault location, network restoration, and island operation.
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reliability, and building dynamic aspects such as in [50, 54].
Soares et al. and Soares et al. [46, 47] include both technical
and economic aspects. However, [47] does not incorporate
the resources’ uncertainty as formulated later in [46], despite
not including environmental aspects as in [47].

4. Computational Intelligence for Complex
Optimization Problem in the Energy Domain

Computational intelligence (CI) is usually referred to a fam-
ily of problem-solving and problem-stating techniques that
attempt to exhibit or mimic the “intelligence” observed in
nature. It includes some of the most popular paradigms in
the applications of computer science, namely, evolutionary
computation (EC), artificial neural networks (ANN), and
fuzzy systems (FS).

Despite its popularity nowadays, the term CI has had dif-
ferent definitions through the years in the scientific commu-
nity and typically is seen as a separate area of artificial
intelligence (AI) very related with soft computing or natural
computation. For instance, the first CI definition is typically
attributed to J.C. Bezdek who defined CI in 1992 as “Compu-
tational systems that depend on numerical data supplied by
manufactured sensors and do not rely upon knowledge”
[63]. Later, in 2002, Engelbrecht defined CI as “the study of
adaptive mechanisms which enable or facilitate intelligent
behavior in complex and changing environments” [64].
Therefore, in an abstract sense, CI can be defined as intelli-
gent computational tools to solve, or model, complex prob-
lems. However, two main questions arise regarding this
statement, namely, what is a complex problem? And more
importantly, why should we use CI to address such issues?

To answer the first question, notice that many real-world
problems are highly constrained by nature and face issues
related to high dimensionality, lack of information, noisy
and corrupted data, real-time requirements, and so on. Due
to these characteristics, exact mathematical formulations
sometimes fail in providing solutions because of either
restriction of time, lack of memory to deal with large-scale
problems, or other factors. In other words, problems that
cannot be efficiently solved by traditional mathematical
approaches can be seen as complex problems.

On the other hand, and answering the second question,
CI is strictly related to the subfield of computer sciences
known as soft computing. Soft computing (Soft computing
became a formal area of study in computer science in the
early 1990s and in a broader sense includes topics such as
computation intelligence (CI), machine learning (ML), and
probabilistic reasoning (PR). In this paper, however, we focus
our attention to the main three subfields of CI; namely,
an extensive analysis of EC applications for optimization
in power systems is provided, with a brief review on
optimization-related ANN and FS applications.) is used to
solve complex problems (i.e., with characteristics such as
the ones previously stated) in which exact methods cannot
compute a solution in polynomial time. Different from hard
computing, soft computing is tolerant to imprecision, uncer-
tainty, and approximation. Even when soft computing cannot
guarantee an optimal outcome, it can return near-optimal

solutions in acceptable computational times and with
low memory requirements, imitating the role model of the
human mind.

It is important to point out that despite the conditions
mentioned above, CI has demonstrated satisfactory perfor-
mance in a wide variety of application fields such as power
systems, portfolio optimization, transportation, smart grid,
and telecommunications.

As you might notice, this section is devoted to the appli-
cation of CI for solving the wide variety of complex problems
that arise in the new paradigm of power systems. As it was
stated in Section 2, current smart grids are evolving to a very
fast pace, and the interaction between a considerable number
of new participants and elements (with their inherent socio-
economic and technological aspects) makes the analysis of
such systems very complex for traditional mathematical tools
and management and control models. In addition, the same
logic applies to different areas of engineering since CI is a
paradigm that is acquiring significant importance these days.

4.1. Computational Intelligence Classification and Application
Target. CI is commonly used for different purposes, but we
can devise three main categories of its application, namely,
optimization, learning/modeling, and control. Moreover,
some problems require the use of a combination of these cat-
egories to devise practical solutions. Despite the vast syner-
gies existent in the application targets of CI, such targets
are strongly related with the three main paradigms of CI.
For instance, evolutionary computation (EC) is applied to
optimization problems; artificial neural networks (ANN) is
extensively used for learning/modeling and forecasting, and
fuzzy systems (FS) is typically implemented for control.
The relation of EC, ANN, and FS, to the target applications
is used to envisage application areas in a broader sense some-
how. However, many real-world applications may require
synergies between methods belonging to the three fields to
obtain an acceptable solution.

With the evolution of technology in diverse engineering
fields, real-world problems are becoming more challenging,
limiting the use of exact methods. Due to this, CI has
emerged as a powerful tool to provide acceptable solutions
in different domains. As a proof in the increasing interest of
the research community regarding CI applications, Figure 5
shows the number of publications in the main three topics
of CI from 2000 to 2016 (17-year span), obtained after a
search in the SCOPUS database [24]. The search was done
putting as a filter the terms shown in Figure 5, and consider-
ing all areas of applications. As a result, 24,706 publications
in total were found when searching for “evolutionary compu-
tation OR evolutionary algorithms,” 23,995 publications
using “Artificial Neural Networks,” and 49,623 when search-
ing for “Fuzzy systems.”

It is evident that CI is gaining interest mainly for its effec-
tiveness to solve a large variety of problems in all areas of
engineering. Moreover, from the total number of papers
found in the three analyzed areas, 10% (2601 publications
of EC), 22% (5299 publications of ANN), and 2% (1410 pub-
lications of FS) of the published works correspond to studies
in the energy domain. To narrow our review into the topic of
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interest, that is, CI applied in the energy domain, we have
filtered the search focusing on the publications regarding CI
in the energy domain.

Figure 6 shows the ratio between the number of publica-
tions devoted to the energy domain and the total of publica-
tions by the CI paradigm (i.e., EC, ANN, and FS). It is worth
noticing that the three areas of CI show a trend that reflects
more publications in the energy domain. From the three
main topics of CI, EC is the one that shows the most pro-
nounced increment in the ratio in the last years.

In the following subsections of Section 4, we include
a brief analysis of the taxonomy of EC, and through
Tables 4–7, we group the most cited works of the CI para-
digm applied to the energy domain. The tables include the
CI techniques, the problem to be solved in the energy
domain, and the main mathematical characteristics that
make such problems complex and justify the use of advance
computational approaches such as CI.

4.2. Evolutionary Computation (EC) Taxonomy. Evolution-
ary computation (EC) is a fundamental part of CI and
encompasses a set of algorithms for global optimization
mostly inspired by biological and evolutionary processes. CI
is arguably one of the most successful branches of CI, used
by a large number of practitioners all over the world and in
all areas of engineering [65] (see Figures 5 and 6). It is worth
noticing that EC is not only limited to the study of evolution-
ary algorithms (EA), as it is sometimes wrongly assumed, but
also covers some of the most exciting trends in computer
sciences, namely, swarm intelligence (SI), nature-inspired
algorithms, and bioinspired or natural computation.

The family of algorithms belonging to the class of
“evolutionary algorithms” (EA) shares some common

characteristics that distinguish them from other metaheuris-
tics. In technical terms, EAs are population-based problem-
solvers. Commonly, EAs act over an initial set of candidate
solutions (i.e., a population) that is iteratively updated
through generations. The performance of the solutions is
measured by a given fitness function, and at each generation,
solutions with inferior performance are stochastically
removed, whereas new solutions (generated through a spe-
cific operation particular for different EAs) are introduced
into the population. As a result, it is expected that by the
principles of natural selection (or artificial selection in this
case), the population gradually will evolve towards the opti-
mal fitness value.

The field of EAs is broad, and the techniques typically
differ in implementation details or the genetic representation
they use. Among the existing techniques of EA, the three
main subfields (source of inspiration for many developments
in this paradigm) correspond to genetic algorithms (GA)
[66, 67], genetic/evolutionary programming (GP) [68, 69],
and evolutionary strategies (ES) [70, 71]. In the last decades,
differential evolution (DE) [72], a particular case of ES, has
been the subject of an entire line of research. DE is arguably
one of the most popular and effective EAs with a consider-
able number of successful applications in the engineering
domain [131].

On the other hand, SI and nature/bioinspired computa-
tion are metaheuristics inspired in the observation of the col-
lective behavior of agents or natural/biological processes,
respectively. For instance, SI takes advantage of the interac-
tion of simple agents with each other on the environment
to achieve collectively “intelligence,” similarly to natural
systems such as ant colonies or bird flocking. Examples of
SI algorithms are the ant colony optimization (ACO) [73],
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particle swarm optimization (PSO) [74], artificial bee colony
(ABC) [75], or cuckoo search (CS) [76]. Nature-inspired
algorithms go further in the design of algorithms inspired
by natural, physical, or even chemical phenomena. Examples
of this type of algorithms are gravitational search algorithms
(GSA), simulate annealing (SA), harmony search (HS), and
others. A very well-conducted taxonomy and classification
of nature-inspired algorithms can be found in [77].

4.3. Evolutionary Computation (EC) in the Energy Domain.
EC can be applied to problems of all areas of engineering.
In this review, however, we are interested in applications
related to complex problems in the energy domain. There-
fore, in Table 4, we have grouped the most cited works of
the EC paradigm applied to the energy domain in the
span 2010–2017. The table is organized from the top 1
cited paper to the top 10 according to the SCOPUS data-
base. We show the specific EC approach used, the prob-
lem that was solved, and some characteristics related to
the work.

In general terms, Table 4 confirms that EC is mainly used
to solve optimization problems. Problems such as economic
load dispatch (ELD), optimal power flow (OPF), and optimal
operation of microgrids are addressed by the most influential
works, mainly due to the key role that those problems play in
power systems.With the evolution of the electrical grid led by
the penetration of distributed resources, and the deployment
of smart grid technologies, EC has attracted the attention of
many practitioners due to its effectiveness in providing
acceptable solutions when exact traditional methods fail. It
is also interesting to appreciate the correspondence between

some of the most studied algorithms in the field of EA and
the most cited papers of EC in the energy domain. For
instance, we can find the application of the strength Pareto
evolutionary algorithm (SPEA) [78], an algorithm that has
been cited more than 6000 times according Google Scholar,
into three problems of the energy domain, namely, wind tur-
bine placement, turbine layout design, and the optimization
of a stand-alone PV-wind-diesel system with battery storage.
The nondominated sorting genetic algorithm NSGA-II
[79], another well-known and highly used EA, was applied
to the combined cycle power plant (CCPP) optimization
problem in [80]. DE, well-known for its simplicity and
effectiveness in continuous global optimization, has been
used to solve the OPF problem [81] and the optimization
of PV systems [82].

In general, Table 4 shows that themajority of the problems
in which EC is applied corresponds to complex optimization
problems that cannot be solved efficiently by traditional
techniques. Such complex problems present common char-
acteristics, namely, multiobjective nature, constrained opti-
mization, convex and nonconvex problems, nonlinear
formulations, and so on. Because of the advances in tech-
nology, it is expected that the complexity of the systems
will increase in the years to come, and therefore, the com-
plexity of the mathematical formulations required to solve
related problems is expected to grow as well. In this likely
scenario, EC seems a viable and logic option for applica-
tion into the field, despite the fact that optimal solutions
cannot be guaranteeing.

The search of the most cited papers was done in the
time span 2010–2017. However, the top ten cited papers
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correspond only to the span 2010–2013. To give a glimpse
into more recent works and envisage the research directions
of the application of EC nowadays, Table 5 includes the three
most cited papers of the years 2015, 2016, and 2017.

In general aspects, it can be appreciated in Table 5 that
the tendency of recent influential works lays on the hybridi-
zation of EC algorithms. Combinations of DE and PSO into
DEPSO [90], ACO and ABC into ACO-ABC [91], or a mul-
tistep approach using cuckoo search (CS) algorithm, fuzzy
system (FS), weather research and forecasting (WRF), and
ensemble forecast (CS-FS-WRF-E) [92] are some examples
of the synergies that can be produced between EC algorithms
for solving more challenging problems.

On the other hand, in the recent applications of EC, we
still can find the application of pure popular EC algorithms.
For instance, DE was recently applied to the optimization
of combined cooling, heating, and power-based compressed
air energy storage. A GA was used in [93] to determine opti-
mal sizing of components in microgrids, while MILP was
then used to solve the unit commitment problem (UCP),
which is considered of paramount importance in the man-
agement and operation of microgrids. NSGA-II was used in
[94] to solve a multiobjective optimization problem of solar
driven Stirling heat engine with regenerative heat losses. In
addition, new algorithms are under development, and their
application is also very welcome in the energy domain.

Table 4: Most cited papers between 2010 and 2017 of EC applied to energy-related problems.

Ref. Year EC approach Problem (optimization) Characteristics

[83] 2010
Strength Pareto evolutionary

algorithm (SPEA)
Wind turbine placement
Turbine layout design

Constrained optimization problem
transformed to bicriterion optimization

problem. Objective: maximize the expected
energy output and minimize the constraint

violations.

[84] 2010

Hybrid algorithm: differential
evolution combined with

biogeography-based
optimization (DE/BBO).

Economic load dispatch (ELD)
problems of thermal power units.

Convex and nonconvex problems. The ELP
considers thermal power units, transmission
losses, and constraints such as ramp rate
limits, valve-point loading, and prohibited

operating zones.

[85] 2013

Review: fuzzy logic control
(FLC), artificial neural network

(ANN), and evolutionary
algorithms (EA).

Maximum power point tracking
(MPPT) techniques for PV applications.

The paper focuses on the applications of CI
techniques during partial shading conditions.

[80] 2011

Genetic algorithms (GAs) and
second version of nondominated

sorting genetic algorithm
(NSGA-II).

Combined cycle power plant
(CCPP) optimization problem.

Multiobjective optimization. Objective:
determine the best design parameters,

considering three objectives: (a) CCPP exergy
efficiency, (b) total cost rate of the system
products, and (c) CO2 emissions of the

overall plant.

[86] 2011
Strength Pareto evolutionary

algorithm (SPEA).

Optimization of a stand-alone
PV-wind-diesel system with

battery storage.

Multiobjective optimization. Objective:
optimize the levelized cost of energy (LCOE)
and the equivalent carbon dioxide (CO2) life

cycle emissions.

[81] 2010 Differential evolution (DE). Optimal power flow (OPF) problem

Different objective functions and nonsmooth
piecewise quadratic cost functions are

considered. Objectives: minimization of fuel
cost, voltage profile improvement, and

voltage stability enhancement.

[87] 2011
Adaptive modified particle

swarm optimization (AMPSO)
algorithm.

Optimal operation of a MG with renewable
energy sources accompanied by a back-up

microturbine/fuel cell/battery hybrid
power source.

Nonlinear constraint multiobjective
optimization problem Objective:

minimization of total operating cost and the
net emission simultaneously.

[82] 2011 Differential evolution (DE) PV modeling techniques.
DE is applied to simultaneously compute all
the model parameters at different irradiance

and temperature points.

[88] 2010
Fuzzy adaptive hybrid

PSO algorithm.
Economic dispatch problem

considering the valve-point effect.

Nonsmooth and nonconvex problem when
valve-point effects of generation units are

taken into account.

[89] 2012 Review: evolutionary algorithms.
Stand-alone hybrid renewable

energy systems.

The review focuses on multiobjective
methods using evolutionary algorithms for

hybrid renewable energy systems.
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Brainstorm optimization algorithm (BSOA) and chaotic bat
algorithm (CBA) [95] are only two examples of successful
applications of such new algorithms. BSOA was recently
applied to the optimal location and setting of flexible AC
transmission system (FACTS) devices in [96], whereas
CBA was used to solve the well-known economic dispatch
problem (EDP) considering equality and inequality con-
straints [97].

4.4. Artificial Neural Networks (ANN) and Fuzzy Systems (FS)
as Complementary Tools for Optimization. ANN and FS are
two important paradigms of CI used mainly for forecasting/
modeling and control, respectively. Since the scope of this
review is on complex optimization and simulation, the exten-
sive analysis of the applications of ANN and FS is somehow

out of the scope of what this review is intended for. However,
these two paradigms are also widely used in combination
with EC for solving some optimization problems. Moreover,
some applications of ANN or FS, such as the ANN weight
selection or the definition of the parameter of membership
functions of an FS, are indeed highly complex optimization
problems that cannot be solved with deterministic methods
suitably. Therefore, this section revises some of the hybrid
applications in which ANN, FS, and EC are used in combina-
tion to solve complex tasks.

The pure application of ANN in power systems is com-
monly used to solve forecasting problems. Forecasting of
solar irradiance or PV power [100–103], wind speed
[104–106], or load [107] are just some examples of successful
applications of ANN in the energy domain. On the other

Table 5: Recent most cited papers of EC applied to energy-related problems. The three most cited papers from 2015, 2016, and 2017 are
included.

Ref. Year EC approach Problem (optimization) Characteristics

[90] 2015
Hybrid algorithm: differential

evolution combined with particle
swarm optimization (DEPSO).

Maximum power point tracking
(MPPT) techniques for PV

applications.

Simulation and hardware implementation of
DEPSO for MPPT.

[91] 2015
Hybrid algorithm: ant colony
optimization combined with

artificial bee colony (ACO-ABC).

Optimal location and sizing of
distributed energy resources.

Multiobjective optimization. Objectives:
minimization of power losses, total emissions,
total electrical energy cost, and improvement

of voltage stability.

[96] 2015
Brainstorm optimization

algorithm (BSOA).

Optimal location and setting of
flexible AC transmission system

(FACTS) devices.

Discrete, multiobjective, multimodal,
and constrained optimization. BSOA is compared
with PSO, GA, DE, SA, hybrid of genetic algorithm
and pattern search (GA-PS), backtracking search
algorithm (BSA), gravitational search algorithm
(GSA), and asexual reproduction optimization

(ARO).

[92] 2016

Multistep approach: cuckoo
search (CS) algorithm, fuzzy
system (FS), weather research
and forecasting (WRF), and

ensemble forecast (CS-FS-WRF-E).

Forecasting of wind speed.

CS optimization is used to construct the final model
adjusting and correcting the results obtained based
on physical laws. The final model yields to best

forecasting performance and outperforming all the
other models used for comparison.

[97] 2016 Chaotic bat algorithm (CBA).
Economic dispatch problem

(EDP).

Consideration of equality and inequality constraints
(e.g., such as power balance, prohibited operating
zones, and ramp rate limits). Also, transmission
losses and multiple fuel options are taken into

account.

[94] 2016
Second version of the

nondominated sorting genetic
algorithm (NSGA-II).

Optimization of solar driven
Stirling heat engine with
regenerative heat losses.

Multiobjective optimization. Objectives: power
output, overall thermal efficiency, and thermo-

economic function. A selection of the best solution in
the Pareto front by Fuzzy Bellman-Zadeh, Shannon’s
entropy, LINMAP, and TOPSIS is also implemented.

[98] 2017 Differential evolution (DE).
Optimization of combined cooling,

heating, and power-based
compressed air energy storage.

Multiobjective optimization. Objectives:
maximization of system exergy efficiency and

minimization of total product unit cost.

[93] 2017 Genetic algorithm (GA).
Optimal size of microgrid

components. Unit commitment
problem (UCP).

Leader-follower problem. The leader problem
focuses on sizing. The follower problem, that is,
the energy management issue, is solved with a

mixed-integer linear program.

[99] 2017
Multiobjective

quantum-behaved particle
swarm optimization (MOQPSO).

Economic environmental
hydrothermal scheduling problem.

Multiobjective, nonlinear, and constrained
optimization. A constraint handling method is

designed to adjust the constraint violation of hydro
and thermal plants.
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Table 6: Some selected highly cited papers of hybrid approaches applied to energy-related problems.

Ref. Year CI approach Problem (optimization) Characteristics

[85] 2013
Review: fuzzy logic control (FLC),

artificial neural network (ANN), and
evolutionary algorithms (EA)

Maximum power point
tracking (MPPT)
techniques for PV

applications.

The paper focus on the applications of CI
techniques during partial shading conditions.

[109] 2011 Fuzzy logic controller (FLC).

Maximum power point
tracking (MPPT)
techniques for PV

applications.

The near optimum design for membership
functions and control rules were found

simultaneously by genetic algorithms (GAs).

[111] 2011
Adaptive-network-based fuzzy inference
system combined with wavelet transform,

and particle swarm optimization.
Forecasting of wind power.

Comparison with seven other approaches
(persistence, NRM, ARIMA, NN, NNWT, NF, and

WNF) is presented.

[112] 2011
Adaptive-network-based fuzzy inference
system combined with wavelet transform

and particle swarm optimization.

Forecasting of short-term
electricity prices.

Comparison with ten other approaches (ARIMA,
mixed-model, NN, wavelet-ARIMA, WNN, FNN,
HIS, AWNN, NNWT, and CNEA) are presented.

[113] 2010
Fuzzy adaptive modified particle swarm

optimization (FAMPSO).
Nonconvex economic

dispatch problem (NEDP).
The fuzzy system is used to tune PSO parameters

(i.e., inertia weight and learning factors).

Table 7: Some selected recent highly cited papers of hybrid approaches applied to energy related problems (span of 2015–2017).

Ref. Year EC approach Problem (optimization) Characteristics

[107] 2015
Review: artificial intelligence- (AI-) based

techniques.
Forecasting of short-term load.

Comprehensive and systematic literature
review of AI-based short-term load

forecasting techniques.

[102] 2015
Hybridizing the support vector machines
(SVMs) with firefly algorithm (FFA).

Forecasting of solar radiation.
A comparison with artificial neural

networks (ANN) and genetic
programming (GP) models is provided.

[114] 2016
Ensemble empirical mode decomposition
(EEMD) and GA-backpropagation neural

network.
Forecasting of wind speed.

EEMD can effectively handle the mode-
mixing problem and decompose the

original data into more stationary signals
with different frequencies. Each signal is
taken as an input to the GA-BP neural

network model.

[115] 2015

Mutual information, wavelet transform,
evolutionary particle swarm optimization

(EPSO), and adaptive neurofuzzy
inference system.

Forecasting of wind power.

Integration of existing models and
algorithms, which jointly show an

advancement over the present state of the
art, is provided. Results show a significant

improvement over other reported
methodology.

[116] 2016
Least square support vector machine
(LSSVM) and adaptive neurofuzzy

inference system (ANFIS).

Forecasting/prediction of dew point
temperature of moist air at

atmospheric pressure.

GA was applied to optimize the
corresponding parameters of these

models. Predictions are performed over
an extensive range of temperature and

relative humidity.

[92] 2016

Multistep approach: cuckoo search (CS)
algorithm, fuzzy system (FS), weather
research and forecasting (WRF), and
ensemble forecast (CS-FS-WRF-E).

Forecasting of wind speed.

CS optimization is used to construct the
final model adjusting and correcting the
results obtained based on physical laws.
The final model yields to best forecasting
performance and outperforming all the
other models used for comparison.

[117] 2017

Artificial neural network (ANN) coupled
with fuzzy clustering method (FCM).
Additive linear interdependent fuzzy

multiobjective optimization (ALIFMO).
Second version of the nondominated
sorting genetic algorithm (NSGA-II).

Exergetic optimization of continuous
photobiohydrogen production process

from syngas by Rhodospirillum
rubrum bacterium.

Multiobjective optimization. Objectives:
minimization of the normalized exergy
destruction and maximization of the

rational and process exergetic efficiencies.
The solutions of the proposed approach
were also compared with conventional

fuzzy multiobjective optimization
procedures with independent objectives.

14 Complexity



hand, FS are more commonly applied as operation and con-
trol strategies. For instance, in [108], a fuzzy logic controller
(FLC) was designed for operation and control of an offshore
wind farm interconnected to a high-voltage DC (HVDC) sys-
tem. The maximum power point tracking (MPPT) for PV, a
problem sometimes solved by ANN, was addressed using
FLCs in [109, 110].

Nevertheless, ANN and FS are also commonly coupled
with EC, giving, as a result, some hybrid approaches that
attract the attention of the research community to a signifi-
cant extent. In an effort to synthesize such pieces of work,
in Table 6 we have selected some of the most cited works
regarding hybrid models using ANN and FS in the span
2010–2017. A combination of fuzzy inference systems, wave-
let transform, and PSO is used [111, 112] for forecasting. In
this case, the definition of the parameters associated with
the membership functions of the fuzzy inference system is a
complex optimization problem, and therefore, PSO is used
to this end, obtaining more accurate results. On the contrary,
in [113], a fuzzy system is used to tune the parameters of
PSO, giving place to the so-called fuzzy adaptive modified
particle swarm optimization (FAMPSO), which is used for
solving the nonconvex economic dispatch problem (NEDP).
These two examples show how the interactions between
ANN, FS, and EC might go into different directions, giving
place to the envisage of more refined techniques when a good
knowledge of the strengths and weaknesses of the involved
approaches exists.

We have also selected some recent hybrid approaches
corresponding to highly cited papers related to ANN and
FS applications. Table 7 presents such selection, and it is
interesting to notice that the majority of the selected work
is related to forecasting techniques [92, 102, 107, 114–116].
This trend is highly motivated by the necessity of a more
efficient integration of renewable generation into existing
electrical grids. Since forecasting techniques will never guar-
antee a perfect match between realizations and estimations
(or at least we seem to be far from that goal), the improve-
ment of existing techniques is of paramount importance in
the operation of power systems.

Overall, the revised literature shows that CI has a strong
potential for solving complex tasks in the energy domain.
The use of hybrid techniques, along with some other power-
ful available resources, such as super computers or parallel-
ism, opens a window of opportunity to refine existing
techniques and make them more accurate and reliable tools.

5. Complex Large-Scale Simulation in
Power and Energy Systems

5.1. Electricity Market Simulation. Renewable energy sources
such as wind and solar variable and intermittent nature pose
new challenges to the power sector and also to electricity
markets. Many different market approaches have been
experimented all around the world, and all have been subject
to multiple revisions. The primary focus is on adapting elec-
tricity markets to deliver their intended economic efficiency
and reliability outcomes under the new paradigm of growing
share of renewable energy sources [118]. One of the main

European Union (EU) priorities concerns the formation of
a pan-European energy market. The majority of European
countries have already joined together into common market
operators, resulting in joint regional electricity markets com-
posed of several countries. Additionally, in early 2015, several
of these regional European electricity markets have been
coupled in a common market platform, operating on a day-
ahead basis [119]. That achievement has been enabled by
the multiregional coupling (MRC), a pan-European initiative
dedicated to the integration of power spot markets in Europe.
The common market platform has resulted from an initiative
of seven European power exchanges, called price coupling of
regions (PCR) [119], which have joined efforts to develop a
single price coupling solution used to calculate electricity
prices across Europe and allocate cross-border capacity on
a day-ahead basis. This is a crucial step to achieve the overall
EU target of a harmonized European electricity market.

This type of initiative is being accommodated by the
European Commission, which has created the basis for a sig-
nificant number of European projects that have been giving
substantial contributions to deal with some of the most
prominent issues in the field, as discussed in [120] and sum-
marized as follows. One of the main hurdles for the operation
of a pan-European market concerns the European power
network constraints. The e-Highway2050 project aims at
developing and applying a methodology for the long-term
development of the pan-European transmission network able
to ensure a reliable power delivery from renewable sources,
and their integration in the pan-European market. The Opti-
mate (An Open Simulation Platform to Test Integration in
MArkeT design of massive intermittent Energy) project had
a simulation platform as output, which accommodates the
simulation of the pan-European electricity market. In the
scope of CASSANDRA (a multivariate platform for assessing
the impact of strategic decisions in electrical power systems),
the participation of small consumers in the electricity market
has been modeled, including the assessment of their strategic
decisions. eBADGE (Development of Novel ICT tools for
integrated Balancing Market Enabling Aggregated DR and
DG Capacity) is developing a simulation and modeling tool
for integrated balancing and reserve markets. EMELIE (elec-
tricity market liberalisation in Europe) focused on the liberal-
isation of the European electricity market and its potential
impacts on market developments; this project has resulted
in a modeling and decision support tool for analysis of vari-
ous strategic behaviors in the scope of the European electric-
ity market. E-PRICE (Price-based Control of Electrical
Power Systems) approached the issue of errors in the predic-
tion of both production and demand and their impact on
ancillary services and reserve capacity. Renewable portfolio
addresses market players’ optimal scheduling under integrat-
ing renewables in EU electricity markets, considering a sto-
chastic dynamic market environment.

These initiatives are, however, strongly directed to the
perspective of market operators and regulators, which results
in valuable advances in what concerns market mechanisms,
and market operation and validation, but, apart from a few
exceptions, almost entirely disregard the decision support
of market participant players, and the impact that the
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interaction between these entities has on the market. This
decision support is, however, essential, since the complexity
and the constantly changing environment of electricity mar-
kets makes the decision-making process of the involved enti-
ties a very difficult task. Operators and regulators need to
foresee market developments and experiment and test new
market rules andmechanisms. Market players need to under-
stand how and when to participate in each market.

Due to the rising needs, several electricity market simula-
tors have been developed, as can be consulted in [5, 121–
124], which provide interesting reviews on electricity market
simulators. In fact, a total of 2454 documents related to elec-
tricity market simulation can be found in the SCOPUS data-
base, until the end of 2017. Such works start emerging
slowing from 1981, and several peaks of interest in this theme
are well highlighted throughout the years, as can be seen
from Figure 7.

As can be seen from Figure 7, there has been a significant
increase in the interest in research on electricity market sim-
ulation in the beginning of the millennium, with a huge
increase in the number of documents published during these
few years. In fact, the 10 most cited documents in this area all
refer to the first decade of the 2000s, as depicted in Table 8.
An overview of the most cited documents and top authors
related to electricity market simulation is shown in Table 8.
The tendency keeps on increasing from that point onwards,
but there are several obvious peaks of interest, which are
closely related to the most relevant changes in electricity
market policies, as well as market model restructuring all
around the globe.

Some relevant examples of electricity market simulators
resulting from these works are [5, 122] the Simulator for
Electric Power Industry Agents (SEPIA) [135], which is a
Microsoft Windows-oriented platform; Power Web [136], a
Web-based market simulator that allows participants to
interact from very distinct zones of the globe; and The
short-medium run electricity market simulator (SREMS)
[137], which is based on game theory and is able to support
scenario analysis in the short-medium term and to evaluate
market power. These simulators present a common limita-
tion, as they lack flexibility in order to deal with dynamic envi-
ronments with complex interactions between the involved
entities. Multiagent systems are computer systems composed
of autonomous agents that interact to solve problems beyond
the individual capabilities of each agent [138]. In the last
decade, a number of multiagent electricity market simulators
have emerged [124, 139].

An agent-based simulation model of the England and
Wales electricity market is presented in [140]. The simula-
tion model enables comparing alternative market mecha-
nisms, including different settlement systems and bidding
periods. The same model is applied to the German electricity
market in [141]. The proposed simulation model defines
agents through several attributes. Reinforcement learning is
used to support agents’ decisions. The analysis of alternative
auction models is an important asset of this simulator; how-
ever, the complete functionalities of electricity markets are
not modeled, and market participation is restricted to pro-
ducers [142]. A wholesale market simulation model has also

been developed by the MIT [143]. In this simulator, a static
number of three generator agents use the derivative following
strategy [144] to learn the best bids to apply in order to max-
imize the profits. The market model is very simple, with only
generators being able to act dynamically. These agents can
bid their complete generation capacity or just a part depend-
ing on the expected profits [145]. A simulated market model
based on double auction is presented in [146, 147]. The mar-
ket model matches consumers and generator bids pairwise
[148]. The focus of this simulator is on the learning process
of agents’ bidding behavior, with the application of the
Roth-Erev reinforcement learning algorithm [147] and
genetic algorithms [146]. An electricity market simulation
study that compares three alternative pricing methods in
electricity market auctions is presented in [149]. Agents in
this simulation model submit bids for the entire generation
capacity, and they learn to bid mark-ups on top of their mar-
ginal costs. A model consisting in three sequential energy
markets representing, namely, a gas market, a wholesale elec-
tricity market, and a retail electricity market, is presented in
[150]. All these market models are modeled as uniform-
price auctions, in which only supply agents submit their bids.
The focus is on the study and analysis of the dynamics of
reward interdependence in the different markets [151]. An
electricity market simulation study directed to Nash equilib-
rium analysis is presented in [152]. Q-Learning is used to
provide learning capabilities to the involved agents, consider-
ing a market pool considering transmission grid constraints.
Social welfare implications are analyzed for several conges-
tion management approaches. A multiagent simulation sys-
tem to model the UK electricity market is introduced in
[153]. This simulator includes several different pricing calcu-
lation schemes, and the focus of the study is on producer
agents’ learning behavior. The role of other relevant involved
agents, such as consumers or the independent system opera-
tor (ISO), is, however, not considered. Additionally, the sim-
ulated market model represents the UK electricity market
before its restructuring process of 2001; hence, this model is
severely outdated.

The Genoa Artificial Power Exchange (GAPEX) [154] is
an agent-based framework for modeling and simulating
power exchanges. GAPEX is implemented in MATLAB and
allows the creation of artificial power exchanges reproducing
exact market clearing procedures of the most important
European power exchanges [155]. The Electricity Market
Complex Adaptive System (EMCAS) [156] uses an agent-
based approach with agents’ strategies based on learning
and adaptation. Different agents are used to capture the
restructured market heterogeneity, including generation,
demand, transmission and distribution companies, indepen-
dent system operators, consumers, and regulators. It allows
undertaking electricity market simulations in a time contin-
uum ranging from hours to decades, including several pool
and bilateral contract markets [157, 158]. Agent-based
modeling of electricity systems (AMES) [159] is an open-
source computational laboratory for the experimental study
of wholesale power markets restructured in accordance with
US Federal Energy Regulatory Commission (FERC)’s market
design. It uses an agent-based test bed strategically learning
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electric power traders to experimentally test the extent to
which commonly used seller market power and market effi-
ciency measures are informative for restructured wholesale
power markets. The wholesale power market includes an
independent system operator, load-serving entities, and
generation companies, distributed across the busses of the
transmission grid. Each generation company agent uses sto-
chastic reinforcement learning to update the action choice
probabilities currently assigned to the supply offers in its
action domain.

The Multiagent Simulator of Competitive Electricity
Markets (MASCEM) is a simulator developed by the Poly-
technic of Porto, Portugal [160, 161]. MASCEM supports
the simulation of several market models, including the simu-
lation of the market models of MIBEL (Iberian market),
EPEX (central EU market), and Nord Pool (northern
European market), as well as some other specific market
models, for example, CAISO’s. The network validation is also

possible, although in a simplistic manner. Agents in MAS-
CEM are endowed with machine learning and decision sup-
port capabilities through its integration with the Adaptive
Decision Support for Electricity Markets Negotiations
(AiD-EM) system [162]. The participation of DG, small con-
sumers, DR, and EVs, among other resources, is enabled
through the connection of MASCEM with the Multiagent
Smart Grid Platform (MASGriP) [163]. The integration
between the several systems is achieved through the use of
ontologies to support the communications between the
agents of the different systems. The National Electricity Mar-
ket Simulation System (NEMSIM) is an agent-based electric-
ity market simulator developed specifically for simulating
Australia’s electricity market. The agents considered in
NEMSIM are electricity producers, network service pro-
viders, retailers, and the National Electricity Market Manage-
ment Company (NEMMCO) [164]. The market models in
NEMSIM include bidding and bilateral contracts. The tech-
nical constraints of the transmission network are considered,
even if only in a superficial way. Negotiating agents have
independent learning capabilities, based on the agents’ spe-
cific goals. However, since NEMSIM is designed particularly
for the Australian market, its model is too specific to be eas-
ily adapted to other market models. Another simulation
model that follows the Australian market rules is presented
in [165]. This model includes two bidding mechanisms,
namely, stepwise and piecewise linear bidding. Simulations
are restricted to a couple of generators in order to study
the learning process of tacitly collusive strategies [166].

The short-term electricity market simulator-real time
(STEMS-RT) has been developed by the Electric Power
Research Institute (EPRI) [167, 168]. STEMS-RT models
the market and accommodates both human participants
and computer agents. Human and simulated agents repre-
sent buyers and sellers and are able to set up and submit their
bids. Two autonomous biding strategies are available for sup-
pliers, namely, a conservative approach, consisting in bidding
all generations at the marginal cost. The second approach
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Figure 7: Documents related to electricity market simulation in the SCOPUS database until 2017.

Table 8: Overview of the most cited documents and top authors
related to electricity market simulation.

Search
term

Documents
until 2017

10 most cited
articles

Top 5 authors
with most articles

Reference Citations
Author (number

of articles)

Electricity
market
simulation

2447

[125] 881

Vale, Z. (79)
Pinto, T. (59)
Praça, I. (48)

Morais, H. (43)
Wen, F. (34)

[126] 373

[127] 330

[128] 287

[129] 282

[130] 264

[131] 240

[132] 220

[133] 212

[134] 195

17Complexity



tries to maximize the profit on a short-term basis [169].
STEMS-RT, however, does not include some important elec-
tricity market participants such as consumers, aggregators, or
the ISO. Also, STEMS-RT is restricted to the bidding process
in the pool market, and although it provides two autonomous
bidding strategies, there is no actual learning process for
agents’ decision support. A two-settlement market composed
by one forward market and one spot market is simulated in
[170]. The agents present in this simulator are consumers,
generators, transmission line provider agents, and the ISO.
The focus of simulations is put on the decision-making of
generators and the ISO. The problem is formulated as an
equilibrium problem with equilibrium constraints. The strat-
egy for representing the decision-making and solving it
mathematically is similar to that of STEMS-RT. PowerACE
is an agent-based simulation tool developed to study the
CO2 emission trading market [171]. PowerACE is composed
by several types of agents, namely, producers, consumers,
traders, long-term planners, market operators, certificate
traders, load serving entities, and consumers. The market
model includes a market for CO2 emission allowance that
complements the usual pool and bilateral markets. The capa-
bility of PowerACE investigating environmental issues (such
as CO2 emission) is an important asset in upcoming simula-
tors or in the improvement of existing ones, as it can largely
affect the long-term investment decisions of generation com-
panies. A multiagent architecture for decision-making in
decentralized electricity markets called EMMAS (Electricity
Market Multiagent System) is presented in [172]. Agents
are introduced as (i) basic (atomistic), which can be a con-
sumer, generator, transmission system operator, distributor,
market operator, wholesaler, retailer, or a regulator, and (ii)
synthetic (combined), which are combinations of different
basic agents. EMMAS agents are able to learn from past expe-
riences or directly from the domain of expertise. Both the dis-
tribution and transport grids are modeled.

Electricity market simulation is an area that has been
attracting a significant interest during the last years. Many
of the existing simulators have been discontinued, while
others have been adopted or purchased by governmental
entities. Tracking of their recent developments has been
proven to be a difficult task, as it is possible to observe by
the publication year of many of the review works. Some fur-
ther relevant works related to electricity market simulation
can be consulted in [173], which presents an electricity mar-
ket simulator for mainland Spain; [174] presents the Mar-
ketecture from Los Alamos National Laboratory; [175]
details the N-ABLE™, the Agent-Based Laboratory for Eco-
nomics developed at Sandia National Laboratory; and [176]
presents some simulations for coupled systems using the
GridWise™ system, at the Pacific Northwest National
Laboratory. Table 9 provides a comparison of the main
characteristics of the most relevant reviewed electricity
market simulators.

From Table 9, it is visible that most of the existing simu-
lators include some types of agent learning capabilities,
although these are almost entirely exclusively directed to
generation agents. Many of these simulators also consider
grid constraints, making them suitable for simulation under

operators’ and regulators’ perspective. However, the study
of the integration of distributed renewable generation and
integration of DR or even of aggregators in the market is still
very poor. This deficiency makes most of these simulators
still unable to provide a valuable support for the study of
the evolution of the power system in accommodating the
targeted large amounts of renewable generation and to incen-
tivize the active participation from the consumers’ side.

5.2. Microgrid and Smart Grid Simulation. One of the main
achievements of the power and energy sector in recent years
is the common acceptance by the involved stakeholders that
power systems require major changes to accommodate in an
efficient and secure way an intensive use of renewable-based
DG [177]. The conclusion that the so-called smart grids are
required is a crucial foundation for the work to be done in
the coming years towards the modernization and restructur-
ing of the power sector according to the new paradigms [20].
Huge investments have already been made in projects con-
cerning smart grids, including research and development
projects, pilot installations, and rollout of smart metering.
A list of a total of 950 projects related to smart grids starting
from 2002 up until today, amounting to €5 billion invest-
ment, is published in [178]. The domains with the highest
investment are smart network management, demand-side
management, and integration of DG and storage, together
accounting for around 80% of the total investment. The large
number of smart grid-related projects is resulting in impor-
tant advances in the field, namely, concerning demonstration
pilots and management and control methodologies.

The European Technologic Platform Smart Grids
(ETPSG) for future electric networks is the main European
forum for the establishment of R&D policies for the intelli-
gent electricity grid sector [179]. The mission of ETPSG is
(i) to create and maintain a shared sight for the future of
electricity networks in Europe and serve as a catalyzer for
their implementation and (ii) promote research, develop-
ment, demonstration, and implementation projects related
to intelligent electricity networks [120].

Under the ETPSG and due to the increase in funding
from the EU in this field, several large-scale European pro-
jects have been providing a substantial contribution to deal
with some of the most prominent issues in the field, as
discussed in [120]. The e-Highway2050 project aims at
developing and applying a methodology for the long-term
development of the pan-European transmission network,
with the objective of guaranteeing a reliable power delivery
from renewable sources, and their integration in the pan-
European market. This project adopts a top-down method-
ology to support the planning from 2020 to 2050. In this
context, the output of this work should potentiate the ideal-
ization of a possible super European power network, which
interconnects the large part of European countries. IRENE-
40 is a European project that aims at providing an Infra-
structure Roadmap for Energy Networks in Europe. The
objectives of IRENE-40 are to identify strategies for investors
and regulators to build a more secure, ecologically sustain-
able, and competitive European electricity system, which
are presented in a roadmap, that is, a timeline with actions
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and a description of development stages towards future elec-
tricity networks over the coming 40 years.

WILMAR (Wind Power Integration in Liberalised Elec-
tricity Markets) has focused on the study of the impact of
large-scale penetration of wind-based generation and its
accommodation in EM, while TRADEWIND—Wind Power
Integration and Exchange in the Trans-European Power
Market—led by EWEA (European Wind Energy Associa-
tion) aims at facilitating the dismantling of barriers for the
large-scale integration of wind energy in European power
systems, on transnational and European levels, and to formu-
late recommendations for policy development, market rules,
and interconnector allocation methods to support wind
power integration. TRADEWIND explores the benefits
that a European grid with better interconnections and an
improved power market design can have on the integra-
tion of large amounts of wind power. EWIS—European
Wind Integration Study—towards a successful integration
of large-scale wind power into European electricity grids pro-
vided a market model that represents the idealized operation

of existing day-ahead markets respecting declared cross-
border transfer capabilities. It simulated daily actions of
transmission system operators (TSOs) to redispatch genera-
tion to meet actual network physical limits and respond to
emerging information concerning demand, wind output,
and other generation changes [120].

IDE4L focuses on providing flexibility services and dis-
tributed control for aggregators. The role of the distribution
system operator is the core entity of this project, addressing
several distinct market models. PV-Prosumers4Grid is
studying novel self-consumption and aggregation models
for prosumers, with the aim of supporting large-scale PV
integration in the system. EU-SysFlex aims at achieving an
efficient coordinated use of flexibility to enable the wide
spread of renewable generation. This requires defining the
right amount of flexibility and system services to support
transmission system operators. iDistributedPV is developing
affordable solutions to increase the penetration of distributed
solar PV based on the effective integration of solar PV equip-
ment, including the exploration of several related concepts

Table 9: Comparison of the main characteristics of some of the most relevant electricity market simulators.

Work
Demand
response

Distributed
generation

Aggregators
Grid

constraints
Agent
learning

Market details Other

[141] + ++
Study of alternative market models;
impact on German electricity market

[143] + ++

[146] ++ + Double auction

[147] ++
Comparison of bidding

strategies

[149] ++
Comparison of alternative market

mechanisms

[150] ++ ++ +
Wholesale, retail, and natural gas

markets

[152] + ++ ++ Congestion management

[153] ++ ++ Models the old UK electricity market

[154] + +
Models GME—the Italian electricity

market

[156] ++ ++
Realistic modeling of the Australian

electricity market

[159] + ++ ++ ++
Models the US MISO, ISO-NE,
NYISO, PJMB, CAISO, SPP, and

ERCOT market areas

[160] + ++ + ++
Market models of MIBEL,
EPEX, and Nord pool

Demand response, electric
vehicles, and distributed
generation are modeled

through the connection to the
MASGriP simulator

[164] + +
Models the Australia National
Electricity Market (NEM)

[165] ++ Analysis of collusive strategies

[167] + Day-ahead auction-based market

[170] + + ++ + Spot market and forward market

[171] ++ Balancing market

[172] + + +
Day-ahead simple auction
and with uniform price
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and approaches. The main goal is to enhance the role of
the prosumer.

The significant work being developed in the scope of the
multiple projects in the field is resulting in several relevant
works in the domain of smart grid and microgrid simulation.
In fact, an astonishing number of 15,723 documents are
found in the SCOPUS database when searching for Micro-
grid OR Smart Grid OR Energy Systems Simulation, until
the end of 2017. Most of these works have been published
in the last decade, as can be seen by Figure 8.

As Figure 8 shows, although these topics have been
briefly mentioned for more than 50 years, the interest in
microgrid and smart grid simulation has just boosted in the
last decade, following the large increase of investment in
smart grids, and the worldwide definition of ambitious tar-
gets for renewable generation integration in the system,
which requires the exploration of approaches such as the
smart grid and microgrid, and their simulation. Table 10
shows the details on the most cited articles and most relevant
authors in this domain.

As Table 10 shows, a significant number of documents
related to microgrid and smart grid simulation can be easily
found. A document discussing the requirements of smart
grid simulation tools, including grid constraints, markets,
legislation, communication infrastructure, regulation, and
legislation, can be consulted in [190], paving the path for
development ways of future simulators. Also, a relevant list
of smart grid simulation tools can be consulted in [191]. In
many of these works, a multiagent approach is commonly
applied. Many of the advantages of using multiagent systems
in the energy system are discussed in [124]. These advantages
are mainly related to the large-scale accommodation of
renewable energy sources. The distributed architecture is
one of the emphasized advantages, due to the distributed
nature of renewable energy sources and their need for local
decisions and information. The flexibility is another core
asset, since a multiagent system can easily accommodate
new agents and exclude agents (both software and physical
resources) without compromising the simulated system. This
is closely related to the resiliency of the system, as a distrib-
uted approach usually has a better response to changes and
failure in the network, thus helping to improve its stability
and efficiency [192].

In [193], three main types of approaches for smart grid
and microgrid simulation using multiagent systems are
identified, namely, centralized, distributed, and hierarchical
approached. The centralized approach refers to the collection
of homogeneous agents that are managed by centralized con-
trol and management agents. These two types of agents are
described in [194] as reactive and cognitive, respectively.
Reactive agents only respond to requests with their standard
actions, and cognitive agents incorporate enhanced manage-
ment and/or control capabilities. Another relevant work con-
sidering a centralized approach for agent-based control of
microgrids is [195].

In a distributed approach, each agent detains the knowl-
edge about his share of the system, and they interact with
each other in order to coordinate and manage the operations
in a distributed way, as well as to cooperate and share services

that respecifies to each agent. A distributed system for self-
organization of generation sources, consumption, and stor-
age is proposed in [196]. The simulation of a test microgrid
with DG, consumers, and storage is used in [197] to demon-
strate the advantages of a distributed control using multia-
gent systems.

An hierarchical model considers the authority of some
agents over others [198]. This approach requires classifying
each individual agent as being of a certain type, which facili-
tates the definition of agents’ roles and also improves the
scalability and robustness of real-time operational control
[199]. The work presented in [200] proposes a three-level
agent-based hierarchical approach for distributed power flow
control. A simulation model based on a two-level hierarchi-
cal approach is presented in [201] to enable distributed
microgrid control. The upper level comprises the central
controller, which coordinates and manages the information
from the network perspective. The bottom layer includes
microsource controllers and load controllers, which perform
their control and management locally. Market participation
is also included in [202]. Agents in the higher levels are
responsible for the decision-making regarding the complex
tasks, while the lower-level agents are accommodated to sim-
pler tasks. Some other applications of hierarchal agent-based
systems for smart grid and microgrid simulation are dis-
cussed in [203–209].

A decentralized approach for the management of storage
devices is proposed in [210]. An agent-based simulation
infrastructure is used to support negotiations in order to
optimize the operation of storage units in a decentralized
manner. Another market-driven simulation system for stor-
age device management and operation is introduced in
[211]. This problem is defined as a multiplayer game, and
the Nash equilibrium is used to minimize the energy cost
by reducing the peak demand. Energy transaction patterns
are analyzed through agent-based simulation in [212]. The
load scheduling is addressed using genetic algorithms and
considering the consumer comfort. The integration of
renewable based generation in the electricity market is
explored through simulation in [213]. This work explores
potential business models considering the alternative models
of DR for buildings. The market-based control of imbalances
using a multiagent simulator is addressed by [214]. This sim-
ulator includes the control of different units and combines
DR and several distributed energy sources.

An agent-based simulation approach for microgrid con-
trol is presented in [215], focusing on the distribution grid
control decisions. The interaction between multiple micro-
grids is simulated and studied in [216]. This simulation
model enables studying the coordinated control of multiple
integrated microgrids, as well as incorporating relevant
aspects such as reserve regulation. The simulation model
presented in [217] focuses on large-scale modeling of trans-
portation assets in smart grids. Namely, the simulator
addresses the demand management of EVs through the sim-
ulation of the power grid and transport.

A simulation system for different types of consumers and
their behavior in a smart grid setting is presented in [218].
This simulation system enables consumer agents to define
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their actions at each time, deciding among use of local gener-
ation, reduction of their consumption, trade of energy with
utilities or their neighbors, and use of their batteries.

An agent-based simulation system for local energy sys-
tems named energy cultures is presented in [219]. The mul-
tiagent model integrates several types of agents, which are
represented by aggregators in the wholesale market. This
simulator has been used in the CASCADE project to address
different issues, all related to the future role of the aggregator
in future power and energy systems [220].

A flexible large-scale agent-based simulation tool for
smart grids is presented in [221]. This simulator, named
GridLAB-D, is open-source and considers different smart
grid resources such as DR, storage, EVs, and the retail
market. The flexibility of the simulator enables it to be
used to study multiple questions in the field, related to

energy trading, flexibility, management, and operation of
smart grids.

The Multiagent Smart Grid Platform (MASGriP) is a
large-scale simulator of microgrids and smart grids [163] that
combines agent-based simulation with real-time simulation
and physical emulation. This simulator can be used as a
stand-alone application, using the agent-based system to
simulate different types of smart grid players and manage-
ment, operation, and interaction models, or it can be used
in a physical setting to control a microgrid in real time, com-
bining real resources with simulated players and assets. This
simulator is connected to the MASCEM electricity market
simulator [160], which enables combining the smart grid
operation with market simulation.

A smart grid simulator that uses the AnyLogic simulation
environment is presented in [222]. This simulator models
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Figure 8: Documents related to microgrid, smart grid, and energy systems simulation in the SCOPUS database until 2017.

Table 10: Overview of the most cited documents and top authors related to microgrid and smart grid simulation.

Search term Documents until 2017
3 most cited articles Top 5 authors with most articles

Reference Citations Author (number of articles)

Smart grid simulation 5781

[33] 1110
Vale, Z. (38); Li, H. (37); Javaid, N. (36);

Senjyu, T. (31); Han, Z. (28);
[180] 475

[181] 472

Microgrid simulation 4929

[182] 936
Guerrero, J.M. (141); Vasquez, J.C. (61);
Li, P. (55); Wang, C. (41); Ghosh, A. (39);

[183] 870

[184] 668

Energy systems simulation 5808

[185] 667
Senjyu, T. (20); Streblow, R. (20); Anon (19);

Müller, D. (19); Lehnhoff, S. (16);
[186] 586

[187] 471

Power systems simulation 59,305

[188] 1657
Senjyu, T. (152); Sun, Y. (131); Blaabjerg, F. (123);

Malik, O.P. (121); Wen, J. (121);
[189] 1483

[182] 936
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local energy communities considering buildings with self-
generation and storage devices. Different configurations are
allowed in order to enable the study of a multiplicity of issues
in the smart grid domain. The simulator introduced in
[223] uses the HLA architecture to simulate multiple envi-
ronments, among which is the smart grid. The proposed
architecture connects different ICT components and
applies it to power systems modeling. Additionally, the
proposed architecture is integrated with models in Simu-
link, Omnet++, and JADE to enhance the modeling of
smart grid applications.

The large-scale simulation of smart grids using Modelica
is addressed in [224]. This object-oriented equation-based
modeling tool enables increasing the flexibility, efficiency,
and scalability of simulation frameworks. This work suggests
that using such an approach may prove to be a relevant step
forward in the simulation of large-scale systems such as the
smart grid. The work presented in [225], in turn, applies
the Discrete Event System Specification (DEVS) formalism
for modeling and simulation of the smart grid. The proposed
approach considers several distinct smart grid resources and
shows that such a model enables specifying components as
well as developing event-driven simulations.

The work presented in [226] proposes a cosimulation
framework of the smart grid including the modeling of the
power and communication networks. In [227], the same
cosimulation subject is addressed, but this time focused on
enabling direct load control in the smart grid. Issues such
as the data volume, timing questions, and reliability issues
are addressed. The PSS SINCAL and OPNET simulators
are combined to enable the real application of the proposed
simulation model in a German distribution network.

The large number of works related to microgrid and
smart grid simulation leads to a rather vast and complemen-
tary simulation focus in this field. Table 11 presents a com-
parison of the main top-level characteristics of some of the
most relevant simulators discussed in this paper.

As can be seen from Table 11, the main focus of micro-
grid and smart grid simulators is the study of the integration
of renewable energy generation in the system. Grid modeling
is almost always available, and DR is also being increasingly
addressed by most recent works. On the other hand, the sim-
ulation study of EVs, the role of the aggregator, and the mar-
ket interaction with the local grid are issues that, although
addressed by some simulators, still lack a significant wide
spread in terms of simulation modeling. The modeling and
simulation of agent learning capabilities is still very poor in
this domain, contrarily to what can be seen from the field
of electricity market simulation. It is a fact that most of the
least explored areas that are discussed here are addressed in
dedicated works, which does not mean these areas are not
being addressed. However, their integration in complete sim-
ulation frameworks is still showing to be taking its first steps.

6. Final Remarks and Future
Research Directions

This survey analyzed recent research (mostly from 2010) on
complex optimization and in the new paradigm of power

systems and the smart grid era. The main focus is centered
on (i) the optimization of power systems under the new
smart grid context, (ii) the discussion and analysis of the
application of computational intelligence approaches as
means to solve the complex optimization problems, and
(iii) the analysis of large-scale simulation of electricity mar-
kets and smart grid.

It started with a preliminary section with a brief explana-
tion of basic concepts in the new power systems paradigm.
After that is an overview of research work to tackle challenges
brought by the smart grid technologies. Then, it focused on
research related to energy resource management due to its
particularly complex case in this field. This study realized
that smart grid optimization is starting to adopt methods to
tackle sources of uncertainty in the mathematical models.
However, it is found that most of the work relies on tradi-
tional approaches and lacks ability to scale to real systems
(due to limited computer resources with the adopted
approaches). As a consequence, they are also limited in cov-
ering all sources of uncertainty and considering different
problem horizons.

The survey also analyzed CI due to its large potential to
tackle the challenges introduced early in this survey related
to smart grid optimization. In fact, CI encompasses some of
the most existing paradigms of computer sciences. Among
them, EC is one of the most prominent paradigms, with some
very mature algorithms applied to a wide variety of complex
optimization problems. In the energy domain, hybrid tech-
niques that make use of the three main paradigms of CI
(i.e., EC, ANN, and FS) are currently used as a tool to model
and solve some of the arising issues in power systems. The
evolution of complex energy systems is pushing into the
limits on the application of the most accepted exact solutions,
which in some cases are not suitable to deal with these new
complex scenarios. It is in this context that motivates the
use of CI as an efficient tool to deal with this challenging sce-
nario. However, despite the successful applications of CI in a
wide variety of problems, the portfolio of algorithms belong-
ing to CI has the drawback of being unable of guaranteeing
optimal solutions. The use of additional resources, such as
supercomputers or parallelism, open a window to refine the
application of CI, and it is expected that in the near future,
CI solutions will be sufficiently mature to be adopted as the
preferred solutions to power systems.

Due to its importance to the new paradigm of power sys-
tems, we analyzed electricity market simulators, which
together with smart grid optimization are also a complex case
of power systems studies. We realized in this study that those
simulators are valuable but still limited solutions, as they are
usually directed to specific market environments and present
limitations in coping with the interaction with external sys-
tems. This hardens the possibility for cosimulation of distinct
and complementary environments, such as the coexistence
and simultaneous participation of players in multiple elec-
tricity markets. Most of the existing simulators include some
agent learning capabilities, although these are almost entirely
exclusively directed to generation agents. Many of these sim-
ulators also consider grid constraints, making them suitable
for simulation under operators’ and regulators’ perspective.
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However, the study of the integration of distributed renew-
able generation, integration of DR, of electric vehicles, or
even of aggregators in the market, is still very poor. This defi-
ciency makes most of these simulators still unable to provide
a valuable support for the study of the evolution of the power
system in accommodating the targeted large amounts of
renewable generation and to incentivize the active participa-
tion from the consumers’ side.

Effective solutions should rapidly appear, so that current
and alternative market models can be easily simulated and
assessed using realistic models regarding not only electricity
markets but also the present and future penetration of diverse
types of energy resources. The main problems of the field
such as the massive integration of renewable energy sources
in electricity markets, the inadequate models to support the
active participation of consumers, and the consequent need
for modeling alternative and innovative market models that
enable accommodating new types of players, remain, there-
fore, unaddressed.

On the other hand, the quick emergence of the process of
smart grids is showing not to be entirely free of problems. A
large number of practical applications, although very expen-
sive, are enabling solutions that present serious limitations
and provide little return of investment. It is not clear that
the rolled-out equipment is sufficiently open and flexible to
be useful for the next generation of smart grid solutions that
should appear in the coming years. Additionally, although
important contributions are being achieved, these still
remain as solutions for partial problems. In highly dynamic
and codependent areas, such as power networks, smart grids,
and electricity markets, the cooperation between different
systems becomes essential in order to look at the global

problem as a whole. Most of the smart grid-related works
consist in practical implementations, highly industry driven,
and involving almost exclusively large stakeholders in the
field, such as regulators, operators, and utilities, resulting in
an almost complete focus on achieving fast ways to overcome
present problems. This is, however, leading to an absence of
pure research exploitation in the field, which is essential to
reaching innovative findings to enable the scientific break-
through that is required to provide advanced solutions, not
only to the current and most prominent problems that are
arising but also to future issues that are inevitable.

The focus of current microgrid and smart grid simulators
can be said to be quite diversified. The study of the integra-
tion of renewable energy generation in the system is the main
addressed question, while grid modeling is usually addressed,
and DR begins to be considered in large scale. On the other
hand, relevant issues such as the simulation of electric vehi-
cles, aggregator models, and the interaction with the market
are still not sufficiently addressed by current large-scale sim-
ulators. Additionally, most simulation approaches are based
on multiagent systems. Although this paradigm is showing
to be suitable for the task, it still presents several limitations,
as identified in [193]. The emergent or unexpected behavior
from autonomous agents in dynamic environments is one
of the main sources of uncertainty, as the same level of behav-
ior cannot be guaranteed under different settings, scenarios,
and contexts. The portability of agents is another issue, which
relates to agents’ physical integration. Although many
advances have been accomplished in recent years, issues with
standardization and difficulties of communication with dif-
ferent types of devices and resources are still proving to be
an arduous challenge to overcome. The scalability is another

Table 11: Comparison of the main characteristics of some of the most relevant microgrid and smart grid simulators.

Work
Demand
response

Distributed
generation

Electric
vehicles

Aggregators
Market

participation
Grid

modeling
Agent
learning

Other

[163] ++ ++ + ++ ++ + +
Real-time simulation and

emulation

[210] ++ ++ Storage

[211] ++ ++ + +
Microstorage and reserve

regulation

[213] ++ ++

[214] ++ ++ ++ Reduction of local imbalances

[215] ++ ++ +

[218] ++ ++ P2P trading

[221] ++ ++ + ++

[222] + ++ + Transactions with neighbors

[223] + ++ + ++
Ontologies for domain

knowledge

[224] ++ ++
Physical modeling of smart

grid components

[225] ++ + +

[226] + + ++
Co-simulation with

communication network

[227] ++ ++ ++
Co-simulation with

communication network
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important aspect in large-scale simulation. There are multi-
ple approaches devoted to guaranteeing the scalability of
the simulation environment; however, these are still always
dependent on the processing machines when it comes to
increasing the number of agents and integrated smart grids

or microgrids. Finally, the security component is another
important limitation when considering the real application
of agent-based systems or their simulation using real data.
Security in communications, data storage, and management
still need to be highly improved and standardized so as to

Table 12: Number of citations and h-index for selected countries ranked by total number of citations between 2010 and 2016 for the same
search term.

Affiliation country
Number of citations

h-index
2010 2011 2012 2013 2014 2015 2016 Total

United States 13 35 275 543 781 1232 1539 4481 35

China 5 31 208 439 610 762 1094 3214 31

Canada 48 22 260 390 521 685 941 2976 22

Italy 0 27 72 176 329 497 663 1756 27

Spain 4 22 111 196 348 452 600 1756 22

South Korea 1 21 142 219 296 426 552 1686 21

France 5 18 61 154 190 313 415 1164 18

Portugal 6 22 51 110 161 290 406 1038 22

United Kingdom 0 20 62 128 152 240 330 931 20

Germany 9 16 40 76 133 236 283 799 16

India 0 13 23 48 81 116 246 523 13

Japan 0 12 40 58 67 132 180 488 12

China, 674

United States, 629

Japan, 312

Germany, 248

Italy, 211

India, 207

South Korea, 205

Canada, 201

France, 185

Spain, 168

United Kingdom, 151

Portugal, 132

Figure 9: Documents produced between 2010 and 2016 by affiliation country (top 12) for search term (“energy resource management” OR
“energy management system”) in the SCOPUS database.
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enable the wide-scale application of agent-based simulators
in real environments.

Appendix

Statistic of recent research in the scope of
energy resource management

Additional information is given in this appendix regarding
statistics of recent research in scope of energy resource man-
agement. Figure 8 shows the number of documents produced
between 2010 and 2016 by affiliation country (top 12) for the
search term “energy resource management” OR “energy
management system” in the SCOPUS database. China-
affiliated researchers lead the number of documents pro-
duced so far with 674 documents, which combined with
United States, Japan, and Germany represent more than
50% of the documents produced in this research field. Portu-
gal appears in the 12th position of this list (6th European
country) with 132 research documents.

For the same search term, we also investigated the
research impact of the documents produced in this field, that
is, number of citations and citations per paper, which can be
interpreted as quality indicator. Table 12 shows the total
number of citations by country (the same as appears in
Figure 9), and Table 13 shows the citations per paper for
the same countries. It can be seen that United States, China,
and Canada are the research affiliations with the highest
impact translated by the total number of citations between
2010 and 2016 (51% of top 12 global citations). It is interest-
ing to remark that in spite of Japan ranking third in the total
number of documents (312, see Figure 9), the total number of
citations of those documents is only 488, which puts Japan as
the last in this list regarding the total number of citations,
with 1.6 citations per paper (see Table 13). Data suggests that

Canada and Spain perform quite well in the research impact
for the advances in the energy resource management, figur-
ing with 14.8 and 10.5 citations per paper, respectively, which
are significantly apart from the other countries in this list.
Portugal also presents very interesting impact results rank-
ing 5th in the citations per paper list, in spite of being in
the 12th position when ranked by number of documents
(see Table 13). Portugal is ahead of United Kingdom and
Germany, India, and Japan when seen by for the total cita-
tions (see Table 12). This data is accurate on how research
affiliations have performed in the past, namely, between
2010 and 2016, and according to SCOPUS database. But we
understand that highly cited articles related to the search
term of energy resource management, such as [11] (Canada),
[33] (Canada and USA), and [1] (Italy), contribute to
improve the country affiliation rank.
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Population-based optimization algorithms are useful tools in solving engineering problems. This paper presents an elitist
transposon quantum-based particle swarm algorithm to solve economic dispatch (ED) problems. It is a complex and highly
nonlinear constrained optimization problem. The proposed approach, double elitist breeding quantum-based particle swarm
optimization (DEB-QPSO), makes use of two elitist breeding strategies to promote the diversity of the swarm so as to enhance
the global search ability and an improved efficient heuristic handling technique to manage the equality and inequality
constraints of ED problems. Investigating on 15-unit, 40-unit, and 140-unit widely used test systems, through performance
comparison, the proposed DEB-QPSO algorithm is able to obtain higher-quality solutions efficiently and stably superior than
the other the state-of-the-art algorithms.

1. Introduction

Economic dispatch (ED) of electric power generation is
used to determine an optimal combination of power output
from the units in the system for a minimal total generation
cost meeting the load demand while satisfying all equality
and inequality constraints of the units and system. The
constraints involved discontinuous prohibited zones, unit
power limits, and ramp rate limits making the practical
ED problem a highly constrained nonconvex and nonlinear
optimization problem [1]. The cost function of ED prob-
lems can be represented by a quadratic function and solved
by conventional methods such as the gradient method,
dynamic programming, and the lambda-iteration method
[2, 3]. However, none of these conventional optimization
methods is able to provide an optimal solution as they are
fast but easily getting stuck at the local optima as confirmed
with past experience of researchers.

In recent decades, a wide variety of metaheuristic optimi-
zation methods such as genetic algorithm (GA) [4, 5], artifi-
cial immune system (AIS) [6, 7], particle swarm optimization

(PSO) [8–16], differential evolution (DE) [17–19], gravita-
tional search algorithm (GSA) [20], Tabu Search (TS)
[21, 22], neural network (NN) [23, 24], evolutionary pro-
gramming (EP) [25], bacterial foraging algorithm (BFA)
[26], biogeography-based optimization (BBO) [27], and
other population-based optimization algorithms [28–32]
have been applied with success in solving the ED problems
and been able to obtain better solutions compared to using
conventional optimization methods.

Recently, a variant of PSO with guaranteed global con-
vergence ability, quantum-behaved particle swarm optimiza-
tion (QPSO) algorithm, is proposed by Sun et al. [33, 34].
QPSO outperforms PSO in global search ability and is a
promising optimizer for complex problems [35–37]. QPSO
demonstrates its superiority in solving ED problems com-
paring to other population-based optimization algorithms
[38, 39]. Although various QPSO approaches have been suc-
cessful in solving ED problems as reported in literature, they
still lack the efficient mechanism to treat the constraints
effectively [39]. The most commonly used method to handle
constraints in ED problem with QPSO is the use of penalty
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functions [39, 40]. The simple implementation of combining
the constraints with the objective function is the advantage
of this approach. However, an additional tuning parameter
called penalty factor is needed to penalize those solutions
violating the constraints. It is rather difficult to choose
the appropriate penalty factor for the penalty function
approaches. A small penalty factor is not effective to handle
the ED problem. Conversely, a large penalty factor will make
the ED problem feasible but is distorting the solution space.
As a result, it will converge to a weak local optimum.
Recently, some heuristic constraint handling strategies have
been proposed to modify infeasible solutions to satisfy the
equality constraints, but their heavy computational require-
ment imposes a challenge for any evolutionary algorithms
based on those heuristic strategies to find the global optimal
solutions efficiently [41].

To overcome the existing deficiencies of QPSO for the
ED problem, this paper proposes a double elitist breeding
transposon QPSO (DEB-QPSO) algorithm based on our
recent work on EB-QPSO [42] with the extension of an
improved constraint handling technique and a cooperative
update method for the pbests and gbest. The proposed
approach makes use of two elitist breeding methods with
transposon to enhance the diversity of the population in the
QPSO mechanism. The transposon operators can improve
the global search ability by preventing the premature con-
vergence through increased diversity of the population as
demonstrated in our previous work [42]. The current work
is to extend our EB-QPSO technique to solve the ED
problems. Moreover, one of the proposed elitist breeding
schemes aims to assist the constraint handling while
improving the diversity of the population. An improved
dedicated efficient heuristic handling technique is proposed
to manage the equality and inequality constraints of ED
problems. The proposed algorithm is applied on three differ-
ent widely used ED test problems and compared to various
the state-of-the-art population-based optimization algo-
rithms. The rest of this paper is organized as follows: the
mathematical formulation of the ED problem is given in
Section 2. Section 3 briefly describes the PSO, QPSO, and
EB-QPSO algorithms that related to the proposed approach.
The proposed DEB-QPSO algorithm for solving ED prob-
lems is presented in Section 4. Section 5 gives the implemen-
tation of the proposed algorithm for solving ED problems.
Section 6 provides the case studies and results of the DEB-
QPSO algorithm for three nonconvex ED problems and is
compared to the state-of-the-art approaches from literature.
Conclusion is given in Section 7.

2. Problem Formulation

The objective of ED is to reduce the operation cost of the
system while fulfilling the load demand within the limit of
constraints. The nonsmooth/nonconvex ED problem takes
into account valve-point loading effects, prohibited operating
zones and multifuel options along with system power
demand, transmission loss, and operational limit constraints.
The overall ED problem can be formulated as a nonlinear
optimization programming problem:

Minimize  CT = 〠
Ng

i=1
Fi Pi , 1

Fi Pi = ai + biPi + ciP
2
i , 2

where CT , Fi Pi , and Ng are the total fuel cost, cost function
of generator i, and the number of generators in the system,
respectively; ai, bi, and ci are the cost coefficients of the ith
generator and Pi is the power output of the ith generator.

The generating units with multiple valves in steam
turbines are available. The opening and closing of these
valves may add the ripples in the cost function which makes
the objective function highly nonlinear [5]. The cost function
in (2) is modified as

Fi Pi = ai + biPi + ciP
2
i + ei sin f i × Pi,min − Pi , 3

where Pi,min is the minimum output of the ith generator, ei
and f i are two coefficients of the ith generator with valve-
point loading effect.

ED problem is subjected to the following constraints:

(i) Power balance constraint

〠
Ng

i=1
Pi − PL − PD = 0, 4

where PL and PD are the total transmission network
losses and the total load demand, respectively.

Normally, PL is represented by way of Kron’s loss
formula [1] given as

PL = 〠
Ng

i=1
〠
Ng

j=1
PiBijPj + 〠

Ng

i=1
B0iPi + B00, 5

where Bij, Bi0, and B00 are known as the loss coeffi-
cients determined by the situation of a specified
power system.

(ii) Power output limit and amp rate limit constraint

Considering the inequality constraints of power out-
put limit and ramp rate limit simultaneously, the
generator operation constraint can be expressed as
follows:

max Pi,min, P0
i −DRi ≤ Pi ≤min Pi,max, P0

i +URi ,
6

where Pi,min, Pi,max, P
0
i , URi, and DRi are the mini-

mum output, maximum output, previous output
power, the upramp limit, and downramp limit of
the ith generator, respectively.

(iii) Prohibited operating zone constraint

The feasibility operation zones of a unit with prohib-
ited operation zones lead to additional constraints
on the unit operating range as follows:
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Pi ∈

Pmin
i ≤ Pi ≤ Pl

i,1,

Pu
i,k−1 ≤ Pi ≤ Pl

i,k,
Pu
i,npz ≤ Pi ≤ Pmax

i ,

 k = 2, 3,… , npz ,

7

where ngz , P
l
i k, and P

u
i k are the number of prohibited

zones, the lower bound of the kth prohibited zone of
the ith generator, and upper bound of the kth
prohibited zone of the ith generator, respectively.

3. PSO, QPSO, and EB-QPSO

Particle swarmoptimization (PSO)was proposed byKennedy
and Eberhart [34, 43] and is acknowledged as one of the
most popular stochastic algorithms. In the past two decades,
the PSO algorithm has undergone many improvements or
modifications in an effort to compete more effectively on
solving complicated problems [34, 43].

3.1. The Original PSO Algorithm. The PSO algorithm is
inspired by the social behavior of bird flocking. Each particle
is defined by a position vector x = x1, x2,… , xD which sig-
nifies a solution responsible for the exploration of the search
space. Let N denote the swarm size and D be the dimension-
ality of the search space; during the search process, the posi-
tion of each particle is evolved through the velocity and
position equations:

vt+1i =wvti + c1r1 pbesti − xti + c2r2 gbest − xti , 8

xt+1i = vt+1i + xti , 9

where vti and xti are the velocity and position of the ith
i = 1, 2,… ,N particle in generation t. pbesti, the personal
best, is the previous position having the best objective func-
tion value of the ith particle. gbest called global best particle
is the position of the best particle among all particles in the
swarm. r1 and r2 are two uniformly distributed random
numbers generated in the range 0, 1 . c1 and c2 are the learn-
ing factors called acceleration coefficients, andw is the inertia
weight introduced into (8) by Shi and Eberhart [34, 43, 44]
which is decreased linearly from 0.9 to 0.4 through the evolu-
tionary process to enhance the capacity of exploring the solu-
tion space. Without loss of generality, for minimization, with
the objective function, f , the pbesti is updated according to

pbest =
xti if f xti < f pt−1i ,

pbestt−1i  if f xti > f pt−1i

10

Consequently, gbest is found by

gbestt = pbesttg,

pbesttg = arg min1≤i≤N f pbestti
11

Although PSO converges fast and many attempts have
been made to improve the performances of PSO [42, 43], it

is prone to be trapped into local optima and not guaranteed
to be global convergent as demonstrated in [45].

3.2. QPSO. A widely used PSO using alternative particle
evolution formulae is QPSO. Inspired by the quantum
mechanics, Sun et al. developed the quantum-behaved parti-
cle swarm optimization algorithm based on the trajectory
analysis of the PSO, which is theoretically proved to be global
convergent [33, 34, 46]. In the evolutionary process, the posi-
tion of each particle is updated with the following rules:

xt+1i = pti + α xti −mbestt ln 1
uti

, if randv ≥ 0 5,

xt+1i = pti − α xti −mbestt ln 1
uti

, if randv < 0 5,

12

where pti , mbestt , and α are the local attractor of the particle
in iteration t, the mean best position in iteration t, and the
contraction-expansion coefficient, respectively; both uti and
randv are random numbers generated using the uniform
probability distribution functions in the range of 0, 1 . The
local attractor is defined as

pti = φt × pbestti + 1 − φt × gbestt , 13

where φt is a uniformly distributed random parameter
chosen within the interval 0, 1 , pbestti and gbestt are the
personal best of the ith particle and global best of the swarm,
respectively. The mean best position is defined as the mean of
the pbest position of all particles:

mbestt = 1
N
〠
N

i=1
pbestti 14

α is the contraction-expansion coefficient used to control
convergence rate of QPSO, which is usually adjusted with a
time-varying decreasing method [47] defined as follows:

α = α1 + T − t × α0 − α1
T

, 15

where T is the maximum iteration number and t is the
current search iteration number. α0 and α1 are the initial
and final values of α, respectively.

QPSO is theoretically guaranteed the global convergence
of the algorithm; however, upon the assumption of infinite
number of search iteration, such requirement is impractical
in solving complex engineering problems like ED problems.

3.3. EB-QPSO. To alleviate the problem of QPOS, numerous
strategies have been proposed in recent literatures to improve
the exploration efficiency and quality of solution. These
strategies can be classified as improvements by parameter
selection, control swarm diversity, cooperative methods,
using probability distribution function, novel search
methods, and hybrid methods [32, 46, 48, 49, 51–57]
Recently, a EB-QPSO algorithm based on transposon was
proposed [42, 58]. The basic idea of the approach is to
make better use of the elitists consisting of the pbests and
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gbest in aiding to aggrandize the diversity of the swarm that
is essential to the exploration and exploitation for the
search of the global optima [59, 60].

An elitist exploration strategy, namely, elitist transposon
breeding, is incorporated with the basic evolutionary pro-
cesses of QPSO in the EB-QPSO algorithm. In the elitist
transposon breeding scheme, an elitist pool consisting of pb
ests and gbest is constructed. New particles are generated
from the elitist pool with the transposon operators, having
the ability to enhance the diversity of solutions, to explore
the elitist memory and extract some more potential essences
from the elitist individuals and thus to improve the search
efficiency. Moreover, the update of elitists with the new-
bred better-fitted individuals will provide a more efficient
and precise search guidance for the swarm.

Transposon operators were firstly proposed by Tang et al.
[50] and mainly used in multiobjective evolutionary algo-
rithms and applied in population-based optimization algo-
rithm in our works [42, 58, 61]. A transposon is made of
consecutive genes located in the randomly assigned position
in each chromosome while the transposon operators are lat-
eral movement operations that happen in one chromosome
or between different ones. In general, there exist two types
of transposon operators, cut-and-paste and copy-and-paste,
which are shown in Figures 1 and 2. The transposon
operations conducted within an individual chromosome
or on a different chromosome are chosen randomly.
Moreover, the size of each transposon can be greater
than one and is decided by a parameter called jumping

percentage while the number of transposons is also a pre-
defined parameter. Another parameter, the jumping rate, is
assigned to determine the probability of the activation of
transposon operations.

As demonstrated in Figure 3, each particle which can be
regarded as a chromosome consists of the same number of
genes as the size of its position vector and each gene holds
a real number of the corresponding decision variable.

Comparing with other the state-of-the-art PSO and
QPSO variants, EB-QPSO performs more competitively in
solving unconstrained optimization problems in terms of
better global search capability and faster convergence rate
as demonstrated in our recent work [42, 58] and has been
applied in solving practical problems like cancer gene
classification [62, 63].

4. DEB-QPSO for ED Problems

In this section, we will propose a DEB-QPSO algorithm
based on our recent work of using elitist breeding to solve
the ED problem. A double elitist breeding strategy is
designed to improve the search efficiency and manage the
constraint requirement of the complex ED problems. In
addition, an improved heuristic technique infeasible particle
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Figure 1: Cut-and-paste transposon operator. (a) Cut-and-paste in same chromosome. (b) Cut-and-paste in different chromosomes.
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repositioning is proposed to treat the equality and inequality
constraints of ED problems efficiently. Moreover, a novel
update method for the pbests and gbest of the swarm is pro-
posed to cooperate with the constraint handling technique.
In the rest of the section, the double elitist breeding strategy
catered for solving constrained optimization problem is
described and is followed by how to use the proposed
approach to solve ED problem.

4.1. Elitist Breeding Strategies. The elitists have a major effect
on the exploration behavior of the swarm, thus impinging the
exploration performance. Obviously, making good use of the
elitists is beneficial to promote the exploration for optimal
solution. In DEB-QPSO, an elitist pool, epool, consisting
of pbests and gbest is constructed. Two elitist breeding
strategies are used to improve the global search ability of
the algorithm. Generally, the main idea of breeding is to
make good use of the elitists to generate new particles
through transposon operations. There are two types of elit-
ist breeding operations used: the bias elitist breeding and
the series elitist breeding differentiated according to their
execution sequences in the proposed DEB-QPSO algorithm
and the selection of the type of elitists for breeding. Figure 4
shows the relationship between the elitist breeding and the
normal algorithmic operation of QPSO. In Figure 4(a), it
gives the relationship between particles and the elitists of
the swarm in the original QPSO while Figure 4(b) illustrates
the integration of two elitist breeding with the exploration
operations of QPSO.

4.2. Bias Elitist Breeding. The bias elitist breeding aims at
improving the search efficiency of the algorithm through
promoting the particle diversity and assists the constraint
handling capability. The bias elitist breeding is not executed
on every search cycle but once at the interval of every λ

iteration. It places impact to particles by substituting the
elitist individuals in memory with better-fitted new-bred
individuals. Breeding operation will be conducted on every
particle in the swarm. New particles will be generated
through the transposon with an elitist selected randomly
from the original elitist pool made up of the pbests and
the gbest of the swarm. Only the feasible elitists are selected
for transposon. If the newly generated particle has a better
fitness evaluated by the objective function, it will become
the personal best of that particle and be kept in the elitist
pool; otherwise, the original personal best of that particle
will be kept in the elitist pool. In other words, the pbest
of each particle and the gbest will be substituted by the corre-
sponding better solutions in the newly generated subswarm.
Such elitist breeding scheme is biased towards the generation
of elitists in the feasible zone. The idea is illustrated in
Figure 5.
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Figure 4: Integration of the double elitist breeding into the evolutionary processes of QPSO.
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Figure 5: Particles participated in transposon: an infeasible particle
undergoes transposon with a feasible elitist randomly selected from
the elitist pool.
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For an infeasible particle, located outside the constraint
boundary, undergoing the bias elitist breeding with a ran-
domly selected elitist located within the constraint boundary,
it is more likely to have a feasible particle generated for
the infeasible particle through the transposon with a feasi-
ble elitist chosen from epool. In such a way, the bias elitist
breeding not only promotes the diversity of the swarm but
also is able to assist the constraint handling capability in
order to enhance the global search exploration in return.
The pseudocodes of bias elitist breeding operation are
given in Pseudocode 1.

4.3. Series Elitist Breeding. The series elitist breeding is
performed right after the position update procedure of each
particle. It will be conducted for every search cycle. Different
from the bias elitist breeding, the newly updated particle
undergoes transposon with an elitist selected randomly
among all elitists from epool to generate a trial vector so
as to effectively exploit and explore the search space. The
purpose of the series elitist breeding is to promote the
diversity of the swarm. The epool is updated accordingly
with the newly generated particle. The procedure of series
elitist breeding is the same as the bias one, but all the elitists
participated in the random selection of transposon.

4.4. Constraint Handling with Particle Repositioning. To keep
the particle search in the correct direction, it is essential to
satisfy the equality and inequality constraints simulta-
neously. The standard penalty function method is not
effective in handling the equality constraints. Researches
have focused on the heuristic strategies to modify infeasi-
ble solutions to satisfy the equality constraints. Emphasis
is on adjusting the value of the elements in each solution
in every search iteration meticulously to satisfy the con-
straints [9, 64, 65]; obviously, such strategies are computa-
tionally expensive and inefficient in finding the optimum
solution. As mentioned, the infeasible particle which
resulted from the position update may have a chance to
migrate to the feasible zone through the series elitist
breeding. Therefore, an improved heuristic technique
based on the heuristic strategy presented in [64] and com-
bined with the complementary update method for pbests
and gbest for infeasible particle repositioning to satisfy
the constraints is proposed. If the infeasible particle can-
not be corrected through the series elitist breeding, it will
be repositioned to a new location satisfying the constraints
through the method described as follows:

Step 1. If necessary, to satisfy the inequality constraint of
power output limit given by (6), modify the value of the jth
element in the ith individual as follows:

Pi,j =

Pi,j, if Pj,min′ ≤ Pi,j ≤ Pj,max′,

Pj,min′, if Pi,j < Pj,min′,

Pj,max′, if Pi,j > Pj,max′

16

Step 2. If any element in the ith individual falls within its kth
prohibited zone, the value of this element will be adjusted to
satisfy the inequality constraint given by (7) as follows:

Pi,j =
Pl
i,k, if Pu

j,k − Pi,j > Pi,j − Pl
j,k ,

Pu
i,k, if Pu

j,k − Pi,j ≤ Pi,j − Pl
j,k

17

Step 3. Set Pi′ = Pi and set each of the repairing flag RFj of
element j to 0.

Step 4. Calculate PL (i.e., transmission network loss) using
the coefficient formula given by (5).

Step 5. Calculate the equality constraint violation using the
following formula:

Pcv = 〠
Ng

i=1
Pi − PL − PD 18

If the absolute value of Pcv is less than the predefined demand
tolerance ε, then go to Step 8; otherwise, go to Step 6.

Step 6. From the current individual, randomly select an
element j with RFj = 0 (it means the element was not selected
so far) and set RFj = 1; if all the elements have been selected
before, then go to Step 8.

Step 7. Adjust the value of element j to satisfy the power
balance constraint given by (4) as follows:

Pi,j =
Pi,j −min Pcv , Pi,j − Pj,min′ × randv , if Pcv > 0,

Pi,j +max Pcv , Pj,max′ − Pi,j × randv , if Pcv ≤ 0,

19

1. Procedure of Bias elitist breeding
2. for i= 1 to swarm size N
3. epool_eb= transposon (epool, particle[i];);
4. evaluate (epool_eb);
5. if f (epool_eb[i])< f (pbest[i]);
6. pbest [i] = epool_eb [i];
7. endif
8. endfor

Pseudocode 1. The pseudocodes for bias elitist breeding operation.
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where randv is a random number uniformly distributed
on 0, 1 .
If element j falls within its kth prohibited zone, the value
of this element will be adjusted to satisfy the prohibited
zone constraint as Step 2. Repeat the actions listed in
Step 5.

Step 8. Ifmax∀j Pi,j − Pi,j′ < δ, then go to Step 9; otherwise,
go to Step 3. Here, δ is a temporal adaptive solution conver-
gence tolerance and can be calculated as follows:

δ = δ1 + T − t × δ0 − δ1
T

, 20

where T is the maximum iteration number and t is the
current search iteration number; δ0 and δ1 are the initial
and final values of δ, respectively.

Step 9. End.

The improved constraint handling method lays on the
time-varying δ together with the cooperative update method
for pbests and gbest described below to reduce the computa-
tional cost and enhance the search efficiency. To handle the
constraints effectively, the solution convergence tolerance δ
is normally set to a small fixed value in those approaches
adopting the heuristic technique as in [64] and thereby leads
to heavy computational cost. Apparently, it is unnecessary to
use the meticulous method to handle the constraints for
each of the individual particles in the whole search proce-
dure. Hence, the time-varying decrement δ is proposed to
improve the efficiency of constraint handling. In the early
iterations, more infeasible solutions are allowed to appear
so as to increase the diversity of the search. Combined with
the elitist breeding strategies, the exploration ability of the
solution algorithm is thereby enhanced. Conversely, in the
later iterations, a stricter criterion is beneficial for generating
the feasible solutions so as to enhance the convergence speed
of the search.

4.5. pbests and gbest Update. It is clear that the equality
constraint is not guaranteed to be satisfied through the heu-
ristic repairing procedure. To cooperate with the constraint
handling method, a novel update method for pbests and gb
est is introduced following the constraint handling step.
The method is as shown below.

Step 1. Calculate PL using coefficient (5).

Step 2. Calculate the absolute value of equality constraint
violation (called constr) according to the formula as follows:

constr = abs 〠
Ng

i=1
Pi − PL − PD 21

If constr is less than the demand tolerance ε, then set constr
to 0; otherwise, calculate the probability (called prob) to

accept the infeasible solutions as the elitist (pbest and gbest)
as follows:

prob = t
T
, 22

where T is the maximum iteration number and t is the
current search iteration number.Then recontribute the value
of constr with the equation below:

constr =
0, if randv > prob,
constr, if randv ≤ prob,

23

where randv is a random value chosen uniformly within the
interval 0, 1 .

Step 3. Update pbest of each particle with the following rules:

(1) If constr of the current particle is less than constr of
its pbest, set the current particle as its updated pbest.

(2) If constr of the current particle is equal to constr of its
pbest and the objective function value of the current
particle is less than the objective function value of
its pbest, set the current particle as its updated pbest.

(3) Otherwise, keep the pbest of the current particle
unchanged.

Step 4. Update gbest with the following rule: select the pbest
with the smallest constr as the new gbest of the current
iteration; if more than one pbest have the same smallest value
of constr, use the pbest with the smallest objective function
value as the new pbest.

Step 5. Stop the pbest and gbest update procedure.

Obviously, the probability of accepting infeasible solution
as elitists is decreasing with respect to the search iteration.
Such scheme aims to enhance the solution diversity in the
early search iterations and promotes the search efficiency in
the feasible area in the later search stage.

5. Implementation of the DEB-QPSO Algorithm

The decision variables in ED problems are the real power
output of the units in the systems. A particle is a set of real
number elements corresponding to the units’ output repre-
sented particle by the position vector x = x1, x2,… , xD
where D is the number of units, which signifies a solution
in the search responsible for the exploration of the search
space. The proposed DEB-QPSO algorithm is summarized
as in Table 1:

5.1. Initialization of Population. According to (6), the mini-
mum and maximum outputs of the ith generator are defined
as follows:

Pi,min′ =max Pi,min, P0
i −DRi ,

Pi,max′ = min Pi,max, P0
i +URi

24
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Therefore, a set of particles is initialized randomly as
follows:

Pinit
i,j = Pj,min′ + randvi,j × Pj,max′ − Pj,min′ , 25

where randvi,j is the random number generated using the
uniform probability distribution function in the range 0, 1 .

5.2. Position Update. For each particle, the position update
is conducted according to the QPSO algorithm signified
by (8).

5.3. Series Elitist Breeding. The series elitist breeding is per-
formed on each particle with the elitist randomly selected
from epool. New subswarm is generated. Since the resulting
subswarm is not always guaranteed to satisfy the constraints,
the improved particle repositioning is conducted.

5.4. Update of pbests and gbest. The pbests of each particle at
iteration t + 1 is updated according to the described updating
procedures. Obviously, gbest is set as the best evaluated posi-
tion among all the pbests.

5.5. Bias Elitist Breeding. To bias the swarm towards the
feasible region, each particle is going through the bias elitist
breeding for every λ iteration.

5.6. Stopping Criteria. The proposed DEB-QPSO algorithm is
terminated if the iteration reaches a predefined maximum
number.

6. Case Studies and Results

The proposed DEB-QPSO approach is applied to three dif-
ferent widely used test case power systems posing different
difficulties to optimization algorithms: (i) a 15-unit system
with prohibited operating zones, ramp rate limits, and
transmission network losses, (ii) a 40-unit system with
valve-point effects, prohibited operating zones, and ramp
rate limits, and (ii) a 140-unit Korean power system with
valve-point effects, prohibited operating zones, and ramp
rate limits.

To evaluate the solution quality and robustness fairly, 50
independent runs are conducted for each case. The setup for
the proposed DEB-QPSO algorithm is as follows:

(1) The maximum object function evaluation numbers
(FEs) are 6000, 20,000, and 20,000 for test systems
1, 2, and 3, respectively.

(2) The population size is 20.

(3) The contraction-expansion coefficient α decreases
linearly from 0.6 to 0.5.

(4) CR in serial elitist breeding is fixed at 0.6.

(5) λ is 2.

(6) ε is set to 1 × 10−10 × total power load demand , and
it is much stricter than the parameter setting in [24].

(7) δ0 and δ1 are set at 1 × 10−2 and 1 × 10−3,
respectively.

To make a direct comparison, simulation experiments
of the three test systems are conducted with the QPSO
and its two variants, QPSO-DM(1) and QPSO-DM(2),
proposed to solve the ED problem in [39] with the same
population size and FEs as set in the DEB-QPSO algorithm.
In addition, to assess the efficiency of the proposed elitist
breeding strategies and the proposed constraint handling
method, the proposed constraint handling and the one pro-
posed in IPSO [64] are applied, respectively, to the original
QPSO under the same parameter settings as in the DEB-
QPSO algorithm to form two other algorithms, namely,
QPSO-EDP(1) and QPSO-EDP(2), for comparison. Further-
more, the computational results found by some other the
state-of-the-art methods reported in the literature are com-
pared as well. All the simulations are conducted under the
computing environment with a notebook PC, 4GB RAM,
Core i3 2.13GHz CPU clock speed, Microsoft Windows 7,
and MATLAB 2010a.

For each test case, there are two tables showing the
simulation results: one for the best fuel cost values
obtained by DEB-QPSO with the corresponding genera-
tion power outputs after 50 independent runs (Tables 2,
3, and 4 for case I, case II, and case III, resp.) and the
other for the result summary of the best, average, and

Table 1: The process of DEB-QPSO.

Step 1. Randomly initialize the position of a population while
satisfying the constraints.

Step 2. Update the positions of particles according to (12).

Step 3. Perform the series elitist breeding operation.

Step 4. If necessary, repair the position of particles to satisfy the
constraints.

Step 5. Update pbests and gbest.
Step 6. Perform the bias elitist breeding operation when the
criterion is met.

Step 7. Go to step 2 until the stopping criterion is met.

Table 2: Best solution obtained using the proposed DEB-QPSO
(case I).

Bus number Output Bus number Output

P 1 (MW) 454.9997 P 9 (MW) 60.5887

P 2 (MW) 380 P 10 (MW) 159.9958

P 3 (MW) 129.9998 P 11 (MW) 80

P 4 (MW) 130 P 12 (MW) 79.9992

P 5 (MW) 170 P 13 (MW) 25

P 6 (MW) 459.9998 P 14 (MW) 15

P 7 (MW) 430 P 15 (MW) 15

P 8 (MW) 68.7781

Σ Pi (MW) 2660. 3611

P loss (MW) 30.3611

F total ($/h) 32701.1557
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worst cost found by the proposed DEB-QPSO and its FEs
together with the corresponding result of the other state-
of-the-art methods in literatures (Tables 5, 6, and 7 for

case I, case II, and case III, resp.). In addition, to access
the effectiveness of the proposed constraint handling
method in reducing the computational time, the average

Table 3: Best solution obtained using the proposed DEB-QPSO (case II).

Bus number Output Bus number Output Bus number Output Bus number Output

P 1 (MW) 110.7998 P 11 (MW) 168.7821 P 21 (MW) 523.2794 P 31 (MW) 190.0000

P 2 (MW) 110.7998 P 12 (MW) 168.0552 P 22 (MW) 523.2794 P 32 (MW) 190.0000

P 3 (MW) 97.3999 P 13 (MW) 214.7598 P 23 (MW) 523.2794 P 33 (MW) 190.0000

P 4 (MW) 179.7331 P 14 (MW) 400.0000 P 24 (MW) 523.2794 P 34 (MW) 164.7998

P 5 (MW) 87.7999 P 15 (MW) 394.2794 P 25 (MW) 523.2794 P 35 (MW) 164.7998

P 6 (MW) 140.0000 P16 (MW) 304.5196 P 26 (MW) 523.2794 P 36 (MW) 164.7998

P 7 (MW) 259.5997 P 17 (MW) 489.2794 P 27 (MW) 10.0000 P 37 (MW) 110.0000

P 8 (MW) 284.5997 P 18 (MW) 489.2794 P 28 (MW) 10.0000 P 38 (MW) 110.0000

P 9 (MW) 284.5997 P 19 (MW) 511.2794 P 29 (MW) 10.0000 P 39 (MW) 110.0000

P 10 (MW) 130.0000 P 20 (MW) 511.2794 P 30 (MW) 87.7999 P 40 (MW) 511.2794

Σ Pi (MW) 10500.0000 F total ($/h) 121472.7668

Table 4: Best solution obtained for the 140-unit system using DEB-QPSO (case III).

Bus number Output Bus number Output Bus number Output Bus number Output Bus number Output

P 1 (MW) 117.2970 P 29 (MW) 500.9966 P 57 (MW) 103.8112 P 85 (MW) 115.0175 P 113 (MW) 94.1953

P 2 (MW) 188.7133 P 30 (MW) 501 P 58 (MW) 198.0444 P 86 (MW) 207.0494 P 114 (MW) 94.0038

P 3 (MW) 189.8084 P 31 (MW) 506 P 59 (MW) 311.5666 P 87 (MW) 207.0172 P 115 (MW) 244

P 4 (MW) 190 P 32 (MW) 505.9437 P 60 (MW) 285.0454 P 88 (MW) 177.3728 P 116 (MW) 244.2227

P 5 (MW) 168.5109 P 33 (MW) 505.9441 P 61 (MW) 163.5463 P 89 (MW) 176.1600 P 117 (MW) 244.0369

P 6 (MW) 188.1695 P 34 (MW) 505.9737 P 62 (MW) 95.4018 P 90 (MW) 175.0217 P 118 (MW) 95.1762

P 7 (MW) 489.9914 P 35 (MW) 499.8883 P 63 (MW) 160.7681 P 91 (MW) 175.1082 P 119 (MW) 95.0278

P 8 (MW) 489.9733 P 36 (MW) 499.9484 P 64 (MW) 165.9874 P 92 (MW) 579.9638 P 120 (MW) 116.0736

P 9 (MW) 495.9999 P 37 (MW) 240.9973 P 65 (MW) 487.1185 P 93 (MW) 644.9552 P 121 (MW) 175.0168

P 10 (MW) 495.9738 P 38 (MW) 240.9804 P 66 (MW) 197.9387 P 94 (MW) 983.9236 P 122 (MW) 2.1429

P 11 (MW) 495.9997 P 39 (MW) 773.9365 P 67 (MW) 488.8266 P 95 (MW) 978 P123 (MW) 4.0436

P 12 (MW) 495.9950 P 40 (MW) 768.9871 P 68 (MW) 490 P 96 (MW) 681.9999 P 124 (MW) 15

P 13 (MW) 505.9779 P 41 (MW) 3.0000 P 69 (MW) 130.1504 P 97 (MW) 719.9820 P 125 (MW) 9.0005

P 14 (MW) 508.9738 P 42 (MW) 3.0091 P 70 (MW) 234.8483 P 98 (MW) 718 P 126 (MW) 12.0286

P 15 (MW) 505.9993 P 43 (MW) 249.7749 P 71 (MW) 137.3286 P 99 (MW) 719.9486 P 127 (MW) 10.0056

P 16 (MW) 504.9864 P 44 (MW) 242.9736 P 72 (MW) 325.2732 P 100 (MW) 963.9992 P 128 (MW) 112.1078

P 17 (MW) 505.9858 P 45 (MW) 249.9237 P 73 (MW) 195.6645 P 101 (MW) 957.9839 P 129 (MW) 4.0005

P 18 (MW) 505.8171 P 46 (MW) 249.3941 P 74 (MW) 175.3521 P 102 (MW) 1006.9750 P 130 (MW) 5.0025

P 19 (MW) 504.8906 P 47 (MW) 244.7004 P 75 (MW) 186.0201 P 103 (MW) 1005.9920 P 131 (MW) 5

P 20 (MW) 504.9952 P 48 (MW) 248.0422 P 76 (MW) 175.1273 P 104 (MW) 1012.9910 P 132 (MW) 50.3038

P 21 (MW) 504.9956 P 49 (MW) 249.8546 P 77 (MW) 175.5258 P 105 (MW) 1019.9920 P 133 (MW) 5.0258

P 22 (MW) 504.9881 P 50 (MW) 249.7768 P 78 (MW) 330.9662 P 106 (MW) 953.9933 P134 (MW) 42.0002

P 23 (MW) 504.9728 P 51 (MW) 169.2291 P 79 (MW) 530.8824 P 107 (MW) 952 P 135 (MW) 42.0500

P 24 (MW) 504.9863 P 52 (MW) 165.0001 P 80 (MW) 530.9256 P 108 (MW) 1006 P 136 (MW) 41.0118

P 25 (MW) 536.9815 P 53 (MW) 165.7448 P 81 (MW) 366.5174 P 109 (MW) 1012.9980 P 137 (MW) 17.0102

P 26 (MW) 536.7416 P 54 (MW) 165.5105 P82 (MW) 56.01368 P 110 (MW) 1021 P 138 (MW) 7

P 27 (MW) 548.9839 P 55 (MW) 180.0231 P 83 (MW) 115.1456 P 111 (MW) 1014.9750 P 139 (MW) 7.1937

P 28 (MW) 548.7910 P 56 (MW) 180 P 84 (MW) 115.0067 P 112 (MW) 94.1349 P 140 (MW) 26.9094

Σ Pi (MW) 49342.0000 F total ($/h) 1559989.4523
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CPU time required by the DEB-QPSO, QPSO-EDP(1),
and QPSO-EDP(2) algorithms are listed in Tables 5, 6,
and 7 for case I, case II, and case III, respectively.

Moreover, the convergence characteristics of the median
results obtained in the 50 runs with the proposed DEB-QPSO
algorithm and the compared QPSO-EDP(1) and QPSO-

Table 5: Results obtained by optimization methods (case I).

Methods Best cost ($/h) Worst cost ($/h) Mean cost ($/h) FEs CPU time (s)

PSO [11] 32858.00 33331.00 33105.00 20,000 /

GA [11] 33113.00 33337.00 33228.00 20,000 /

SA-PSO [12] 32708.00 32789.00 32732.00 20,000 /

IPSO [13] 32,709 — 32784.5 10,000 /

DSPSO-TSA [14] 32715.06 32730.39 32724.63 6000 /

MTS [22] 32716.87 32796.13 32767.4 100,000 /

IA_EDP [7] 32698.20∗ 32823.78 32750.22 20,000 /

QPSO [39] 33014.21 33342.30 33148.77 6000 /

QPSO-DM(1) [39] 32970.85 33406.27 33163.26 6000 /

QPSO-DM(2) [39] 32927.93 33353.23 33156.34 6000 /

QPSO-EDP(1) 32707.99 32718.39 32712.02 6000 4.27

QPSO-EDP(2) 32710.14 32719.27 32716.94 6000 6.35

DEB-QPSO 32701.16 32701.18 32701.17 6000 4.68
∗In the case of IA_EDP, power balance constraint is not satisfied.

Table 6: Results obtained by optimization methods (case II).

Methods Best cost ($/h) Worst cost ($/h) Mean cost ($/h) FEs CPU time (s)

NAPSO [15] 121491.0662 121491.5261 121491.2756 100,000 /

FAPSO [15] 122261.3706 122597.5196 122471.0751 100,000 /

PSO [15] 124875.8523 125368.9204 125162.7011 100,000 /

IABC [16] 121491.2751 121582.3865 121539.4175 100,000 /

IABC-LS [16] 121488.7636 121582.2525 121526.0333 100,000 /

QPSO [39] 126615.4498 128679.5909 128621.1241 20,000 /

QPSO-DM(1) [39] 131291.9433 131586.1562 131368.4071 20,000 /

QPSO-DM(2) [39] 131318.4412 133393.5961 131739.5250 20,000 /

QPSO-EDP(1) 121681.46 121708.01 121693.42 20,000 5.38

QPSO-EDP(2) 121875.23 121907.26 121895.49 20,000 7.96

DEB-QPSO 121472.77 121483.67 121477.52 20,000 6.15

Table 7: Results obtained by optimization methods (case III).

Methods Best cost ($/h) Worst cost ($/h) Mean cost ($/h) FEs CPU time (s)

IPSO [64] 1657962.73 1657962.73 1657962.73 300,000 /

CQGSO [40] 1657962.72 1657962.77 1657962.74 120,000 /

DEL [18] 1657962.71 — 1658001.70 225,000 /

DE [19] 1566264.99 1566308.37 1566285.56 250,000 /

IDE [19] 1564648.66 1564682.73 1564663.54 250,000 /

QPSO [39] 1795570.26 1896439.75 1837102.23 20,000 /

QPSO-DM(1) [39] 1826727.13 1926994.21 1882621.38 20,000 /

QPSO-DM(2) [39] 1836848.28 1925476.87 1883407.62 20,000 /

QPSO-EDP(1) 1562612.57 1564828.72 1564105.64 20,000 7.21

QPSO-EDP(2) 1563052.83 1565314.23 1564482.81 20,000 10.39

DEB-QPSO 1559989.45 1560739.23 1560215.43 20,000 8.48
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EDP(2) algorithms for the three test systems are illustrated in
Figures 6, 7, and 8, respectively.

6.1. Case I: 15-Unit System. The test system consists of 15
generating units. The expected load demand is 2630MW.
The system parameters and the B coefficients can be found
in [10]. The main difficulties of this system for any optimiza-
tion algorithm are the nonlinear and noncontinuous deci-
sion space and the power balance constraint with network
transmission losses.

From Table 5, it clearly shows that the proposed method
obtains the best result with lowest FEs than other techniques

except for IA_EDP [7] in the 15-generating-unit test systems.
However, it should be noted that the exact power loss
computed from the best solution found by IA_EDP [7]
is actually 30.2825 instead of 30.0187 as reported in the
corresponding literature, which shows that the total gener-
ated power of the schedule is much less than the total load
demand plus its total line loss; obviously, the best solution
reported in [7] is in fact infeasible. It can be concluded that
the elitist breeding strategy of the proposed DEB-QPSO
algorithm is not only capable of locating the optimal solution
but also capable of being computationally effective as fewer
functional evaluations are required comparing to other algo-
rithms in the 15-generating-unit test system.

Moreover, the robustness of DEB-QPSO is confirmed
with the evidence that the difference between worst cost
and the best cost obtained by DEB-QPSO is no more than
0.01% of the best cost. The impact of the two key components
of DEB-QPSO towards the search of optimal solution is also
revealed individually from the simulation results. On one
hand, it can be concluded from the results obtained by
DEB-QPSO and QPSO-EDP(1) that the proposed elitist
breeding strategies are beneficial for improving the global
search capability of QPSO since QPSO-EDP(1) employed
the same constraint handling as in the proposed DEB-
QPSO. On the other hand, the efficiency of the proposed con-
straint handling method is validated not only with the results
obtained by QPSO-EDP(1), which are better than those
obtained by QPSO-EDP(2) using the IPSO’s constraint han-
dling method in [64], but also required less computational
time to locate the solutions. Furthermore, the extra process-
ing for elitist breeding is computational effective as the
DEB-QPSO only increases less than 10% of the computa-
tional time when comparing with QPSO-EDP(1).

Besides, the simulation results also reveal that algorithms
with heuristic constraint handling such as QPSO-EDP(1),
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Figure 6: Convergence properties for case I.
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Figure 7: Convergence properties for case II.
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Figure 8: Convergence properties for case III.
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QPSO-EDP(2), IPSO, and the proposed DEB-QPSO have
better performance and computational effectiveness than
those using penalty function for constraint handling.

It can be observed from Figure 6 that the DEB-QPSO
algorithm converges to the result very close to the final opti-
mal solution in early iterations and has a better convergence
property than QPSO-EDP(1) and QPSO-EDP(2) algorithms
in test case I.

6.2. Case II: 40-Unit System. The test system consists of 40
thermal units and 5 of which exhibit prohibited zones. The
transmission losses are not considered and the expected load
demand is 10,500MW. All the generators in this system are
subjected to valve-point effects resulting in a solution space
with multiple minima. Because of the large dimension and
multiple minima, it is hard to locate the global minimum.
The fuel cost function coefficients and active power genera-
tion limits for this system can be obtained from Table 7 in
reference [15] and the prohibited operation zones from Table
12 in reference [15].

It can be observed from Table 4 that the DEB-QPSO
algorithm has generated very satisfactory stable solutions
in the 40-generating-unit test system. The DEB-QPSO
algorithm is able to obtain the best costs among the com-
pared approaches with the lowest FEs; besides, the best cost
and the worst cost are all within ±0.01% of the cost mean.
Similarly, the efficiencies of the proposed elitist breeding
strategies and the constraint handling method are both dem-
onstrated positively in the test results in terms of the solution
obtained and the computational efforts required to reach to
the solution comparing to the compared algorithms. More-
over, the QPSO-EDP(1) algorithm with the proposed con-
straint handling outperforms the QPSO-EDP(2) algorithm
while the DEB-QPSO algorithm has better solution than
both QPSO-EDP(1) and QPSO-EDP(2) algorithms as in case
I. It is obvious that the proposed DEB-QPSO algorithm has
the best convergence performance among the three com-
pared algorithms as shown in Figure 7.

6.3. Case III: 140-Unit System. To demonstrate the capability
of the DEB-QPSO algorithm to the large-scale power sys-
tems, the proposed method is evaluated on a Korean power
system consisting of 140 generators with ramp rate limits
with the hydro and pump storage plants not being consid-
ered. Twelve of the generating units have the cost function
with valve-point effects, and four generating units have the
prohibited operating zones.

Since the 140-unit system is a larger system with more
nonlinear elements and so as local minima; it is far more dif-
ficult to find the global solution than case II. System param-
eters of the test system are taken from [64] with the load
demand set at 49,342MW. It can be observed in Table 7 that
the proposed DEB-QPSO algorithm outperforms the com-
pared methods. Moreover, even the worst result found by
the DEB-QPSO algorithm is less costly than the best result
of other compared methods, which reveals that the proposed
algorithm is able to solve the large-scale ED problems with
valve-point effect and prohibited zones effectively.

In addition, the robustness of the DEB-QPSO algorithm
is obviously demonstrated by the fact that all the costs
obtained by the DEB-QPSO algorithm are within ±0.01% of
the mean value. Comparison of the computational time
needed for the ED problem by the DEB-QPSO, QPSO-
EDP(1), and QPSO-EDP(2) algorithms supports the efficien-
cies of the proposed elitist breeding strategies and constraint
handling method. In Figure 8, the proposed DEB-QPSO
algorithm exhibits better convergence properties in solving
the large-scale nonconvex ED problems.

7. Conclusion

This paper proposes a DEB-QPSO approach for solving
nonconvex, nonsmooth, and nonlinear ED problems. It
combines the basic evolutionary processes of QPSO with
two elitist breeding strategies, and an efficient improved
heuristic constraint handling technique is proposed to solve
the ED problems. The bias elitist breeding combined with
the series elitist breeding is devised to improve the search
efficiency of the algorithm. To handle the constraints, the
improved heuristic technique for repairing position of parti-
cles and a novel pbests and gbest update method are pro-
posed. These strategies reduce the computational efforts and
improve the search efficiency of the solution algorithm for
solving ED problems. Such characteristics are demonstrated
consistently in all test cases.

The proposed DEB-QPSO method was tested on the
ED problems of three widely used power system instances
of 15 units, 40 units, and 140 units, respectively, with non-
convex, nonsmooth, and nonlinear characteristics of the
generators such as valve-points prohibited operating zones
with ramp rate limits as well as transmission network
losses. The results of the case studies clearly illustrate the
superior features of the proposed DEB-QPSO method such
as high-quality solutions, robustness properties, and com-
putational effectiveness. Comparing with other algorithms,
the DEB-QPSO algorithm can locate better solution effec-
tively. It is mainly because the proposed elitist breeding
scheme can aggrandize the diversity of the swarm that is
essential to the exploration and exploitation for the search
of the global optima. The framework of the DEB-QPSO
algorithm can be used as an efficient optimizer providing
satisfactory solutions for ED problems with various fea-
tures. Future researches will be followed to perfect the
DEB-QPSO algorithm for solving ED problems under
dynamic environment.
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Considering the booming development of electric vehicle (EV), this article presents a novel control scheme analyzing EV multiple-
mode application in a number of distributed photovoltaic (PV) systems, which rationalizes the energy flow among the energy
system participants containing a power grid, a grid-connected PV system, power consumption devices, storage batteries, and
EV. Based on the control scheme, the authors propose two day-ahead optimal control strategies with different objective
functions: one is minimizing the daily electricity expense of an individual distributed PV system and the other is minimizing the
daily total expense of distributed PV systems which EV can be connected to. The model has been verified by the actual data and
forecast data, respectively. The results show under the individual objective, in the distributed PV system with EV, the electricity
expense can obtain an annual reduction of 27.18%. Furthermore, in the distributed PV system with a storage battery as well as
EV, the electricity expense can obtain an annual reduction from 30.67% to 81.49% with a storage battery capacity changing
from 1 kWh to 20 kWh. Under the total objective, the total expense and even the individual expense have different degrees of
reduction. However, the specific benefits should be rerationally distributed by balancing the interests of all the distributed PV
systems. In addition, besides the application in the distributed PV systems, this model may have some potential on the
development of a regional energy system.

1. Introduction

Due to electric vehicles (EVs) in the past several years show-
ing an explosive development, researchers have found that
these mobile distributed storage units have great potential
in energy systems in future power grids, especially when
coordinated with renewable energy. Therefore, the literature
on the rational planning, optimal operation of EVs, and
renewable energy sources has mushroomed these years. Wu
et al. [1] briefly analyze the possible scenarios of using renew-
able energy to charge EVs. Chen and Duan [2] deal with the
daily EV mileage uncertainty by Monte Carlo simulation and
design an optimization and integration method of EV in
microgrids with minimizing the total cost of electricity as
the goal. ElNozahy et al. [3] also use Monte Carlo simulation
to provide a probabilistic planning and scheduling method
for an energy storage system integrating EVs and photovol-
taic (PV) arrays in a distributed power grid. Guo et al. [4]

discuss a two-stage renewable energy generation parking lot
economy framework for EVs. The first stage processes uncer-
tainty of renewable energy, and the second stage controls EV
charging operation based on a predictive model. Considering
the smart grid with EV and PV power generation in an
islanding operation mode, Tang et al. [5] provide an online
reinforcement learning method called object representation
adaptive dynamic programming, which is for the adaptive
islanding control unit in smart grids. Hashemi et al. [6] pres-
ent a sensitivity analysis on feasibility of users supplying
energy into power grids, to determine the minimum storage
system capacity with different positions of low voltage power
grid configuration. It prevents the overvoltage caused by PV
high penetration, which presents a definition named residual
power curve (RPC). Paterakis et al. [7] give a detailed family
energy management system structure to determine the best
home appliance scheduling strategy based on demand
response on the following day when the price changes and
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power peak limits. Kaschub et al. [8] discuss the impact of
different incentives and tariffs on PV storage systems in
Germany. Cao [9] compares situations of integrated renew-
able energy to support the construction of the system with
the hydrogen energy vehicles and EVs, respectively, through
the reasonable control, which provides a better reference
for the implementation of EU’s 2050 line integration of
renewable energy vehicles. Kampezidou et al. [10] compare
the economic effects of two types of energy storage systems
including EVs and pumped storage on high-penetration
renewable energy systems. Assuncao et al. [11] present a
technical and economic evaluation model for the simulation
of EV battery, which is for the mismatch between demand
and PV power generation and guidance of economic policy.
Marra et al. [12] propose an energy storage strategy to reduce
voltage rise of PV feeders by coordinating the load of EVs as
an energy storage mode. An intelligent charging and dischar-
ging random scheduling method is proposed by Honarmand
et al. [13], which is for a large number of EVs in a parking lot.
Meanwhile, they design a self-scheduling model considering
PV power generation system and distributed generators in
the intelligent parking lot. For the traditional industrial
microgrid, Derakhshandeh et al. [14] put forward a kind of
electricity and thermal power generation scheduling coordi-
nation method, which considers the microgrid characteristics
of traditional industry, also with the application of EVs, PV
systems, and PV energy storage systems. Howlader et al.
[15] focus on the optimal operation scheme of the smart grid
with conventional thermal generators and distributed gener-
ation. To solve the optimal scheduling problem for hybrid
energy microgrid including PV, wind power generation, heat
and power cogeneration, energy storage systems, and EV, Liu
et al. [16] present an optimal scheduling model considering
demand response, with minimum total operation cost which
includes the cost of natural gas, the cost of power grid and EV
charging, and the discharging cost. In the study of Ju et al.
[17], wind power, PV power generation, EV, and conven-
tional power plants are combined into a virtual power plant;
considering the uncertainty and demand response, they
give a two-way stochastic optimal scheduling model for
the virtual plant. On that basis, they further improve the
original optimization scheduling model [18] by minimiz-
ing the cost, minimizing the energy consumption, and
maximizing the profit. Similarly, Coelho et al. [19] design
a multiobjective power dispatch model to minimize the
total cost of the microgrid of EVs, battery, maximum peak
load, extreme difference, and double Sharpe ratio index,
and the problem is formulated as a mixed-integer linear pro-
gramming problem. Jaramillo and Weidlich [20] also pro-
pose a multiobjective microgrid optimal scheduling model;
besides operating costs and peak power costs, environmental
indicators are also taken into account. Gao et al. [21] start
from the comfort and economy of the home users and divide
the load into three categories: fixed, shiftable, and adjustable
loads, and then optimize the scheduling of the home energy
system according to different kinds of load. Zhao et al. [22]
from residential customers’ and public utilities’ views build
an integrated demand response simulation optimization
framework for high penetration of EVs, PV, and energy

storage systems under scenarios of TOU price, real-time
price, and curtailment price mechanism. Based on the actual
operation of dynamic optimization, Bracco et al. [23]
establish an intelligent multipower and sustainable building
microgrid test platform with the goal of minimizing cost
and CO2 emissions at the University of Genova, Savona
University Campus, and experiments show that reasonable
scheduling optimization is feasible and effective.

The above lists the literature that considers the optimal
dispatching control of EVs. However, as the research topic
is still in its infancy, the specific criteria have not yet been
determined. Most of the current studies are based on
large-scale or medium-scale renewable energy power sta-
tions, so there are still a lot of problems that need to be
solved or improved for distributed PV systems. Besides the
above problems, there are few studies considering the mul-
tiple modes of EV which contain the application of G2V,
V2G, off-grid, and driving modes as well as testing them
in multiple locations.

The arrangement of this article is as follows: firstly, in
Section 2, the models of each participant in the distributed
PV system are illustrated. Secondly, the novel day-ahead con-
trol strategies are presented in Section 3 with different objec-
tive functions: one is minimizing the daily electricity expense
of an individual distributed PV system and the other is min-
imizing the daily total expense of distributed PV systems
which EV can be connected to. Thirdly, to verify the effec-
tiveness of optimal control strategies, the actual data of PV
generation and electricity demand are used first. Then, the
results are also calculated using forecast data which could
be used to discuss the feasibility under forecasting models.
Finally, the conclusions are summarized and future work is
briefly introduced.

2. Distributed PV System Model

A commonly distributed system involves the power grid, the
PV system, and the storage system. In this article, due to the
explosive development of EV, the authors take the EV with
vehicle-to-grid (V2G) function into consideration. To sim-
plify the model, a storage battery is used as a representative
of the storage system. The most important role of batteries
equipped in the distributed PV system is through charging
or discharging energy to improve the stability and economy
of the energy system, and contrary to the EV’s battery, it
can be seen as a fixed storage system. The first application
of EV battery must satisfy the normal function of EV as a
transport. On this basis, it can more be used as an auxiliary
storage system participating in the energy adjustment of a
distributed PV system. To better distinguish the fixed battery,
here, it is seen as a mobile storage system. In the following, a
model of each participant in the distributed PV system is
introduced or built, which is required in the optimal schedul-
ing control strategy.

2.1. PV Prediction Model. The PV array power output model
is selected from [24, 25]:

EPV = f VOC, ISC, VM, IM,N ,Ns,Np,G, Temp, tin , 1
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where VOC is the open-circuit voltage, ISC is the short-circuit
current, VM is the voltage at maximum power point, IM is the
current at maximum power point, N is the serial number of
PV cells in one panel, Ns is the serial number of PV array,
Np is the parallel number of PV array, G represents the solar
irradiance, Temp represents the temperature, and tin repre-
sents the time interval of the recorded data.

As there must be the difference between the PV model
built with parameters from the manufacturer and data
recorded in the actual outside environment and the error
information of the historical data is missing in this paper,
here in this model, the authors assumed that the error of
PV power generation forecasting model is consistent with
the Gaussian distribution,

ErPV =
EPV − EPV

EPV
~N μ, σ 2

In the above equation, ErPV represents the error between

the PV forecasting value EPV and the actual generation EPV.
Through setting the mean error μ and mean square deviation
σ, the PV power generation forecasting values are randomly
generated under different conditions by MATLAB software.

2.2. Electricity Load Forecast Model. A Bayesian neural net-
work (BNN) model is established to forecast the load
values with 16 load-related inputs. The vectors of inputs,
VI , are shown:

VI = t, dt, T, Tn−1, Tn−2, RH, RHn−1, RHn−2, Ln−1, Ln−2,

Ln−3, Ln−4, Ln− 24/ti , Ln− 24/ti ·2, Ln− 24/ti ·7, Ln− 24/ti ·7·2

3

To build the electricity demand forecast model, the input
factors which are mostly considered in the existing models
would be the time type and the meteorological type. Based
on the similar consideration, in this article, time of every
day, t; day type (which is defined as integers from 1 to 7 to
express Monday to Sunday, resp., and 8 to express special
holidays), dt; ambient temperature, T; and relative humidity,
RH, are firstly considered as the inputs. n is used to represent
the series order number of historical sample data’s intervals.
For instance, Tn−1 means the temperature vector observed
from one interval before the n interval, which is actually
the data from the previous interval. Due to no record
before the historical first interval, here T1 is used as the
initial value to complement the vector. If other vectors
lack some items, the same complement method is used.
Besides these vectors, historical load data, L, are also used
in inputs to increase the accuracy of the forecast model.
With a similar meaning of subscript, the eight historical
data vectors in the latter half are actual load in the first
past interval, the second past interval, the third past inter-
val, the fourth past interval, the same interval of yesterday,
the same interval of the day before yesterday, the same
interval in last week with the same day type, and the same
interval in the week before last week with the same day

type, respectively. These eight inputs of the forecast model
basically cover the most relevant historical load values
within the past two weeks.

2.3. Storage Battery Model. The control algorithm of the stor-
age battery is designed by geometrical-logical control method
in another published article of the authors [26]. The key
point of this algorithm can be described as follows. Under a
time-of-use (TOU) electricity retail tariff, if it satisfies the
condition that the tariff is always higher than the feed-in-
tariff (FiT) even considering the inefficiencies of energy
transformation, ignoring initial capital and maintenance
costs of storage battery system, the best size of the battery
should equal the sum of the positive values obtained by the
load minus the PV generation in every interval within the
shoulder and peak time. When the maximum available stor-
age energy of a battery is less than the optimum size but is
larger than the surplus PV energy, the controller will fully
charge the battery before the peak time. If the available
energy of a battery at one day’s beginning is less than the sur-
plus PV energy, the beginning capacity should be used firstly
during the morning shoulder shortfall, then the rest should
be discharged completely during the morning off-peak time,
in order to make the battery empty in preparation for the fol-
lowing period of surplus PV generation.

Besides the above control algorithm of storage batteries,
the following (4), (5), and (6) are the assumption or basic
limitation on the storage batteries which must be satisfied:

EB = EB+
− EB−

, 4

0 ≤ EB+
≤ PBmaxcharge

· tin,

0 ≤ EB−
≤ PBmaxdischarge

· tin,

−PBmaxdischarge
· tin ≤ EB ≤ PBmaxcharge

· tin,
5

EBsize
· SoCBmin

≤ EB0
+ EB − EBloss

≤ EBsize
· SoCBmax

, 6

where EB is the energy change of battery. When this param-
eter is positive, it means the battery has been charged during
that period; on the opposite, when it is negative, it means the
battery has been discharged during that time. To better dis-
tinguish the charging and discharging energy, the authors
define two parameters, EB+

and EB−
, respectively, to represent

them, which are limited to greater or equal to 0 and at the
same time only one can be greater than 0. If EB is negative,
the battery is discharged and helping to meet the load. Equa-
tion (5) gives the limitations of the battery. In order to extend
the life of the battery, manufacturers commonly recommend
the optimal and the maximum charging and discharging
power rates. PBmaxcharge

and PBmaxdischarge
represent the maximum

charging and discharging rates of the battery, based on man-
ufacturer recommendations. Under this case, the constraints
of the battery are two inequalities limiting the bidirectional
energy flow of the battery. Equation (6) further limits the bat-
tery’s state of charge (SoC) between the lower bound and
upper bound if needed. It should be noticed that here the
energy change of all the ordered periods from the initial time
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interval to the current time interval is accumulated because
the SoC must satisfy this constraint in every moment during
the entire optimization duration. In this equation, EBsize

is the
specified capacity of the storage battery. EB0

represents the
initial battery energy. SoCBmin

and SoCBmax
are the minimum

and maximum SoC of the battery, respectively. EBloss
is the

energy loss of the battery, mostly resulting from heat loss.
It is worth noting that all the parameters used to explain

the values related to direction in the model in this article are
nonnegative values. For the following illustration, a parame-
ter named Bmax is also given here to represent the maximum
energy that could be used in the storage battery when it is
fully charged, which is also mentioned and applied in the
geometrical logical analysis battery control algorithm.

2.4. EV Battery Model. Similar to the storage battery models,
here the following equations of the EV battery can be
obtained:

EEV = EEV+
− EEV−

, 7

0 ≤ EEV+
≤ EEVmaxcharge

· tin,

0 ≤ EEV−
≤ EEVmaxdischarge

· tin,

−PEVmaxdischarge
· tin ≤ EEV ≤ PEVmaxcharge

· tin,
8

EEVsize
· SoCEVmin

≤ EEV0
+ EEV − EEVloss

− Etrip

≤ EEVsize
· SoCEVmax

,
9

where EEV is the energy change of the EV battery. When this
parameter is positive, it means the EV battery has been
charged during the duration. If this value is negative, the
EV battery has been discharged and helping to meet the load.
EEV+

is the energy change in G2V mode. EEV−
is the energy

export in V2G mode. Equation (7) gives the energy usage
of the EV battery. PEVmaxcharge

and PEVmaxdischarge
represent the

maximum charging and discharging rate of the EV battery,
respectively, based on manufacturer recommendations.
Equation (9) limits the SoC of the EV battery between the
lower bound and upper bound. EEVsize

is the specific size of
the EV battery. EEV0

represents the initial battery energy.
SoCEVmin

and SoCEVmax
are the minimum and maximum

SoC values of the EV battery, respectively. EEVloss
is the energy

loss of the EV battery, mostly resulting from heat loss. Etrip
represents the energy consumed when the EV is driving on
a certain trip between two known locations within some
time. Subscripts are used to distinguish the different trips
between locations if necessary, for example, Etripab represents
the energy consumption of the EV battery between location a
and location b.

Due to the objective in this article which is to obtain the
minimum electricity expenses, the bill reductions should
compare with the V2G cost of the EV. In [27], this cost can
be calculated by the following:

Ca = EV2G ·Nd · Cd + re 10

This equation is used to determine the cost to the EV
owner for allowing access to the stored energy in their vehi-
cles, where Ca is the annual cost. EV2G is the energy available
in each EV per dispatch in kWh. Nd is the number of dis-
patches per year. Cd is the cost of battery degradation. re is
the electricity price.

3. Proposed Control Strategies

As the EV has the transport function, it can move from one
location to another. In other words, when the EV is con-
nected to the grid of some parking place, its battery can be
applied as a small storage unit to that place.

A comprehensive analysis of EVs applied in the distrib-
uted PV systems can be shown in Figure 1. The box on the
top left shows two scenarios of one PV system, number 1
PV system, in which the left circle is the distributed PV sys-
tem with EV connected. The basic participants in one distrib-
uted PV system include power grid, grid-connected PV
generation, storage battery, electricity load, and EV, which
would provide or consume electric energy. The top right
box illustrates the two probabilities when the EV is out of
the number 1 PV system. One is that the EV is in another dis-
tributed PV system, the other is that the EV is driving on a
trip. The box on the lower left is all the given states of the dis-
tributed PV systems when the EV battery is connected to one
of them, and the lower right is the state of the distributed PV
system when the EV is driving on some trip from one distrib-
uted PV system to another or the EV is off-grid.

The main research content of this article is to design the
optimal energy flow of distributed PV systems with EV
multiple-mode application under the objective of minimizing
the electricity expense. Based on the model described in the
above section, the control structure of distributed PV systems
can be shown in Figure 2.

It can be seen from the figure that the distributed PV
system integral model includes PV generation forecast
model, BNN load forecast model, control model of storage
battery by geometrical logic analysis methodology, and
multiple-mode optimal control of EV battery in distributed
PV systems. In order to further discuss the control strategy
of distributed PV systems, the above diagram describes a
proposed two-level storage system control strategy based
on the actual situation of the system. That means in a storage
system which includes a storage battery and an EV battery,
the storage battery is preferred and firstly used. The techno-
logical development at this stage makes the storage equip-
ment still limited by a variety of factors, such as its cost,
life, and efficiency, so under such condition the authors make
the EV battery only as a secondary and auxiliary option for
storage purpose with reasonable and practical significance.
It can be found from the figure that the input parameters
for the second-level storage system are the remaining surplus
PV generation or electricity demand after the first-level con-
trol process of storage battery system.

A novel optimal model considering the EV-applied mul-
tiple modes can be formulated. Suppose there is an EV stor-
age aggregator which can control the EV battery charging
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and discharging schedule in all the distributed PV systems
which the EV can be connected to the grid.

From the above illustration, the following equilibrium
equations can be obtained. When the EV is in the number i
PV system, the EV battery is deemed as a storage device just
like a battery joining the energy flow in one distributed PV
system. On the contrary, other distributed PV systems do
not have EV battery participating in the energy change.

Egridi t + EPVi
t − EBi

t − Eloadi t − EEV t = 0,

Egrid j
t + EPV j

t − EB j
t − Eload j

t = 0 j ∈ 1, k ∩ j ≠ i

11

In the above equation, integer i represents the num-
ber i of the ordered distributed PV systems in which the
EV battery is being connected to its power grid in time t; t
represents the corresponding value in ordered period t with
observation time interval tin, and the total number of
ordered periods is nf ; j represents other ordered distributed
PV systems without EV connection in time t, and 0 < j < k
but j ≠ i, where k is the number of distributed PV systems.
Egrid, EPV, Eload, EB, and EEV are the energy change of the
grid, PV, load, battery, and EV battery in time t, respectively.
From an optimal economy view, in this article the proposed
optimal control model has been firstly designed with an
objective of minimizing electricity cost of one specific dis-
tributed PV system.

min  Ci = 〠
n f

t=1
Mi t · Egridi+

t − FiT t · Egridi−
t , 12

where Ci represents the electricity cost of the number i PV
system, nf is the final time order,Mi and FiT are the electric-
ity retail tariff of number i PV system and feed-in-tariff of
solar energy, respectively, and Egrid+ and Egrid− stand for the
energy imported from or exported to the grid in unit interval
tin, respectively. From actual condition analysis, this objec-
tive is likely to happen when the EV owner wants to obtain
the lowest electricity expense of his residence.

Another possible objective may be the minimization of
the total electricity cost for all the distributed PV systems in
which the EV battery may participate in.

min  Ctotal = 〠
k

i=1
〠
n f

t=1
Mi t · Egridi+

t − FiT t · Egridi−
t

13

The authors would like to assess, when multiple locations
share one EV controller, whether the total electricity cost
could be effectively reduced or not. Through the calculations
under these two different objectives, the optimal scheduling
problem can be analyzed and solved from different views.

The following equations are the constraints of the distrib-
uted PV system with net metering when EV is being con-
nected to the grid:

subject to Egrid t = Egrid+ t − Egrid− , t ,

Egrid+ t ≤ Eload t + EB t + EEV t ,

Egrid− t ≤ EPV t

14

This equation gives the limitations of electricity energy
from and into the grid. When considering the energy bal-
ance, it can be found that the maximum energy import
occurs when all the electrical devices simultaneously con-
sume electricity from the grid, and the maximum energy
export occurs when all the surplus PV generation is fed into
the grid. When the EV is being connected to the grid, the
EV battery is available for bidirectional interaction.

On the contrary, when the EV is out of the distributed PV
system, the above equation should be

0 ≤ Egrid+ t ≤ Eload t + EB t ,

0 ≤ Egrid− t ≤ EPV t
15

The constraints should also contain the limitations on the
storage battery and EV battery.

Under this way, the total EV2G in this article can be
expressed as

EV2G = 〠
n f

i=1
Egridi+

16

4. Results and Discussion

Here, this verification scenario of two distributed PV systems
is assumed as the description in the following. During the
working day, the EV owner usually should stay in his work-
place, so he drives the EV from home to the workplace and
parks the EV there during the working hours. The time of
off-grid covering one trip is assumed as half hour. In this arti-
cle, the working hours are assumed from 9:00 to 17:00. Then,
after the working hours, he drives the EV home and leaves
the EV connected to the charging pile during the night. That
is to say under this scenario, most of time in the working
days, the EV is mainly parked in the owner’s home or parking
area of the workplace. If in these two locations, the EV can
both be connected to the grid and participate in the energy
systems, the proposed optimal control strategy should effec-
tively reduce the expense of electricity.

The following is a case as an example using a whole year
historical data of number 13 in 300 households with PV users
from July 1, 2010, to June 30, 2011, which is provided by Aus-
grid Company, a utility in Australia [28]. The data includes
the electricity load, PV size, PV generation with half-hour
interval, and also postcode to express the location. The spe-
cific home is with a 2.22 kW PV system, and the average elec-
tricity consumption was 11.99 kWh per day, which had a
typical load shape with a small peak in the morning and a
larger peak in the afternoon. The meteorological correlation
parameters are from the Bureau of Meteorology, Australia.
To better illustrate and design the economic control strategy,
Sydney’s actual three-level time of use price is chosen as a
whole integrated control strategy for specific operations and
result analysis, which includes off-peak time (0:00–7:00 and
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22:00–24:00), shoulder time (7:00–14:00 and 20:00–22:00).
and peak time (14:00–20:00) in one day. The electricity retail
tariff (which is 0.13$ in off-peak time, 0.21$ in shoulder time,
and 0.53$ in peak time) and the FiT (0.08%/kWh) are both
from the Independent Pricing and Regulatory Tribunal
(IPART). The efficiencies of the PV system are the same as
[26], which include the efficiency of DC/DC, 0.95; the effi-
ciency of DC/AC or AC/DC, 0.95; the efficiency of the bat-
tery charging state, 0.85; and the efficiency of the battery
discharging state, 0.9. In the case, EV monitoring data is
provided by Smart Grid Smart City [29], which follows 20
EVs of i-MiEV type from Mitsubishi brand. They recorded
the data with very detailed information of EV application,
such as the parameters of time, state of charge (SoC) of
the EV battery, mileage, charging time of every start and
end, trip time of every start and end, and also distance,
average velocity, and simple description of trip destination.
In the following computation, the authors apply the average
value of EV trip as the common trip features in which the
average trip time is 18 minutes and the average battery con-
sumption of one trip is 1.88 kWh and assume that the
charging efficiency is the same as discharging efficiency,
which is 74.6% from the EV brochure supplied by the man-
ufacturer. Due to the consideration of battery reasonable
application, the SoC of the storage battery and the EV bat-
tery is controlled within 20%~100%. The actual load data
used for the workplace is calculated, the average half-hour
load value of the Chemical and Biomolecular Engineering
Building in Sydney University in one year from Dec 1,
2007, to Nov 30, 2008. Because there is no PV system in
this building and the goal of the validation is to show the
effectiveness of the proposed optimal control strategy, here
the second distributed PV system is simplified to energy
system with power grid and load only.

The test scenario only contains two distributed systems
and one EV application in a whole year; therefore, it is not
a very big problem, and the authors simply chose the self-
contained function “fmincon” in MATLAB software to solve
it, and in order to ensure the correctness of the solutions, we
assumed the initial battery and EV battery as fully charged
(SoCB 0 = 100% and SoCEV 0 = 100%). The program of
the proposed control model has been run on Dell XPS13
laptop, with the Intel Core i7 and 1.9GHz of CPU master
frequency. The average running time is around half an
hour once for the whole year. The memory features after
the program running are 3937MB of physical memory
(RAM), 4963MB of page file (swap space), and 6990MB
of virtual memory (address space) in use.

The results of annual electricity expense under different
conditions are listed in Table 1. The different conditions
include the storage battery capacity changes, with or without
EV, and the objective function changes. Bmax as abovemen-
tioned represents the available capacity of the storage battery.
The results show that if the distributed PV system only with
the storage battery capacity increases from 1kWh to 20 kWh
and without EV application, the electricity expense can
obtain a reduction from 13.44% to 58.39%. If the distributed
PV system with the storage battery capacity increases from
1kWh to 20 kWh and with an EV application, the electricity

expense can obtain a reduction from 30.67% to 81.49%. From
the table, under the condition of only with EV as a mobile
storage equipment and not equipped with other storage
equipment, the customer residential electricity expense
could get a 27.18% saving when the objective is min Ci .
With the storage battery capacity increasing, electricity con-
sumption saving values gradually increased. However, in
the actual energy system design and application, the storage
capacity leads to the cost increasing of storage system.
Under this way, the designer must compare the saving with
the cost and take the degradation, life, and other related
factors of storage system into consideration to determine
the reasonable storage system capacity which can generate
the maximum benefit.

The results obtained above are calculated by the actual
historical data of PV generation and electricity demand
and mainly discuss the relevant conclusions and effective-
ness of the optimization control under the designed distrib-
uted PV system control strategy in this article. While the
EV battery is parking in the workplace energy system, it
could play a role in shifting load. It indicates that the EV
battery is charged during the lower price period and dis-
charged in the higher price period in order to reduce the
workplace electricity consumption. Under this control, the
workplace applies the EV battery as a storage unit to reduce
the expense on electricity, and the EV battery is charged by
the workplace grid power to a certain degree. This can be
seen as the application of EV, a mobile storage system,
achieves a win-win situation. However, the specific benefits
should be rerationally distributed by balancing the interests
of all participants.

Further, the feasibility and effectiveness of the control
strategy are analyzed with day-ahead predicted PV genera-
tion and demand. Due to the missing information of PV
modules, here the authors assume the error of PV predic-
tion model conforming to the Gaussian distribution which
is introduced in Section 2.1, and to simplify the calculation,
the average error μ is set as 0. Since in the selected customer’s

Table 1: Computing result comparison of the whole year under
different conditions.

Bmax
(kWh)

Electricity
expense
without
EV ($)

Electricity
expense
reduction
without
EV (%)

Electricity expense
with EV ($)

Electricity
expense
reduction
under

objective
min Ci
(%)

min Ctotal min Ci

0 891.34 0 819.35 649.03 27.18

1 771.53 13.44 727.18 618.00 30.67

2 683.08 23.36 645.87 540.77 39.33

3 618.34 30.63 591.47 476.57 45.97

4 570.86 35.95 543.69 429.24 51.84

5 536.24 39.84 510.92 393.86 55.81

10 436.47 51.03 393.78 270.21 69.68

15 388.23 56.44 333.45 201.17 77.43

20 370.93 58.39 300.54 164.99 81.49
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energy system, the recorded PV generation is generally less
than 1 kWh in the recorded time interval of half an hour,
the standard deviation σ is set as 0.1 and 0.2, respectively.
To realize the above settings, the MATLAB software is
chosen to generate the forecasting PV power values under
our assumptions and different deviations by a function
named “random.”

The BNN method is introduced to establish the cus-
tomer’s electricity load forecasting model, which has been
illustrated in Section 2.2. The data used to calculate is still
from Ausgrid company as the above descriptions. The total
number of samples is 17520 and is randomly divided into
60% as the training set, 20% as the validation set, and 20%
as the test set by MATLAB software, respectively. The MSE
and R-squared values of the electricity demand forecast
model are shown in Table 2.

From the historical data of this chosen sample, the
repeatability and regularity of the electricity consumption
way are relatively weak. For this type of user, higher predic-
tion accuracy may require the customer to provide relevant
factors as detailed as possible or supply own defined schedule
of electricity demand. However, it is very difficult to realize
such requirements. Thus, here even the prediction perfor-
mance is lower compared to some other customers’ from
the 300 households of Ausgrid, it roughly could be seen to
meet the basic test needs.

In order to compare the designed control strategy per-
formance using actual historical data and predicted values
as inputs, respectively, the authors calculate the results of
six different input conditions under the objective function
min Ci . The results are listed in Table 3; LH is the histor-
ical data of load and PVH expresses the historical data of
PV generation, respectively; LF is the forecasting data of
load and PVF expresses the forecasting data of PV, respec-
tively. It can be seen from the table that, as discussed above,
the customer’s power consumption mode has a relatively
weak repeatability and strong randomness and the perfor-
mance with demand prediction is inferior to other cases,
which leads to a bigger difference than with other inputs.
When the standard deviation of the PV generation error
increases, the difference between the actual and the forecast-
ing inputs increases, which is consistent with the assumption
of the model performance.

In order to compare the above results intuitively, Figure 3
illustrates the customer annual consumption varied with
the increasing storage battery capacity. It is obvious that
the minimum residential annual electricity expense under
min Ci is lower thanmin Ctotal . Under the min Ctotal ,
the EV owner’s residential electricity expense also signifi-
cantly reduced compared to the case without EV. This indi-
cates that EV as a mobile storage system to participate the

energy conversion of multiple parking places can obtain sig-
nificant economic benefits through reasonable optimal
scheduling control.

From the figure, it is also evident that the increase of the
storage battery capacity could reduce the difference between
the actual consumption and the calculated consumption by
the forecast inputs. This indicates that the storage battery
has a certain role to improve the overall optimal control
performance in the distributed PV system. This improve-
ment in performance can be converted to economic benefits,
so as to provide a reference when the designers consider the
cost of storage system.

Through the above calculation and discussion, the error
of annual electricity expense with forecast inputs is less
than 10% by comparison with actual inputs. Here, the
authors go a step further to discuss the control model with
predicted inputs. In the following, Table 4 shows some sit-
uations to see when the model would be out of work with
increasing deviation.

As the performance of the electricity demand is already
known by the forecast load model, a simple way to change
the predicted input is just to assume the forecasting PV
generation with different σ values. Table 4 shows the
results under different assumptions with Bmax = 5 kWh and
min Ci . Due to the PV generation values used in the com-
puting which are almost all smaller than 1, the assumed value
range of σ is big enough under this condition. That means
when the σ value is assumed as 0.5, the average error will
be greater than 50%, and when σ is assumed as 1.0, the aver-
age error will be greater than 100%. That is already the most
extreme situation and nearly would not happen. From the
results listed in the table, it can be seen that even when σ is
0.5, the annual electricity expense under the designed control
scheme is still very close to the results obtained with the
actual data. However, when σ is 1.0, the results are greatly
deviated from the actual input operation. Thus, under this
extreme condition, the control strategy is invalid. It is note-
worthy that this failure situation is basically impossible to
happen. Therefore, the overall scheme of the distributed sys-
tems established can meet the practical application and has
notable economic benefits.

5. Conclusion

Considering the booming development of the electric vehicle
(EV), this article presents a novel control scheme analyzing
EV multiple-mode application in a number of distributed
photovoltaic (PV) systems, which rationalizes the energy
flow among the energy system participants containing power
grid, grid-connected PV system, power consumption devices,
storage battery, and EV. In this article, the EV with V2G
mode is seen as a mobile storage system, and multiple mode
represents the EV that can be applied with G2V, V2G, off-
grid, and driving modes and also can be used in multiple
locations. In the control scheme, the PV prediction model
with an error satisfying Gaussian distribution and load fore-
cast model based on Bayesian neural network learning
method are used as the inputs of the control framework.
According to the inputs, the authors propose two day-

Table 2: Performance of the load forecast model.

Samples (17520) MSE R2

Training set (10512, 60%) 3.77e−2 8.55e−1
Validation set (3504, 20%) 0 0

Test set (3504, 20%) 5.29e−2 7.85e−1
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ahead optimal control strategies with different objective
functions; one is minimizing the daily electricity expense of
individual distributed PV system and the other is minimizing
the daily total expense of distributed PV systems which EV
can be connected to. The control structure makes the cus-
tomer obtain a lowest expense on electricity through the
storage battery system control in the first level by geometri-
cal logic analysis methodology and EV optimal scheduling
control with multiple-mode application in the second level.
The model has been verified and analyzed by the actual his-
torical data and forecast data, respectively. The results show
that if the distributed PV system only with the storage bat-
tery and without EV application is being used, the electricity
expense can obtain a reduction from 13.44% to 58.39% with
the battery capacity increasing from 1 kWh to 20 kWh. If the
distributed PV system without storage battery and with EV
application is being used, the electricity expense can obtain
a reduction of 27.18%. Furthermore, when the distributed
PV system with the storage battery increases as well as EV
application, the electricity expense can obtain a reduction

from 30.67% to 81.49%. Under the total objective, the total
expense and even the individual expense have different
degrees of reduction. However, the specific benefits should
rerationally distributed by balancing the interests of all dis-
tributed PV systems. Besides economic consideration, the
models explained in this article can be easily introduced into
the environment and energy conservation goals. In addition,
this model may have some potential on the development of
regional energy system. Future work will focus on further
improving the performance of PV generation forecast
model and the electricity demand forecast model and sup-
plementing reasonable real-time control strategy to obtain
a higher benefit.

Nomenclature

EPV: The forecasting PV output in unit time interval
(kWh)

VOC: The open-circuit voltage (V)
ISC: The short-circuit current (A)

Table 3: Results of annual electricity expenses under min Ci with different inputs.

min Ci ($) LH & PVH LF & PVH
LH & PVF
σ = 0 1

LH & PVF
σ = 0 2

LH & PVF
σ = 0 1

LH & PVF
σ = 0 2

Bmax (kWh)

0 649.03 583.42 636.96 611.67 571.56 547.15

5 393.86 330.41 391.14 376.48 397.54 400.62

10 270.21 234.42 268.12 255.34 231.26 221.16

15 201.17 186.59 198.10 188.73 184.55 175.44

20 164.99 163.09 164.20 155.98 160.89 152.13
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Figure 3: Change of annual consumption on electricity with varied available storage battery capacity.

Table 4: Results of annual electricity expense with Bmax = 5 kWh and min Ci under different σ of forecasting PV model.

Assumed σ in PV prediction model 0.01 0.05 0.1 0.2 0.5 1

Annual electricity expense under the objective function min Ci 393.86 394.77 397.54 400.62 399.54 2.41
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VM: The voltage at maximum power point (V)
IM: The current at maximum power point (A)
N : The serial number of PV cells in one panel
Ns: The serial number of PV array
Np: The parallel number of PV array
G: The solar irradiance (kW/m2)
Temp: The temperature (°C)
tin: Unit time interval, which is 30 min in this paper
ErPV: The error between the PV forecasting value and

the actual PV generation (kWh)
EPV: The forecasting PV value (kWh)

EPV : The actual PV generation (kWh)
μ: The mean error
σ: Mean square deviation
VI : Vectors of inputs in BNN load forecasting

model
t: Time of every day
dt: Day type
T: Ambient temperature (°C)
RH: Relative humidity (%)
n: The series order number of historical sample

data’s intervals
L: Historical load data (kWh)
EB: The battery energy change (kWh)
EB+

: The charging energy (kWh)
EB−

: The discharging energy (kWh)
PBmaxcharge

: The maximum charging rates of battery (kW/h)

PBmaxdischarge
: The maximum discharging rates of battery

(kW/h)
EBsize

: The specified capacity of the storage battery
(kWh)

EB0
: The initial battery energy (kWh)

SoCBmin
: The minimum SoC of battery

SoCBmax
: The maximum SoC of battery

EBloss
: The energy loss of the battery (kWh)

Bsize: The capacity of the storage battery (kWh)
Bmax: The maximum energy could be used in the

storage battery when it is fully charged (kWh)
EEV: The battery energy change of EV battery (kWh)
EEV+

: The energy change by G2V mode (kWh)
EEV−

: The energy export by V2G mode (kWh)
PEVmaxcharge

: The maximum charging rate of the EV battery
(kW/h)

PEVmaxdischarge
: The maximum discharging rate of the EV
battery (kW/h)

EEV0
: The initial state of battery (kWh)

SoCEVmin
: The minimum SoC of EV battery

SoCEVmax
: The maximum SoC of EV battery

EEVloss
: The energy loss of the EV battery (kWh)

Etrip: The energy consumed when the EV is driving
on a certain trip between two known locations
within some time (kWh)

Ca: The annual cost of V2G ($)
EV2G: The energy available in each EV per dispatch

(kWh)
Nd: The number of dispatches per year

Cd: The cost of battery degradation ($)
re: The electricity price ($/kWh)
k: The number of distributed PV systems
i: The ordered distributed PV systems in which

the EV battery is being connected to its power
grid in time t

j: The other ordered distributed PV systems
without EV connection in time t

nf : The final time order
t: The ordered period with observation time

interval tin
Ci: The minimizing electricity cost of one specific

distributed PV system ($)
Ctotal: The minimization of the total electricity costs

for all the distributed PV systems which an EV
battery may participate in ($)

LH: The historical data of load
PVH: The historical data of PV generation
LF: The forecasting data of load
PVF: The forecasting data of PV generation.
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This paper proposes an efficient energy management system (EMS) for industrial microgrids (MGs). Many industries deploy large
pumps for their processes. Oftentimes, such pumps are operated during hours of peak electricity prices. A lot of industries use amix
of captive generation and imported utility electricity to meet their energy requirements. TheMG considered in this paper includes
diesel generators, battery energy storage systems, renewable energy sources, flexible loads, and interruptible loads. Pump loads
found in shipyard dry docks are modelled as exemplar flexible industrial loads.The proposed EMS has a two-stage architecture. An
optimal MG scheduling problem including pump scheduling and curtailment of interruptible loads (ILs) is formulated and solved
in the first stage. An optimal power flow problem is solved in the second stage to verify the feasibility of the MG schedule with the
network constraints. An iterative procedure is used to coordinate the two EMS stages. Multiple case studies are used to demonstrate
the utility of the proposed EMS.The case studies highlight the efficacy of loadmanagement strategies such as pump scheduling and
curtailment of ILs in reducing the total electricity cost of the MG.

1. Introduction

Industrial power networks may comprise distributed gener-
ators, battery energy storage systems (BESSs), and different
types of loads. As such, industrial power networks can be
treated as grid-connected MGs. An EMS facilitates efficient
MG operation by minimizing the overall electricity cost. The
EMS determines an optimal schedule and dispatch for each
distributed generator, BESS, flexible load, and interruptible
load (IL) in the MG while respecting various technical
and operational constraints. The EMS is also capable of
incorporating load management strategies in its optimal
scheduling problem formulation. Furthermore, the EMS
needs to consider power flow equations and system security
constraints while optimally dispatching theMG components.
This is considered in an optimal power flow (OPF) problem
incorporated in the EMS architecture. Thus, formulating an
efficient energymanagement (EM) problem is a complex task
due to the need to integrate both unit commitment (UC)
and OPF problems. This normally results in the EM problem
being formulated by ignoring network losses and system

security constraints. The EM problem then simplifies to a
UC problem which is usually formulated as a mixed integer
linear programming (MILP) or mixed integer quadratic
programming (MIQP) problem. However, the feasibility of
results obtained using such formulations is questionable
owing to potential violations of the network constraints and
the absence of power losses in the formulation.

In Singapore, the wholesale electricity prices are updated
every 30 minutes. Large industrial customers have the option
of sourcing their electricity requirements directly from the
wholesale electricity market through SP Services Limited.
In this scenario, industries need to contend with the risk
of increased costs due to volatile electricity prices. The con-
testable consumers’ electricity bills usually comprise two seg-
ments: (i) energy charge and (ii) capacity charge. The energy
charge is calculated by taking the product of electricity charge
and energy consumed. The capacity charge is computed on
a monthly basis. The capacity charge is calculated by taking
the product of contracted capacity and contracted capacity
price. A huge uncontracted capacity charge is incurred if the
maximum power demand exceeds the contracted capacity at
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any point of time. Large pumps constitute a major portion of
the electrical load demand in many industrial facilities. Due
to the large pumping requirements in many industries, pump
capacities are typically in the region of several MWs. In other
words, pumpusage has a significant bearing on themaximum
load demand in many industrial facilities. Pump usage is also
constrained by operational requirements in many industries
whereby a certain quantity of water or other liquid needs to
be pumped within a defined time frame. Optimal planning
and scheduling of pump usage along with timely curtailment
of ILs can help in lowering the maximum demand of the
industrial facility, thereby leading to a reduction in the
electricity cost.

With the advent of deregulated power systems, load
management strategies have recently attracted wide research
interest. A recent survey of existing demand response models
and approaches can be found in [1]. Load management
strategies have been proposed for rural water pumping
stations [2] and flour mills [3, 4] among other applications.
An optimal pump scheduling problem formulation for a
rural two-stage water pumping station was developed in
[2]. A generic optimal industrial load management scheme
compatible with energy hub management systems was devel-
oped in [3] for process scheduling in industries such as
flour mills and water pumping facilities. The mixed logical
dynamical (MLD) approach was used to formulate and solve
an optimal scheduling problem for district heating networks
including generation sources, thermal energy storage sys-
tems, and flexible thermal loads in [5]. A load management
strategy meeting objectives such as maximum user comfort
or minimum cost for thermostatically controlled household
appliances was presented in [6]. A recent work also developed
an EMS for district heating networks including flexible loads
while ensuring adequate user comfort at minimal cost [7].

Development of EMSs for MGs has been an active
research area in recent years. In this context,model predictive
control (MPC) based schemes have been widely adopted in
recent years for power system scheduling applications. A
few typical examples of such schemes can be found in [8–
10]. However, as mentioned earlier, most of these schemes
including [8, 9] do not account for network constraints due to
the difficulties involved in solving the optimization problem.
In other words, most of these schemes consider the UC and
OPF problems separately. A few works have integrated the
UC and OPF problems. The authors of [11] integrated the
UC and OPF problems for a conventional power system
without considering the presence of BESSs, renewable energy
sources (RESs), and ILs. More recent works such as [12,
13] consider centralized cooperative schemes for standalone
MGs. A centralized controller addresses the power sharing
problem among interconnected MGs in [14]. The authors of
[15] proposed a jump and shift method for integrating the
UC and OPF problems while including BESSs and RESs in
the network.This approach was adapted for amultimicrogrid
scenario in the authors’ recent work [16]. However, these
works do not consider load management strategies in the
problem formulation.

In this paper, comprehensive, component wise models
of exemplar MGs are first developed. The MGs modelled

in this paper comprise diesel generators (DGs), BESSs,
RESs, flexible pump loads, and ILs. The MLD framework
is used to model the DGs, BESSs, and ILs. Subsequently,
an EMS is proposed for optimally scheduling the MG. The
proposed EMS has a two-stage architecture along the lines
of [15] to minimize operational costs while ensuring that the
network constraints are not violated.The proposed EMS also
incorporates efficient load management strategies such as
pump scheduling and curtailment of ILs. The pump schedul-
ing scheme is formulated to save electricity costs while
respecting certain operational constraints.The incorporation
of load management strategies such as pump scheduling
into the overall two-stage MG EMS architecture is the key
contribution of this paper. This result is a new optimal MG
scheduling problem formulation which helps in reducing
the overall cost of operation for the MG while respecting
various technical and operational constraints. The efficacy
of the proposed EMS is demonstrated through case studies
under different operational scenarios. The case studies also
demonstrate the effectiveness of including ILs in the overall
optimal scheduling problem.

The remainder of this paper is organized as follows:
Section 2 develops first principle models of all the MG
components. Section 3 describes the formulation of the EM
problem. An overview of the iterative solution approach
implemented in the EMS is also presented in Section 3.
Section 4 presents numerical results obtained from dif-
ferent case studies performed to demonstrate the effi-
cacy of the proposed optimization model. Section 5 pro-
vides some concluding remarks and directions for future
work.

2. Industrial Microgrid Model

This section develops first principle models of the DGs,
BESSs, RESs, flexible pump loads, and ILs considered in this
paper.

2.1. Diesel Generators. DGs are controllable in nature. The
fuel cost of DG 𝑓 is determined by a quadratic function of its
real power output as shown below [15]. Furthermore, start-up
costs are imposed on the DGs. Minimum uptime (UT) and
downtime (DT) constraints also restrict the operation of the
DGs.

𝐶DG = ∑
𝑘∈K
𝑓∈F

(𝑏𝑓SU,𝑘𝐶𝑓SU + 𝑏𝑓DG,𝑘 (𝑐𝑓0 + 𝑐𝑓1 𝑃𝑓DG,𝑘 + 𝑐𝑓2 (𝑃𝑓DG,𝑘)2)) . (1)

In (1), the first term represents the start-up cost while the
second term represents the fuel cost of the corresponding
DG. All the technical parameters of the 3 DGs considered in
this paper are provided in Table 1.

2.2. Battery Energy Storage Systems. In this work, a realistic
BESS model is considered including intertemporal con-
straints on the state of charge (SOC). A battery degradation
cost function accounts for the impact of charging and
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Table 1: Technical parameters of the DGs in the MGs.

DG
#

𝑐𝑓0
($)

𝑐𝑓1
($/MW)

𝑐𝑓2
($/MW2)

min𝑃𝑓DG,𝑘
(MW)

max𝑃𝑓DG,𝑘
(MW)

𝐶𝑓SU
($)

minUT/DT
(h)

1 80 30 1 0.1 3 50 3
2 200 60 2 0.1 3 30 3
3 1000 50 3 0.1 3 5 3

discharging events on the cost of purchasing the BESS. The
overall BESS model is presented below [17].

SOC𝑒𝑘+1 = SOC𝑒𝑘 + (𝜂
𝑒
c𝑃𝑒bc,𝑘 − 𝑃𝑒bd,𝑘/𝜂𝑒d)𝑃𝑒1C ,

∀𝑘 ∈K, ∀𝑒 ∈ E

(2)

SOC𝑒min ≤ SOC𝑒𝑘+1 ≤ SOC𝑒max, ∀𝑘 ∈K, ∀𝑒 ∈ E (3)

0 ≤ 𝑃𝑒bc,𝑘 ≤ 𝑃𝑒bc,max, ∀𝑘 ∈K, ∀𝑒 ∈ E (4)

0 ≤ 𝑃𝑒bd,𝑘 ≤ 𝑃e
bd,max, ∀𝑘 ∈K, ∀𝑒 ∈ E. (5)

The evolution of the BESS SOC is described by (2). The
SOC evolution depends on the charging and discharging
powers and the charging and discharging efficiencies. A
binary variable is used to distinguish between the charging
and discharging events to prevent simultaneous charging
and discharging. Interested readers may refer to [8] for
more details. Intertemporal constraints on the SOC evo-
lution are expressed in (3) while the bounds on charg-
ing and discharging powers are expressed in (4) and (5),
respectively. The overall BESS cost function is expressed as
follows:

𝐶BESS = ∑
𝑘∈K
𝑒∈E

𝐼𝑒2𝐵𝑒cap𝑁𝑒 (
𝑃𝑒bc,𝑘𝑇𝑒bc + 𝑃𝑒bd,𝑘𝑇𝑒bd ) . (6)

In this paper, all the BESSs are considered to have the
following parameters: 𝑃𝑒bc,max = 𝑃𝑒bd,max = 300 kW, 𝐵𝑒cap =
1020 kWh,𝑁𝑒 = 6000 h, 𝑃𝑒1C = 1020 kW, SOCmin = 0.2, 𝜂𝑒c = 𝜂𝑒d
= 0.95, SOCmax = 0.9, and 𝐼𝑒 = $408,000. Furthermore, BESS
operation is constrained by the following [18, 19]:

SOC𝑒1 = SOC𝑒25, ∀𝑒 ∈ E. (7)

In this work, the load profiles used for the MG scheduling
problems were adapted from the IEEE RTS-96 load profiles
provided in [20]. As such, in many cases, the system load
profile may not differ significantly between two consecutive
days. In this scenario, it is important to ensure that the
flexibility provided by the BESS scheduling is available every
day to the system operator. To provide this flexibility, the
initial and final SOCs of the BESSs are constrained to be equal
as shown in (7).

2.3. Renewable Energy Sources. Renewable energy sources
such as solar photovoltaic (PV) and wind power plants are
included as components of the MGs which are modelled in

this paper. The operating costs of these RESs are assumed to
be 0 [16].The following paragraphs describe the modelling of
the solar PV and wind power plants.

The power output from the wind power plant is propor-
tional to the cube of the wind velocity and is calculated using
the following equation:

𝑃wind = 0.5𝐶p𝑘𝜌𝐴 (Vwind)3 . (8)

Among other PV performance models, the five-param-
eter array performance model has been extensively used by
researchers [21].ThePVperformancemodel is used to extract
the current-voltage (𝐼-𝑉) curve and the maximum power
point (MPP) which can help in improving the performance
of the PV system. The steady-state PV module performance
is described as follows [22]:

𝐼L − 𝐼S {exp [𝛼 (Vpv + 𝑅S𝑖pv)] − 1} − Vpv + 𝑅S𝑖pv𝑅Sh
− 𝑖pv

= 0
𝑃pv = Vpv𝑖pv,

(9)

where 𝛼 = 𝑞/𝑛s𝑘𝑇 is the ideality factor. Furthermore, 𝑘 =1.38 × 1023 J/K is the Boltzmann’s constant, 𝑞 = 1.6022 × 1019
is the electronic charge, 𝐾 = 298K is the temperature, and 𝑛s
is the number of cells in series. Interested readers may refer
to [22] and the references therein for further details about
the solar PV and wind power plant models. In this work,
the solar PV and wind power plant generation forecasts were
obtained from [23]. In this paper, 𝑃𝑧RES,𝑘 is used to represent
the electrical power produced by RES 𝑧 (either 𝑃pv or 𝑃wind)
during hour 𝑘.
2.4. Interruptible Loads. These are loads in theMGwhich are
considered to be less important. ILs provide the EMS with a
lot of flexibility while scheduling the MG components. The
ILs may be shed if sufficient monetary compensation is paid.
The total cost associated with the curtailment of all the ILs in
a MG is calculated as follows [24]:

𝐶IL = ∑
𝑘∈K
ℎ∈H

𝑝ℎ𝑘𝑏ℎIL,𝑘𝑃ℎIL,𝑘. (10)

Three ILs (IL 1, IL 2, and IL 3) are considered to be a part of
the MGs modelled in this paper. The curtailment of each IL
is constrained by the following:

0 ≤ 𝑃ℎIL,𝑘 ≤ 0.4MWh, ∀𝑘 ∈K, ∀ℎ ∈H (11)

∑
𝑘∈K

𝑃ℎIL,𝑘 ≤ 2MWh, ∀ℎ ∈H. (12)
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The constraints in (11) and (12) basically restrain the EMS
from indiscriminately using the ILs to relax the scheduling
problem. Equation (11) imposes an hourly constraint while
(12) imposes a daily limit on the curtailment of individual ILs.

2.5. Pump Loads. Pump loads found in shipyard dry docks
have been used as exemplar industrial loads in this paper.
The power consumed by pump 𝑚 during hour 𝑘, 𝑃𝑚Pump,𝑘, is
defined as follows [25]:

𝑃𝑚Pump,𝑘 = 𝐶𝑚𝑏𝑚𝑘 , ∀𝑘 ∈K, ∀𝑚 ∈M. (13)

Equation (13) implies that all the pumps run at fixed speeds
and operate at rated power if scheduled. The constraints
associated with the operation of the pumps are described in
the following paragraphs.

Pumps are required to pump a certain amount of water
or other liquid within the specified optimization period.This
constraint is expressed as follows:

∑
𝑘∈K
𝑚∈M

𝑄𝑚𝜏 ∗ 𝑏𝑚𝑘 ≥ 𝑉d. (14)

Large pumps cannot be started up or shutdown too
frequently during the optimization period due to their large
inertias. This constraint is expressed as follows:

∑
𝑘∈K

𝑏𝑚SU,𝑘 ≥ 𝑏𝑚SU,max, ∀𝑚 ∈M (15)

𝑏𝑚SU,𝑘 = 𝑏𝑚𝑘 (𝑏𝑚𝑘 − 𝑏𝑚𝑘−1) , ∀𝑘 ∈K, ∀𝑚 ∈M. (16)

Equation (16) is linearized as follows [26]:

𝑏𝑚SU,𝑘 ≤ (𝑏𝑚𝑘 + 1 − 𝑏𝑚𝑘−1)2 , ∀𝑘 ∈K, ∀𝑚 ∈M

𝑏𝑚SU,𝑘 ≥ (𝑏𝑚𝑘 − 𝑏𝑚𝑘−1)2 , ∀𝑘 ∈K, ∀𝑚 ∈M.
(17)

This work considers a total of 7 pumps including 3 main
pumps and 4 auxiliary pumps. For the main pumps: 𝑄𝑚 =
24,000m3/h,𝐶𝑚 = 1.45MW, and 𝑏𝑚SU,max = 1. For the auxiliary
pumps: 𝑄𝑚 = 1,200m3/h, 𝐶𝑚 = 0.11MW and 𝑏𝑚SU,max = 10.
Finally, 𝑉𝑑 = 200,000m3, and 𝜏 = 1 h. It may be pertinent
to mention here that despite the greater flexibility offered
by the auxiliary pumps, they are inefficient compared to the
main pumps. As a result, the advantage offered by the greater
flexibility of the auxiliary pumps is diminished to a certain
extent.

2.6. MLD Modelling Approach. The MLD formalism is a
class of hybrid dynamical systems which has been used by
several researchers for formulating power system scheduling
problems. A few examples of such problems can be found in
[8, 10, 27] and the references therein. The main advantage of
using the MLD formalism to model the MG components is
that the final optimal scheduling problem turns out to be an
MILP or MIQP problem [8, 10, 27]. Numerous commercial

solvers are available to efficiently solve MILP and MIQP
problems. HYSDEL (Hybrid System Description Language)
permits application engineers to formulate hybrid system
models in a descriptive fashion [28]. A compiler generates
the MLD models from the descriptive HYSDEL models. The
MLDmodels are subsequently used in optimization problems
or for synthesizing controllers. In this paper, MLDmodels of
all the DGs, BESSs, and ILs are obtained using HYSDEL. In
the MLD framework, the overall system model is described
using the following equations [29]:

𝑥 (𝑘 + 1) = 𝐴𝑥 (𝑘) + 𝐵u𝑢 (𝑘) + 𝐵aux𝑤 (𝑘) + 𝐵aff (18)

𝐸x𝑥 (𝑘) + 𝐸u𝑢 (𝑘) + 𝐸aux𝑤 (𝑘) ≤ 𝐸aff , (19)

where 𝑥 = [𝑥c 𝑥b]T, 𝑥c ∈ R𝑛
c
x , 𝑥b ∈ {0, 1}𝑛bx , represents

continuous and binary system states; 𝑢 = [𝑢c 𝑢b]T, 𝑢c ∈
R𝑛

c
u , 𝑢b ∈ {0, 1}𝑛bu , represents continuous and binary system

inputs; 𝑤 = [𝑤c 𝑤b]T, 𝑤c ∈ R𝑛
c
w , 𝑤b ∈ {0, 1}𝑛bw , represents

continuous and binary auxiliary variables. Auxiliary variables
are used in the MLD framework to convert propositional
logic to linear inequalities of the form shown in (19). 𝐴,𝐵u, 𝐵aux, 𝐵aff , 𝐸x, 𝐸u, 𝐸aux, and 𝐸aff are constant matrices of
suitable dimensions which are used to describe the interac-
tions between the system states, system inputs, and auxiliary
variables. The auxiliary variables are solved with (19) using
the current state of the system 𝑥(𝑘) and input 𝑢(𝑘), thereby
determining the time evolution of themodel described in (18)
and (19). A well posed MLD system has a unique solution
for the auxiliary variables 𝑤(𝑘) from (19) for a given state𝑥(𝑘) and input 𝑢(𝑘). Interested readers may refer to [29] for
a detailed description of the MLD framework. A detailed
description of the modelling of thermal units and BESSs
using the MLD approach can be found in [8] and [27],
respectively.

3. Energy Management System Architecture

The proposed EMS comprises two sequential stages for
minimizing the total MG operating cost. The motivation
behind adopting this two-stage approach is to decrease the
complexity of the overall optimization problem, thereby
ensuring that it is solved within a reasonable time. The two
stages of the proposed EMS are described below.

3.1. Stage 1: Unit Commitment. The UC problem for the MG
is solved in Stage 1 wherein all the DGs, BESSs, pumps,
and ILs are optimally scheduled to satisfy the active power
demand. The overall optimization problem solved at this
stage is described below.

min
𝑢,𝑥,𝑤

𝐽 = 𝐶DG + 𝐶BESS + 𝐶UCC + 𝐶Grid + 𝐶IL

subject to (18) , (19)
𝑢min ≤ 𝑢 ≤ 𝑢max;
𝑥min ≤ 𝑥 ≤ 𝑥max;
𝑤min ≤ 𝑤 ≤ 𝑤max
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𝑃D,𝑘 − ∑
ℎ∈H

𝑃ℎIL,𝑘 + 𝑃loss
e,𝑘 + ∑

𝑚∈M

𝑃𝑚Pump,𝑘

= ∑
𝑓∈𝐹

𝑃𝑓DG,𝑘 + 𝑃eb,𝑘 − 𝑃es,𝑘
+ ∑
𝑒∈E

(𝑃𝑒bd,𝑘 − 𝑃𝑒bc,𝑘) + ∑
𝑧∈Z

𝑃𝑧RES,𝑘,
∀𝑘 ∈K,

(20)

where the first constraint refers to the bounds on the system
states, system inputs, and auxiliary variables. Equation (20)
is the power balance constraint for the UC problem. The
unexplained terms of (20) are described in the following
paragraphs.𝐶Grid calculates the cost incurred by the MG due to
the purchase of electricity from the utility grid. 𝐶Grid also
accounts for the revenue earned from the sale of electricity
to the utility grid. 𝐶Grid is calculated as follows:

𝐶Grid = ∑
𝑘∈𝐾

(𝐶p,𝑘𝑃eb,𝑘 − 𝐶s,𝑘𝑃es,𝑘) . (21)

𝐶UCC is the cost incurred by the MG due to the import of
uncontracted capacity from the utility grid.The uncontracted
capacity is calculated based on the maximum demand as
follows [25]:

𝑃UC = max{0, max
1≤𝑘≤24

{𝑃eb,𝑘 − 𝑃CC}} . (22)

Equation (22) is linearized as follows:

𝑃UC ≥ 𝑃eb,𝑘 − 𝑃CC, ∀𝑘 ∈K

𝑃UC ≥ 0,
𝐶UCC = 𝑈CC𝑃UC,

(23)

where 𝑈CC = $12,860/MW/month and 𝑃CC = 0.7MW. Due
to its exorbitant pricing, uncontracted capacity needs to be
avoided as much as possible. Efficient load management
strategies can aid the EMS in achieving this target.

The overall optimization problem is solved in an MPC
framework with a prediction horizon of 24. In Stage 1,
the overall optimization problem turns out to be an MIQP
problem.The optimization problem is described inMATLAB
using YALMIP [30] and solved using CPLEX.

3.2. Stage 2: Optimal Power Flow. Optimal power flow (OPF)
is a key optimization problem in power system operations. It
is used to determine optimal setpoints for the system vari-
ables while satisfying power demand and respecting genera-
tor and network constraints. The main objective of the OPF
problem is usually to minimize the power generation cost of
the system. Importantly, the OPF problem also accounts for
power losses in the system. Thus, the OPF problem can also
be formulated to minimize power losses in the system. As
the system load demand varies with time, it is essential to

solve the OPF problem within a reasonable time. However,
OPF is a nonconvex, nonlinear optimization problem which
is NP-hard to solve [16]. Global optimization procedures
to solve the OPF problem are computationally expensive.
Notwithstanding their suboptimal results, gradient based
methods have been widely adopted by researchers to solve
the OPF problem due to their fast computational speeds.
Among these, the quadratic programming method [31] and
the interior point method (and its variants) [15, 32, 33] are
popular due to their fast computational speeds.

3.2.1. Network Model. Let N and L represent the sets of𝑁 buses and 𝐿 lines in the MG respectively. The generators
are connected to a subset of N. In this paper, multiple OPF
problems are solved during different hours. Thus, all the
variables and parameters of the OPF problem during hour 𝑘
are denoted by (⋅)𝑘. In this formulation, the polar form of the
complex bus voltage V𝑘 ∈ C𝑁 is used as V𝑖𝑘 = 𝑉𝑖𝑘𝑒𝑗𝛿𝑖𝑘 , where𝑉𝑖𝑘
and 𝛿𝑖𝑘 are themagnitude and phase angle, respectively, of the
voltage phasor V𝑖𝑘 at bus 𝑖 ∈ N. The complex power injection
vector is denoted by 𝑠𝑘 ∈ C𝑁 such that 𝑠𝑖𝑘 = 𝑃𝑖e,𝑘 + 𝑗𝑄𝑖e,𝑘
for bus 𝑖 ∈ N, where 𝑃𝑖e,𝑘 is the generated real power and𝑄𝑖e,𝑘 is the generated reactive power. All the transmission lines
in the MG are modelled using the standard 𝜋-model. For
transmission line 𝑙 connecting buses 𝑖 and 𝑗; 𝑙 = (𝑖, 𝑗) ∈
L, let 𝑌 ∈ C𝐿 be the branch admittance matrix having
components 𝑌𝑖𝑗 = 𝑔𝑖𝑗 + j𝑏𝑖𝑗, where 𝑔𝑖𝑗 and 𝑏𝑖𝑗 are the series
conductance and susceptance, respectively, and 𝑏sh𝑖𝑗 is the line
charging susceptance.Also𝑑𝑘 ∈ C𝑁 such that𝑑𝑖𝑘 = 𝑃𝑖d,𝑘+j𝑄𝑖d,𝑘
for bus 𝑖, where𝑃𝑖d,𝑘 and𝑄𝑖d,𝑘 are the active and reactive power
demands at bus 𝑖, respectively, such that𝑃D,𝑘 = ∑ 𝑖∈N 𝑃𝑖d,𝑘 and𝑄D,𝑘 = ∑ 𝑖∈N 𝑄𝑖d,𝑘.
3.2.2. OPF Problem Formulation. The constraints for the
OPF problem mainly adhere to Kirchhoff ’s laws and are
formulated to ensure that the active and reactive powers are
balanced at each bus while satisfying generation capability
margins and voltage bounds. The constraints for the OPF
problem are enumerated below.(1) Active power balance at bus 𝑖 is

𝑃𝑖𝑗e,𝑘 = 𝑔𝑖𝑗 (𝑉𝑖𝑘)2 − 𝑔𝑖𝑗𝑉𝑖𝑘𝑉𝑗𝑘 cos (𝛿𝑖𝑗𝑘 )
+ 𝑏𝑖𝑗𝑉𝑖𝑘𝑉𝑗𝑘 sin (𝛿𝑖𝑗𝑘 ) ; 𝑖, 𝑗 ∈N, ∀𝑙 ∈L

(24a)

𝑃𝑖e,𝑘 = ∑
𝑓∈F(𝑖)

𝑃𝑓DG,𝑘 + ∑
𝑒∈E(𝑖)

𝑃𝑒BESS,𝑘 + 𝑃Grid,𝑘
+ ∑
𝑧∈Z(𝑖)

𝑃𝑧RES,𝑘 − 𝑃𝑖d,𝑘 + ∑
ℎ∈H(𝑖)

𝑃ℎIL,𝑘
− ∑
𝑚∈M(𝑖)

𝑃𝑚Pump,𝑘

(24b)

𝑃𝑖e,𝑘 = ∑
𝑗∈N(𝑖)

𝑃𝑖𝑗e,𝑘; ∀𝑖 ∈N (24c)
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𝑃𝑒BESS,𝑘 = 𝑃𝑒bd,𝑘 − 𝑃𝑒bc,𝑘; ∀𝑒 ∈ E (24d)

𝑃Grid,𝑘 = 𝑃eb,𝑘 − 𝑃es,𝑘. (24e)

(2) Reactive power balance at bus 𝑖 is
𝑄𝑖𝑗e,𝑘 = (𝑏𝑖𝑗 + 𝑏

sh
𝑖𝑗2 ) (𝑉𝑖𝑘)

2 − 𝑏𝑖𝑗𝑉𝑖𝑘𝑉𝑗𝑘 cos (𝛿𝑖𝑗𝑘 )
− 𝑔𝑖𝑗𝑉𝑖𝑘𝑉𝑗𝑘 sin (𝛿𝑖𝑗𝑘 ) ;

𝑖, 𝑗 ∈N, ∀𝑙 ∈L

(25a)

𝑄𝑖e,𝑘 = ∑
𝑓∈F(𝑖)

𝑄𝑓DG,𝑘 + ∑
𝑒∈E(𝑖)

𝑄𝑒BESS,𝑘 + 𝑄Grid,𝑘

+ ∑
𝑧∈Z(𝑖)

𝑄𝑧RES,𝑘 − 𝑄𝑖d,𝑘 + ∑
ℎ∈H(𝑖)

𝑄ℎIL,𝑘
− ∑
𝑚∈M(𝑖)

𝑄𝑚Pump,𝑘

(25b)

𝑄𝑖e,𝑘 = ∑
𝑗∈N(𝑖)

𝑄𝑖𝑗e,𝑘; ∀𝑖 ∈N (25c)

𝑄𝑒BESS,𝑘 = 𝑄𝑒bd,𝑘 − 𝑄𝑒bc,𝑘; ∀𝑒 ∈ E (25d)

𝑄Grid,𝑘 = 𝑄eb,𝑘 − 𝑄es,𝑘, (25e)

where the active power flow (𝑃𝑖𝑗e,𝑘) and reactive power flow
(𝑄𝑖𝑗e,𝑘) through line 𝑙 connecting buses 𝑖 and 𝑗 can be
represented in (24a) and (25a) satisfying the physical laws
of the power flow and 𝛿𝑖𝑗

𝑘
= 𝛿𝑖𝑘 − 𝛿𝑗𝑘. 𝑃𝑖e,𝑘 and 𝑄𝑖e,𝑘 are the

amounts of active and reactive power injections (if positive)
or extractions (if negative) at bus 𝑖, respectively. It may be
noted that all the reactive power variables (denoted using 𝑄)
follow a similar notation to the real power variables (denoted
using 𝑃).

It is assumed that the pump loads and ILs consume
reactive power equivalent to 50% of their active power
consumption and that the converters of the BESSs and RESs
at the PCC are capable of maintaining a power factor greater
than 0.7. The sets of DGs, BESSs, RESs, ILs, and pumps
connected to bus 𝑖 are denoted by F(𝑖),E(𝑖),Z(𝑖),H(𝑖),
and M(𝑖), respectively; the set of buses connected to bus 𝑖
with transmission lines are denoted by N(𝑖), where F(𝑖) ⊂
F,E(𝑖) ⊂ E,Z(𝑖) ⊂ Z,H(𝑖) ⊂ H,M(𝑖) ⊂ M, and N(𝑖) ⊂
N. Constraints (24c) and (25c) represent the active and
reactive power balances at each bus, respectively. However,
the additional variables 𝑃𝑖𝑗e,𝑘, 𝑄𝑖𝑗e,𝑘, 𝑃𝑖e,𝑘, and𝑄𝑖e,𝑘 are omitted in
the implementation.(3) Active and reactive power injection limits of each
power source are discussed in Section 3.3.(4) Voltage bounds at bus 𝑖 are

𝑉𝑖𝑘 ∈ [𝑉𝑖min, 𝑉𝑖max] ; ∀𝑖 ∈N, (26)

where (⋅)min and (⋅)max indicate the lower and upper bounds
of the corresponding decision variable, respectively.

3.3. Coordination between Stage 1 and Stage 2. TheEMS solves
Stage 1 and Stage 2 alternately. In Stage 1, binary statuses and
dispatch values for all the DGs, BESSs, pumps, and ILs in
the MG are determined. In addition to this, a schedule for
exchanging power with the utility grid is also determined.
The power exchange schedule and dispatch values of theDGs,
BESS, pumps, and ILs are shared with the OPF problem in
Stage 2.TheOPF problem is formulated by permitting a small
degree of freedom around the scheduled power exchange
values and dispatch values of theDGs and BESSs generated in
Stage 1. In Stage 2, the network power losses are determined
and power flow convergence is checked.The power losses are
shared with Stage 1 which solves the UC problem including
the power losses. The dispatch and power exchange values
are shared with Stage 2. This iterative process continues
till convergence. This process is illustrated in the flowchart
shown in Figure 1. The first UC problem in Stage 1 is solved
with an initial (𝑃loss

e,𝑘 ) = 0MW for each hour. The status and
dispatch vectors are then passed to Stage 2. Based on these
values, the bounds of the controllable generator dispatch
variables in the OPF subproblems are modified as shown
below. Here, the DGs, BESSs, and the main grid supply are
considered as controllable generators. Let �̂�𝑔e,𝑘, �̂�𝑔𝑘 , and �̂�𝑒BESS,𝑘
be the dispatch value, the commitment status for generator 𝑔,
and the power flow from BESS 𝑒 during hour 𝑘, respectively,
received from Stage 1.

For 𝑓th DG,

𝑃𝑓e,𝑘 ≥ �̂�𝑓𝑘 max {(1 − 𝛼) �̂�𝑓e,𝑘, 𝑃𝑓e,min} ,
∀𝑘 ∈ 𝐾, ∀𝑓 ∈ F

(27a)

𝑃𝑓e,𝑘 ≤ �̂�𝑓𝑘 min {(1 + 𝛼) �̂�𝑓e,𝑘, 𝑃𝑓e,max} ,
∀𝑘 ∈ 𝐾, ∀𝑓 ∈ F

(27b)

�̂�𝑓
𝑘
𝑄𝑓e,min ≤ 𝑄𝑓e,𝑘 ≤ �̂�𝑓𝑘𝑄𝑓e,max, ∀𝑘 ∈ 𝐾, ∀𝑓 ∈ F. (27c)

The power supplies from the grid and the BESSs are
bidirectional. Therefore, based on the power flow direction,
the shifted domain is defined as follows.

For 𝑒th BESS,
𝑄𝑒BESS,min,𝑘 ≤ 𝑄𝑒BESS,𝑘 ≤ 𝑄𝑒BESS,max,𝑘; ∀𝑒 ∈ E. (28)

(1) If �̂�𝑒bd,𝑘 ≥ 0 (�̂�BESS,𝑘 ≥ 0),
𝑃𝑒BESS,𝑘 ≥ max {(1 − 𝛼) �̂�𝑒BESS,𝑘, 0} (29a)

𝑃𝑒BESS,𝑘 ≤ min {(1 + 𝛼) �̂�𝑒BESS,𝑘, 𝑃𝑒bd,max} . (29b)

(2) If �̂�𝑒bc,𝑘 ≥ 0 (�̂�BESS,𝑘 ≤ 0),
𝑃𝑒BESS,𝑘 ≥ min {(1 − 𝛼) �̂�𝑒BESS,𝑘, 0} (30a)

𝑃𝑒BESS,𝑘 ≤ max {(1 + 𝛼) �̂�𝑒BESS,𝑘, −𝑃𝑒bc,max} . (30b)

Note that the shifted domains for the grid supply also can be
defined similar to (28), (29a), (29b), (30a), and (30b) based on
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Figure 1: Flowchart for EMS layer computations.

the power flowdirection.Here,𝛼 is a positive parameter value
denoting the small degree of freedom permitted around the
optimal dispatch values calculated in Stage 1. This parameter
should be wisely chosen as a lower 𝛼 leads to slower
convergence and a higher 𝛼 will result in the connection
between Stage 1 and Stage 2 being lost. In this paper,𝛼 is taken
as 0.03.The uncontrollable sources such as the RESs are fixed
in a similar manner to Stage 1.

Importantly, the OPF problems solved in Stage 2 are
decoupled from each other. Hence, parallel solving tech-
niques can be used to further increase the computational
performance if necessary. The OPF problem in Stage 2
computes the power loss during each hour.This calculation is
shown below in (31a).The total power loss (𝑃loss

𝑒,𝑘 ) during each
hour 𝑘 is conveyed to the UC problem in Stage 1 for the next
iteration. Thereafter, the UC problem is solved once again in
Stage 1 with losses included and the dispatch values are shared
with Stage 2.

𝑃loss
e,𝑘 = ∑

𝑙∈L

[𝑃𝑖𝑗e,𝑘 + 𝑃𝑗𝑖e,𝑘] ;
𝑖, 𝑗 ∈N, ∀𝑙 = (𝑖, 𝑗) ∈L, ∀𝑘 ∈K.

(31a)

The algorithm progresses iteratively till the power losses and
the dispatch values converge. The proof of convergence for
this method was demonstrated in [15].

4. Case Studies

Two exemplar MGs are modelled in this paper. First, the
optimal scheduling of a modified IEEE 30-bus system is
performed under the following operational scenarios to
demonstrate the efficacy of the proposed EMS and pump
scheduling formulations:

(1) Without optimal pump scheduling and ILs, water is
pumped in the shortest possible time using only the 3
main pumps.

(2) Optimal pump scheduling is performed using the 3
main pumps alone.

(3) Optimal pump scheduling is performed using only
the 3 main pumps and the 4 auxiliary pumps.

(4) Optimal pump scheduling is performed using only
the 3 main pumps and the 3 ILs.

(5) Optimal pump scheduling is performed using the 3
main pumps, the 4 auxiliary pumps, and the 3 ILs.

Subsequently, to further validate the versatility and efficacy
of the proposed EMS for different networks, the optimal
scheduling of a modified IEEE 57-bus system is performed
under Scenario 5.

4.1. Case Study 1: Optimal Scheduling of a Modified IEEE
30-Bus System. A modified IEEE 30-bus system is adopted
as an exemplar MG for this case study. The base value is
considered as 8000 kVA and the line resistance and reactance
values are increased to 3 and 1.5 times the p.u. values provided
in the standard MATPOWER case file for the IEEE 30-bus
system, respectively [34]. In the 30-bus system used in this
paper, the three DGs are connected to buses 27, 2, and 3,
respectively, while the BESS and wind farm are connected
to bus 22. The solar PV plant is connected to bus 13 while
bus 1 serves as the point of common coupling (PCC) with the
main utility grid. The 3 main pumps are connected to bus 27
while the 4 auxiliary pumps are connected to bus 29. Finally,
the summation of ILs is distributed among the load buses in
proportion to their nominal load demand.

4.1.1. System Initialization. For all the simulation scenarios,
it was assumed that the main pumps were switched off prior
to the start of the optimization period. For Scenarios 3 and
5, it was assumed that the auxiliary pumps were switched off
prior to the start of the optimization period. Furthermore, it
was assumed that SOC𝑒1 = 0.6. Finally, it was assumed that all
the DGs in the MG were switched off prior to the start of the
optimization period.

All the scenarios were simulated under the assumption
that accurate point forecasts for load demand (excluding
pump loads), electricity prices, and RES generation were
available. The electricity price forecasts in this paper were
adapted from [35, 36].The forecasts for load demand (exclud-
ing pump loads), RES generation, and electricity prices in
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Figure 2: Forecasts of (a) load demand, (b) RES generation, and (c) electricity price.

this case study are shown in Figures 2(a), 2(b), and 2(c),
respectively.

4.1.2. Optimal Scheduling Results. Thefinal dispatch values of
the DGs in Scenarios 1–5 are shown in Figures 3(a), 4(a), 5(a),
6(a), and 7(a), respectively. The BESS charge and discharge
profiles in Scenarios 1–5 are shown in Figures 3(b), 4(b), 5(b),
6(b), and 7(b), respectively. The power purchased from the
main grid, 𝑃eb, in Scenarios 1–5 is shown in Figures 3(c), 4(c),
5(c), 6(c), and 7(c), respectively. The schedules for the main
pumps in Scenarios 1–5 are shown in Table 3. The auxiliary
pump schedules are provided in Table 4. The IL curtailment
schedules in Scenarios 4 and 5 have been illustrated in Figures
8 and 9, respectively.

In Scenario 1, it is assumed that the 3 main pumps are
switched on during the first 3 hours of the day in order to
pump the water in the shortest possible time. This action

has major cost implications since the overall system load
demand is high during the first 3 hours of the day. This is
evidenced by the results shown in Table 2. From Figure 3(c),
it is observed that 𝑃eb exceeds the contracted capacity of
0.7MW during the first 3 hours. As a result, an uncontracted
capacity charge of $11,991.5 is incurred. It is also observed
from Figure 3(c) that the EMS purchases electricity from the
utility grid beyond the contracted capacity even during hours
when the total load demand is lesser.This can be attributed to
the methodology used to calculate the uncontracted capacity
cost shown in (22) and (23). Consequently, from Figure 3(a),
it is seen that DG 3 is shutdown from hour 6 onwards and
DG 2 is shutdown between hours 14 and 17. From hour 18
onwards, when load demand starts increasing, DG 2 is once
again started up and operated at full capacity. The relatively
cheaper DG 1 is operated at full capacity throughout the
day.
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Figure 3: Scenario 1: (a) dispatch values of DG 1, DG 2, and DG 3, (b) BESS charge and discharge profiles, and (c) 𝑃eb.
Table 2: Cost breakdown and computational times for Scenarios 1–5.

Scenario
#

Uncontracted
capacity cost

($)

Interruptible
load cost ($) Total cost ($)

Percentage
reduction in
total cost

Computational
time (s)

1 11,991.50 - 34,710.10 - 38.11
2 0 - 29,997.80 13.58% 60.59
3 0 - 29,945.11 13.73% 136.04
4 0 864.21 22,995.63 33.75% 60.81
5 0 861.90 22,911.79 33.99% 108.53

FromTable 2, it is observed that the introduction of pump
scheduling in Scenario 2 eliminates the uncontracted capacity
charge incurred in Scenario 1. FromFigure 4(a), it is observed
that all 3 DGs are operated during the hours of peak load
demand (hours 0–10 and 20–24). From Figure 4(c), it is clear
that the maximum power imported from the main grid does
not exceed 0.7MW. From Figure 4(b), it is seen that the BESS
usage in Scenario 2 is much lower than what is observed
in Scenario 1. In Scenario 1, it was observed that the MG
was forced to import uncontracted capacity during the first
3 hours of the day to meet the high load demand. Due to
this, the EMS continued importing power from the main
grid during the later hours of the day as well. Due to the

elimination of the uncontracted capacity in Scenario 2, DG
2 is operated throughout the day. It is clear from Table 3 that
the pump scheduling ensures that only 1 pump is operated at a
time to avoid uncontracted capacity. Moreover, from Table 3,
it is observed that main pumps 1 and 3 are operated during
the first 4 hours and last 4 hours, respectively. During these
hours, all 3 DGs are operational thereby ensuring that the
MG has enough running capacity to accommodate the main
pumps.

Compared to Scenario 2, a reduction of 1 hour in main
pump usage is observed in Scenario 3 due to the introduction
of auxiliary pumps. Consequently, as observed in Table 2,
there is a marginal reduction of $53 in the total cost for
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Figure 4: Scenario 2: (a) dispatch values of DG 1, DG 2, and DG 3, (b) BESS charge and discharge profiles, and (c) 𝑃eb.

Scenario 3 when compared with Scenario 2. The schedules
of main pumps, dispatch of DGs, BESS charge and discharge
profiles, and trends in electricity purchase from themain grid
in Scenario 3 are similar to Scenario 2.

As observed from Table 2, the introduction of ILs in
Scenario 4 leads to a reduction of $6,949 in the total cost
when compared with Scenario 3. From Figure 8, it is clear
that the ILs are mainly utilized during the first 3 hours
and the last 5 hours of the day when the load demand is
quite high. Compared to the previous scenarios, the usage
of the relatively expensive DG 3 is significantly reduced in
Scenario 4. As observed from Figure 6(a), the EMS keeps the
relatively expensiveDG3 switched off during the first 3 hours.
However, DG 3 needs to be switched on at hour 4 since the
total curtailment permitted for each IL in a day is capped at
2MWh. As shown in Figure 6(c), the main grid electricity
makes up for any shortfall without exceeding the contracted
capacity as and when required. It is observed from Table 3
that the main pumps are mostly used during the valleys in
the load profile.

The trends in Figures 7(a)–7(c) are quite similar to Fig-
ures 6(a)–6(c). As with Scenario 3, the inclusion of auxiliary
pumps leads to a marginal decrease in the total cost of
Scenario 5 when compared with Scenario 4. However, from
Table 2, it is seen that the total cost in Scenario 5 (lowest cost

scenario) is 33.99% lower than the total cost in Scenario 1
which is the worst case. In Scenario 5, unlike Scenario 4, a
main pump is not operated during hour 5. From Figures 7(b)
and 9, it is seen that this eliminates the need to import power
from the main grid and curtail ILs during hour 5 as was the
case in Scenario 4.

Figure 10 illustrates the convergence of the 2-stage EMS
computations described in Section 3. From Figure 10, it is
observed that Scenario 3 takes more number of iterations
to converge. From Figure 10, it is observed that the total
operating costs of all the scenarios reach close to their final
values after 3 iterations. It may be noted that the trajectories
followed by both total operating cost and total power loss are
similar. Finally, the sale of electricity to the utility grid was
not observed in any of the scenarios considered.

4.2. Case Study 2: Optimal Scheduling of a Modified IEEE 57-
Bus System. Amodified IEEE 57-bus system is adopted as an
exemplar MG for this case study. The optimal scheduling of
the modified 57-bus MG is performed under Scenario 5. The
base value is considered as 7000 kVA and the line reactance
values are decreased by 50% when compared with the p.u.
values provided in the standard MATPOWER case file for
the IEEE 57-bus system [34]. In the 57-bus system used in
this paper, the three DGs are connected to buses 1, 8, and 9,
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Figure 5: Scenario 3: (a) dispatch values of DG 1, DG 2, and DG 3, (b) BESS charge and discharge profiles, and (c) 𝑃eb.

respectively, while the wind farms are connected to buses 2
and 12. BESSs are connected to buses 2 and 12. A solar PV
plant is connected to bus 3 while bus 6 serves as the point
of common coupling (PCC) with the main utility grid. The
3 main pumps are connected to bus 2 while the 4 auxiliary
pumps are connected to bus 1. Finally, the summation of ILs
is distributed among the load buses in proportion to their
nominal load demand.

4.2.1. System Initialization. For this case study, it was assumed
that all the main pumps and auxiliary pumps were switched
off prior to the start of the optimization period. Furthermore,
it was assumed that initial SOCs for the two BESSs in theMG
were 0.6 and 0.5, respectively. Finally, it was assumed that all
the DGs in the MG were switched off prior to the start of the
optimization period.

This case study was performed under the assumption that
accurate point forecasts for load demand (excluding pump
loads), electricity prices, and RES generation were available.
The load demand forecast for this case study is shown in
Figure 11. Forecasts of the solar PV plant and one wind power
plant in this case study are shown in Figure 2(b) while the
forecast for the second wind power plant in this case study is
also shown in Figure 11.

4.2.2. Optimal Scheduling Results. The final dispatch values
of the DGs in this case study are shown in Figure 12(a). The
charge and discharge profiles of the BESSs in this case study
are shown in Figure 12(b). The power purchased from the
main grid in this case study, 𝑃eb, is shown in Figure 12(c). In
this case study, Main Pump 1 operates between hours 16 and
18; Main Pump 2 operates only during hour 19; Main Pump 3
operates between hours 12 and 15. Auxiliary Pump 1 operates
during hours 15, 17, and 18; Auxiliary Pump 2 operates during
hours 11 and 15; Auxiliary Pump 3 operates during hour 15;
and Auxiliary Pump 4 operates during hour 11.

The results of this case study largely agree with those of
Case Study 1. The pumps are generally operated during the
valley periods in the load profile which coincide with the
late night hours. A clear indication of this is the operation
of 1 main pump and 3 auxiliary pumps during hour 15. From
Figure 11, it is observed that the load demand is at its lowest
during hour 15.TheEMS avoids using the expensiveDG3due
to the higher contribution from the RESs in this case study.
DGs 1 and 2 are used at nearly their full capacities throughout
the 24-hour period. From Figure 13, it is observed that the ILs
are utilized during the hours when the load demand is at its
peak. During these hours, the EMS also imports power from
the utility grid without exceeding the contracted capacity of
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Figure 6: Scenario 4: (a) dispatch values of DG 1, DG 2, and DG 3, (b) BESS charge and discharge profiles, and (c) 𝑃eb.

0.8MW. From Figure 12(b), it is observed that the BESSs
discharge during some peak loading hours while charging
during the valley periods in the load profile. The overall MG
cost in this case study was $15842.79 while the computational
time taken to solve the problem was 154.49 s. The higher
contribution from the RESs results in a lower cost in this case
study.

Finally, Figure 14 illustrates the convergence of the 2-stage
EMS computations. From Figure 14, it is observed that the
EMS takes more number of iterations to converge compared
to all the scenarios in Case Study 1 except Scenario 3. Finally,
the sale of electricity to the utility grid was not observed in
this case study.

4.3. Discussions and Scope for Future Work. This section dis-
cusses the limitations of this paper and how the assumptions
made could potentially impact the optimal MG scheduling
results. Furthermore, some possible future research direc-
tions are also presented. Case Study 1 clearly established the
potential of load management strategies in reducing the MG
operating cost. In Scenario 1, it was assumed that the main
pumps would be switched on during the first 3 hours of the
day to pump out the water in the fastest possible time. Even
if this assumption was not true, load management strategies
such as pump scheduling and curtailment of ILs still provide

the maximum reduction in operation cost without compro-
mising on any operational requirements.

The MG models in this paper were developed using
the MLD approach which essentially results in a state-space
representation of the system as shown in (18). Consequently,
the system states need to be initialized before starting the
simulation.The initial system states provide a snapshot of the
MG prior to the start of the simulation. The initialization of
the system states needs to be done carefully to ensure that
all the constraints are respected and the overall tractability of
the problem is not affected. In line with these requirements,
the authors had randomly selected a set of values to initialize
the system states. However, it is clear that the selection of
different initial states for the system would result in different
system evolution according to (18) and (19) and consequently
different scheduling results.

In this paper, the optimal MG scheduling is performed
on the basis of fixed forecasts for RES generation, electricity
price, and load demand. In case of any uncertainties in the
RES generation and electricity price forecasts, the resulting
MG schedules which are generated by the EMS may be
suboptimal. One way to deal with the uncertainties is to
introduce spinning reserve constraints in the scheduling
problem which would enable the MG to manage the loss of
the largest RES. The objective of this paper was to present



Complexity 15

Time (h)

0

1000

2000

3000

DG 1
DG 2
DG 3

P
＄
＇

(k
W

)

0 5 10 2015

(a)

Time (h)

0

200

−200

P
e ＜
＞
−
P
e ＜
＝

(k
W

)

0 5 10 2015

(b)

Time (h)

0

200

400

600

P
？＜

(k
W

)

0 5 10 2015

(c)

Figure 7: Scenario 5: (a) dispatch values of DG 1, DG 2, and DG 3, (b) BESS charge and discharge profiles, and (c) 𝑃eb.
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the EMS architecture and problem formulation. The authors
have not focused on handling uncertainties in this work.
In this context, one possible direction for future work is to
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Figure 9: Curtailment of ILs in Scenario 5.

develop a scenario-based robust optimization approach for
handling forecast uncertainties in the optimal scheduling of
MGs while also respecting the network constraints using the
EMS architecture explained in this paper.
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The concept of eco-industrial parks (EIPs) has been
recently gaining research attention. A significant attribute
of EIPs is the sharing of energy between different business
entities. Typically, industrial parks consume and produce
both heat and electricity. In future, the framework proposed
in this paper could be integrated with an industrial park
level waste heat recovery network with combined cycle gas
turbines bridging the electrical and thermal energy streams.

Future studies could also focus on designing efficient load
management strategies for such multienergy networks.

5. Conclusions

This paper developed a first principle model of industrial
MGs including DGs, BESSs, pump loads, and ILs. Subse-
quently, a 2-stage EMSwas proposed for optimally scheduling
theMGs.TheEMSadopted an iterative procedure to integrate
the UC and OPF problems, thereby satisfying network
constraints. Load management strategies including pump
scheduling and curtailment of ILs were adopted by the EMS
to reduce the total electricity cost. The efficacy of the EMS
including load management strategies was demonstrated
on a 30-bus exemplar MG system under five operational
scenarios. From the scheduling results obtained for the 5
scenarios, it was observed that the nonadoption of efficient
load management strategies led to significant uncontracted
capacity charges. The results also demonstrated the potential
of optimal pump scheduling in realizing significant cost
savings through the reduction or elimination of uncontracted
capacity charges. The impact of auxiliary pumps and curtail-
ment of ILs on the total cost of the systemwas also analyzed. It
was found that while auxiliary pumps had a marginal impact
on the total cost, curtailment of ILs realized significant cost
savings. Finally, the scalability and efficacy of the EMS were
demonstrated on an exemplar 57-bus MG. The 57-bus case
study demonstrated the scalability of the EMS architecture
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Figure 12: Optimal scheduling ofmodified IEEE 57-bus system: (a) dispatch values of DG 1, DG 2, andDG 3, (b) charge and discharge profiles
of BESSs, and (c) 𝑃eb.
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Figure 13: Curtailment of ILs in modified IEEE 57-bus system.

while also validating the results obtained in the 30-bus case
study.

Nomenclature

A. Indices

𝑘: Index for time (hours)𝑓: Index for diesel generators (DGs)𝑒: Index for battery energy storage systems (BESSs)ℎ: Index for interruptible loads (ILs)𝑚: Index for pumps𝑧: Index for renewable energy sources (RESs)𝑙: Index for lines𝑖, 𝑗: Index for buses.
B. Sets

K: Set of all hours in a day; that is,K = {1, 2, 3, . . . , 24}
F: Set of DGs in the MG
E: Set of BESSs in the MG
H: Set of ILs in the MG
M: Set of pumps in the MG
Z: Set of RESs in the MG
N: Set of buses in the MG
L: Set of lines in the MG.
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Figure 14: Evolution of (a) total operating cost and (b) total power loss over 24 hours.

C. Parameters
(⋅)min: Lower bound of the corresponding

parameter(⋅)max: Upper bound of the corresponding
parameter𝐶𝑓SU: DG start-up cost coefficient ($)𝑐𝑓0 , 𝑐𝑓1 , 𝑐𝑓2 : Fuel cost curve coefficients in $/MW2,
$/MW, and $, respectively𝜂𝑒c/𝜂𝑒d: BESS charging/discharging efficiency
percentages𝑃𝑒1C: Power required by the BESS to charge
100% in one hour (kW)𝐼𝑒: BESS purchase cost ($)𝐵𝑒cap: BESS capacity (kWh)𝑁𝑒: Number of cycles for BESS to reach end of
life (h)𝑇𝑒bc/𝑇𝑒bd: Average number of hours BESS
charges/discharges in a day𝐶p: Power coefficient which is a function of
the tip speed ratio𝜌: Air density𝐴: Area swept by the rotor blades𝐼L,𝐼S: Light current and diode saturation
current, respectively𝑅S,𝑅Sh: Series and shunt resistances, respectively𝐶𝑚: Pump capacity in MW𝑄𝑚: Pump flow rate in m3/h𝜏: Optimization interval𝑉d: Volume of liquid to be pumped in 24 h in
m3𝑃CC: Contracted capacity in MW𝑈CC: Uncontracted capacity cost coefficient in
$/MW/month

𝑔𝑖𝑗,𝑏𝑖𝑗: Series conductance and susceptance,
respectively𝑏sh𝑖𝑗 : Line charging susceptance.

D. Variables

𝑏𝑓SU,𝑘: Binary variable indicating DG start-up
status𝑏𝑓DG,𝑘: Binary variable indicating DG
commitment status𝑃𝑓DG,𝑘: Real power output of DG (kW)

SOC𝑒𝑘: BESS state of charge (SOC) (scale of 0-1)𝑃𝑒bc,𝑘/𝑃𝑒bd,𝑘: BESS charging/discharging power (kW)
Vwind: Wind velocity
Vpv,𝑖pv: Operating voltage and current of PV

module, respectively𝑝ℎ𝑘 : Compensation paid in $/MWh to IL𝑏ℎIL,𝑘: Binary variable indicating IL status𝑃ℎIL,𝑘: Amount of IL curtailed (kW)𝑏𝑚𝑘 : Binary variable indicating pump status𝑏𝑚SU,𝑘: Binary variable indicating pump start-up
status𝑃𝑧RES,𝑘: Real power produced by RES in kW𝐶p,𝑘: Price at which electricity is purchased
from the utility grid in $/kWh𝑃eb,𝑘: Real power purchased from the utility grid
in kW𝐶s,𝑘: Price at which electricity is sold to the
utility grid in $/kWh𝑃es,𝑘: Real power sold to the utility grid in kW𝑃UC: Uncontracted capacity in MW𝑉𝑖𝑘: Magnitude of the voltage phasor V𝑖𝑘
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𝛿𝑖𝑘: Phase angle of the voltage phasor V𝑖𝑘𝑠𝑘: Complex power injection in MVA𝑃𝑖e,𝑘: Generated active power in kW𝑄𝑖e,𝑘: Generated reactive power in kvar𝑃𝑖d,𝑘: Active power demand in kW𝑄𝑖d,𝑘: Reactive power demand in kvar𝑃𝑖𝑗e,𝑘: Active power flow through line 𝑙 connecting
buses 𝑖 and 𝑗 in kW𝑄𝑖𝑗e,𝑘: Reactive power flow through line 𝑙
connecting buses 𝑖 and 𝑗 in kvar𝑃loss

e,𝑘 : Total power loss in kW�̂�𝑔e,𝑘: Dispatch value of generator 𝑔 received by
Stage 2 from Stage 1 in kW�̂�𝑔

𝑘
: Commitment status of generator 𝑔 received

by Stage 2 from Stage 1�̂�𝑒BESS,𝑘: Value of power flow from the BESS received
by Stage 2 from Stage 1 in kW.
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Devices in a smart home should be connected in an optimal way; this helps save energy andmoney. Among numerous optimization
models that can be found in the literature, we would like to highlight artificial immune systems, which use special bioinspired
algorithms to solve optimization problems effectively. The aim of this work is to present the application of an artificial immune
system in the context of different energy optimization problems. Likewise, a case study is performed in which an artificial
immune system is incorporated in order to solve an energy management problem in a domestic environment. A thorough
analysis of the different strategies is carried out to demonstrate the ability of an artificial immune system to find a successful
optima which satisfies the problem constraints.

1. Introduction

A Home Energy Management System (HEMS) is a key ele-
ment in a domestic environment that improves household
economy through automated technologies.

In the recent years, different domestic buildings equipped
with communication channels (smart houses) have actively
participated in electrical networks [1] as building blocks in
smart grids (SGs). Therefore, they play an important role in
optimizing the scheduling of electric power [1, 2].

There are a number of strategies that employ different
techniques to optimize the scheduling of energy use in the
home. Among many other strategies, statistical models are
one example of them. We can see how they are leveraged in
the work of [3], which models controllable loads using a
Markovian approach. These loads depend on weather condi-
tions. In [4], a demand-response program is automatically
applied from classical methods to control the devices

connected to the network under the uncertainty of the out-
side temperature and the price of electricity. In [5], three
problems related to HEMS have been solved by applying an
observable Markovian decision process. This work made it
possible to reduce domestic energy costs in the electricity
price market.

Classical approaches had some limitations [6]; thus, new
paradigms have been applied to solve HEMS. One success-
fully developed paradigm is that which uses bioinspired algo-
rithms to solve optimization problems. These algorithms try
to mimic the behavior of some biological entities to find solu-
tions which, applying classical computation, would be too
costly or even implausible in terms of time and resources.
Some widely used and noteworthy algorithms are artificial
neural networks (ANN), genetic algorithms (GA), or swarm
intelligence [7]. Some bioinspired algorithms work in differ-
ent contexts, and they render good results. One of these algo-
rithms is the artificial immune system (AIS) which follows
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the principles of the vertebrae immune system to find solu-
tions in an optimization problem. The AIS algorithm can be
designed in a variety of ways. From the different variants, in
this work, it is decided to use Opt-aiNet [8], which has been
used successfully for the optimization of functions in different
contexts [8]. Opt-aiNet allows finding several solutions in
parallel. By using operations such as mutation, cloning, and
suppression, each solution corresponds to different optima
(maxima or minima) points in the optimization function.

In the area of intelligent network optimization, several
works that follow the bioinspired paradigm have been pro-
posed. These include [9], who propose an energetic services
modeling method based on the particle swarm optimization
(PSO) algorithm. Soares et al. [10] propose a multiobjective
genetic approach for scheduling domestic charge in an
energy management system. Yuce et al. [11] present a neural
network with a genetic algorithm (ANN-GA) to optimize
energy management in the domestic sector. However, to
the authors’ knowledge, AIS has only been implicated in
some preliminary achievements in power management, such
as solving power supply problems, or electrical reconfigura-
tions. For example, in [12], an AIS is used to control thermal
units in residential buildings, and in [13], the authors opti-
mize a wind energy-generating system also with an AIS.

In this paper, an in-depth review of the AIS concept and
its application to different electrical problems is made. From
the results of this review, a case study on a problem of home
energy management optimization is described and solved
using this algorithm. We aim to demonstrate that AIS can
be successfully applied to electrical management problems
in domestic settings. Part of our objective has been to adapt
the Opt-aiNet algorithm to include complex constraints on
the optimization problem and to work efficiently with a large
number of variables.

This paper presents a simple electric context with
different devices, namely, a photovoltaic panel (PV), a
battery system, a space heater or heater, a water heater, and
must-run services. All of them are connected in a smart
home, within an electrical system. It is aimed at optimizing
the scheduling for the next 24 hours so that the electrical
benefit is maximized between the energy that is sold and
the energy that is bought.

Two strategies are designed in our case study to repre-
sent two different electrical situations. In strategy 1, the
HEMS manages the electric power with the electricity grid
without considering any internal restriction. In other
words, we do not consider any variable related to the
maintenance of the domestic electric charge through the
electrical energy produced by the PV system. Therefore,
this strategy only seeks to optimize energy benefits. How-
ever, strategy 2 is aimed at supplying the electricity
demand autonomously whenever possible. Therefore, the
surplus generated by the PV is stored in the battery.
HEMS will sell electricity to the grid when the battery is
fully charged. Also, the battery is discharged when the
electrical demand is greater than the power generated by
the PV. If the battery cannot supply all the electrical
charge, then the HEMS must buy electricity from the
power grid. Based on these two strategies, three different

experiments were developed. Firstly, a comparison of AIS
with two different bioinspired algorithms is made, namely,
the classical genetic algorithm (GA) and the particle
swarm optimization (PSO). Secondly, both strategies are
compared to analyze the influence of the battery in the
home network. Finally, a deep analysis is carried out with
different situations of the battery charge in the home net-
work. The results obtained in all situations are expected to
validate the AIS as an appropriate algorithm for the opti-
mization of HEMS.

This document is structured as follows. Section 2
provides an overview of the design of AIS and a review
about its involvement in electrical problems. Section 3
describes the technical details of the addressed electrical
problem. Section 4 presents the configuration of AIS and its
application to the electrical problem. In Section 5, the
results obtained in the three case studies are outlined and
discussed. Finally, Section 6 presents the conclusions of our
research and future work.

2. Artificial Immune Systems

The organisms of many species have developed immune
systems to protect them from external agents. Above all,
vertebrate immune systems consist of different molecules,
cells, and organs that are distributed throughout the body
and are not controlled by any central entity. From an
immunological point of view, any element present in the
immune system is called an antigen. If this antigen belongs
to the internal organism to protect the body, it is called
self-antigen or antibody. Otherwise, the antigens from the
external environment are called non-self-antigens and can
provoke different diseases. Therefore, immune systems are
aimed at distinguishing between self-antigens and non-self-
antigens through a pattern recognition process, attacking
only those that are harmful for the body [14].

Drawing on the concept of the immune system, [15]
developed the CLONALG algorithm, a clonal selection proce-
dure that allows mutating some antibodies according to their
affinity to an external antigen; therefore, in order to perform
pattern recognition, it generates copies of the antibodies
according to their affinity with the antigen. The copies are
mutated following a rate δ inversely proportional to their
affinity with the antigen (1).

δ = ef i

β
, 1

where β is a constant obtained empirically to normalize the
effect of the fitness value fi of each cell. These new individuals
are added to the general population and reevaluated to be
reproduced and mutated again.

In order to give a new solution for the optimization of
functions, [8] developed Opt-aiNet, an artificial immune sys-
tem (AIS) based on the CLONALG behavior. The informa-
tion is encoded as antigens which should be recognized by
the antibodies of our immune system. Then, the fitness value
of an antigen is defined as the affinity between the antigen
and the antibody and can be compared with a distance
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metric. Henceforth, small distances between an antigen and
an antibody represent high affinity, whereas longer distances
represent lower affinity.

The Opt-aiNet algorithm follows the general description
of an artificial immune system. Firstly, antibodies, which rep-
resent the different data to optimize, are randomly generated.
Then, they are presented to the antigens, which encode the
objective function, in order to calculate the affinity between
them when the data are applied to the function. If one anti-
body obtains a good rating in the objective function, that
means it has high affinity and therefore is selected. These
chosen antibodies are reproduced and mutated based on
their fitness value according to the CLONALG algorithm
and the β parameter. In order to preserve diversity, antibod-
ies whose affinity is lower than a given threshold ts are
removed from the population.

Artificial immune systems, in particular Opt-aiNet, are
able to find several optima of the objective function in paral-
lel. This means that AIS can find a set of good candidates for
the solution of optimization problems that are different from
one another. Additionally, AIS can preserve those individuals
that are good enough to be reproduced and mutated in con-
secutive iterations.

2.1. AIS Applications in Energy Contexts. The concept of a
next-generation power system such as smart grid, efficient
energy management, and better power system planning
cannot be achieved without electrical load forecasting
[16]. Consequently, multiple time horizons which are asso-
ciated with the regulation, dispatching, scheduling, and
unit commitment of the power grid are analyzed and
solved using different methods. Artificial intelligence (AI)
is widely applied to a variety of applications, as it can han-
dle the complexity derived from such electrical problems.
In particular, bioinspired algorithms, such as artificial neu-
ral networks or swarm intelligence, are especially effective
in solving this kind of problems. In this section, a brief
but comprehensive literature review of a special bioin-
spired algorithm, the artificial immune systems, is pro-
vided. AIS was applied in different contexts with positive
results: when solving combinatorial problems [17, 18], to
detect intrusions in wireless sensor networks [19], or even
to generate chord progressions [20]. The major goal of this
section is to review, identify, evaluate, and analyze the per-
formance of AIS in power systems and model research.

Regarding the electrical context, there are plenty of pro-
posals focusing on diverse fields. One of them is related to
the control of variables and configuration of an electrical
system. de Mello Honorio et al. [21] model an optimal
power flow (OPF), which is a nonlinear, nonconvex, and
large-scale problem with both continuous and discrete con-
trol variables, using a modified artificial immune system
(AIS). The AIS makes use of hypermutation, which is
responsible for local search, and receptor edition, which
explores different areas in the solution space. The proposed
AIS is combined with a gradient vector to improve the final
results. This combination is also aimed at collecting valuable
information during the hypermutation process, decreasing
the number of generations and clones, and, consequently,

speeding up the convergence process while reducing the
computational time. Belkacemi and Feliachi [22] use a mul-
tiagent system (MAS) which follows the human immune
system behavior to propose a new technique for power sys-
tem reconfiguration and restoration, applied to a model of
Southern California Edison’s Circuit of the Future. Each ele-
ment of the MAS represents a natural immunological ele-
ment that interacts with the other elements to heal the
body. Similarly, the MAS is able to detect and isolate faults
and restore power to the affected loads taking into consider-
ation line capacity, voltage profile, and power losses [22]. de
Oliveira et al. [23] present a methodology for the reconfigu-
ration of radial electrical distribution systems to minimize
energy losses making use of the bioinspired metaheuristic
artificial immune system. The AISs have to plan the system
operation considering both radiality and connectivity con-
straints and different load levels. Consequently, the AIS
algorithm is adapted to accommodate the features of the
problem better and to improve the search process. The algo-
rithm developed is tested in well-known distribution sys-
tems, with very successful results. Souza et al. [24] solve
the reconfiguration problem of electrical distribution sys-
tems (EDSs) with variable demand, using the artificial
immune algorithm. As the reconfiguration problem with
variable demand is a complex problem of a combinatorial
nature, Copt-aiNet (artificial immune network for combina-
torial optimization), which is a combinatorial version of the
algorithm Opt-aiNet, is applied to identify the best radial
topology for an EDS in order to minimize the cost of energy
losses in a given operation period. A specialized sweep load
flow for radial systems was used to evaluate the feasibility
of the topology with respect to the operational constraints
of the EDS and to calculate the active power losses for each
demand level. The obtained results were compared with
those in the literature in order to validate and prove the effi-
ciency of the proposed algorithm. Souza et al. [25] also aim
to solve the reconfiguration problem of EDS by comparing
the results of the Copt-aiNet (artificial immune network
for combinatorial optimization) and the Opt-aiNet (artificial
immune network for optimization) algorithms. A specialized
forward/backward radial power flow was used to evaluate
each of the proposed solutions in order to determine its
power losses and its feasibility regarding the operational
constraints of the EDS. To validate the use of an AIS, the
final results were compared with other solutions obtained
with other algorithms in the literature.

Other important field of application is the forecasting of
electrical variables (loads and power generation or consump-
tion). Abdul Hamid and Abdul Rahman [26] propose an arti-
ficial neural net (ANN) trained following the behavior of an
artificial immune system (AIS) to generate a short-term load
forecasting model. Two sets of electrical energy demand data
were used to test the capability of the proposed algorithm.
The results presented in the manuscript show that the pro-
posed AIS learning algorithm is capable of providing a fore-
cast comparable to that of an artificial neural network with
an integrated back propagation (BP) algorithm. Conse-
quently, the AIS is an alternative learning algorithm for an
artificial neural network. The work proposed by [27] is one

3Complexity



of the first studies using an integrated AIS simulation for
improved forecasting of electricity consumption with ran-
dom variations. They develop a new system with different
algorithms, namely, AIS, genetic algorithm (GA), and parti-
cle swarm optimization (PSO), to simulate annual electricity
consumptions in selected countries. The mean absolute per-
centage error (MAPE) is applied to evaluate the results and
select the best forecasting model. A case study with data of
the annual electricity consumptions for 16 countries from
1980 to 2006 is analyzed. For the selected countries, the AIS
method with the clonal selection algorithm (CLONALG)
shows satisfactory results when applied with simulated data
and has been selected as the preferred method. Hernandez
et al. [28] model a hybrid artificial immune system (AIS)
combining the back propagation method with the artificial
immune system, to achieve higher accuracy, lesser input load
data requirement, and faster convergence. The hybrid
approach is implemented, and its results are compared with
a GA and a PSO. This analysis reveals that AIS solves the
problem in a more efficient way than do GA and PSO.

Dudek [29] proposes a short-term load forecast model
based on an AIS to predict the hourly load demand of a week.
In this proposed technique, each antigen of AIS, which con-
tains the time series load sequences (some part is a forecast
sequence), is compared with historical load patterns. MAPE
is also used to evaluate the performance of the proposed fore-
cast model. The system achieves a minimum MAPE of
1.77%, which means the AIS obtains very successful results.
AISs are also applied for economic optimization in an electri-
cal environment. Dynamic economic dispatch determines
the optimal scheduling of online generator outputs with pre-
dicted load demands over a certain period of time taking into
consideration the ramp rate limits of the generators [30].
Basu [31] presents an artificial immune system algorithm
that solves a heat and power economic optimization prob-
lem. The AIS is adapted to this problem, adding new opera-
tions such as hypermutation and tournament, and is then
used in a preliminary test system.

Basu [30] implements adaptive cloning, hypermutation,
aging operation, and tournament selection. In order to val-
idate the new AIS, numerical results of a ten-unit system
with fuel cost function have been developed. The results

obtained from the proposed algorithm are compared with
those obtained from particle swarm optimization and evo-
lutionary programming. From numerical results, it is
shown that the proposed AIS provides a more efficient
solution than do particle swarm optimization and evolu-
tionary programming in terms of minimum cost and com-
putation time. Aragón et al. [32] present an AIS-inspired
algorithm, called IA EDP, which tries to solve an eco-
nomic dispatch problem. It makes use of two versions of
a redistribution power operator which tries to keep the
solutions that it finds. The proposal is applied to eight
problems taken from the literature. The results are com-
pared with those derived from several other approaches
to determine the advantages of the IA EDP against classi-
cal evolutionary computing.

This brief background leads us to the conclusion that
AIS can be applied to a variety of electrical contexts with
very successful results. This fact encourages us to work
with a specific AIS, called Opt-aiNet, also leveraged in dif-
ferent papers [24, 25] and to adjust it specifically to our
case study. The classical Opt-aiNet usually works with a
low number of variables (each individual contains about
6 variables at most) and without constraints encoded as
mathematical functions. In the present work, this algo-
rithm is adjusted to admit up to 336 variables and 25 lin-
ear constraints (inequalities and equations).

3. Home Energy Management Problem

In the designed case study, we consider a home electrical
system that has some household appliance connected to
it (Figure 1).

The context can be thought as a domestic grid with a
generation part and a consumption part, connected to the
power grid. As shown in Figure 1, the generation system
or the PV system includes the PV generator and the bat-
tery. The consumption parts are the electric loads which
contain the following appliances: a space heater, a storage
water heater, and must-run services. To balance the profit
of energy services between the PV system and the loads,
the scheduler is connected to the grid. The scheduler aims
at maximizing the profit of energy services provided in a

Space heater

Power grid

Battery PV panel

Scheduler

Water storage
heater

Must-run
services

Figure 1: Schematic image of domestic electrical system.
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domestic energy management system through (2) OF,
which is the objective function to optimize.

OF =〠
t

λsoldPsold t − λboughtPbought t

− 〠
j∈ELs

VOLLjLj t
shed −Vs

pv t
2

OF is a linear combination of four electrical factors.
λsold, λbought, VOLLj and Vpv are constants that provide the
prices per unit of energy load and are given by the market.
The first term λsoldPsold t represents the income from the
sale of energy produced by the PV panel to the electricity
grid. The second factor is the total cost of electrical energy
that is bought from the network, λboughtPbought t . The value
of electrical energy is not served, meaning the lo is encoded
in the third part,∑j∈ ELsVOLL jLj t

shed. Finally, the spillage
costs of PV panels, Vs

pvSpv t , are represented in the last term
of the equation.

We need to balance the loads between the energy gener-
ated (the PV system Ppv t , the energy provided by the bat-
tery Pb,out t , and the energy bought from the power grid
Pbought t ) and the energy consumed, meaning the electrical

loads of the different services Lj t − Lj t
shed (heater, storage

water heater, and mustrung services) and the battery charge
Pb,in t (3). Additionally, the power flow limitation through
the distribution line is stated in (4), where fmax is a constant
set to 6 according to [33].

Pbought t + Ppv t + Pb,out t = 〠
j∈ELs

Lj t − Lshedj t + Pb,in t ,

3

−fmax ≤ Pbought t − Psold t ≤ fmax 4

The specific definitions for all domestic appliances are
described in the following subsections.

3.1. PV System. The PV system can generate the power out-
put Ppv t of the grid, which can be modelled through
Equation 5.

Ppv t = Ppv,p t − Spv t , 5

where S refers to the spillage costs of the PV system and
Ppv,p(t) is the potential power generation for the PV system.
Ppv,p(t) is limited to maximum and minimum bands due to
the prediction of the PV power generation, following (6).
σdownpv and σpv

up are down and up prediction variances for
the PV system, respectively, and are calculated following
[34]. Ppred

pv t is the predicted power generated by the PV sys-
tem. This amount is positive or equal to zero and is limited to
the actual power generation of the PV, Ppv,p(t), as represented
in (7). In other words, the PV system can potentially generate
this power but HEMS cannot operate it because of economic
and technical constraints.

Ppred
pv t − σdownpv ≤ Ppv,p t ≤ Ppred

pv t − σuppv , 6

0 ≤ Spv t ≤ Ppv,p t 7

3.2. Electrical Loads. Electrical loads include loads that can
be controllable and/or shiftable. In this case study, three
types of loads are modelled: space heater, Lsh(t), which is
a controllable load, storage water heater, Lswh(t), which is
a shiftable load, and must-run services, Lmrs(t), which are
noncontrollable-shiftable loads. Equations 8 and 9 define
the total electrical load and total load shedding of our
domestic grid, respectively. These loads are described in
the following subsections.

〠
j∈ELs

Lj t = Lsh t + Lswh t + Lmrs t , 8

〠
j∈ELs

Lshedj t = Lshedsh t + Lshedswh t + Lshedmrs t 9

3.2.1. Space Heater. The space heater provides the desired
indoor temperature. Equation 10 represents the performance
of the space heater based on the relationship between the
indoor temperature and its electrical load. In (10), θ0 is the
initial indoor temperature in time t=1, which is assumed to
be equal to the desired temperature. R is the thermal resis-
tance, and C is the thermal capacity of

θin t + 1 = θin t e−1/RC + Lsh t R 1 − e−1/RC

+ θpredout t 1 − e−1/RC ,
 t ≥ 2θin t = θ0 = θdes, t = 1

10

Equation 11 represents the limitation of the indoor
temperature. In our case study, this limitation is set to
1°C more or less than the desired temperature. Finally,
due to physical factors, the loads and the load sheddings
are both limited by their maximum and minimum con-
straints (12) and (13).

−1 ≤ θin t − θdes ≤ 1, 11

Lmin
sh t ≤ Lsh t ≤ Lmax

sh t , 12

0 ≤ Lsshedsh t ≤ Lsh t 13

3.2.2. Storage Water Heater. The storage water heater is
responsible for preserving the heat in the water tanks. The
maximum and minimum limitations of the storage water
heater’s load are stated in (14). The maximum energy con-
sumption of the storage water heater should be less than
the maximum capacity of the tank Uswh, according to (15).
Finally, the maximum of the load shedding of the storage
water heater is always less than the energy consumption of
the appliance (16).

Lmin
swh t ≤ Lswh t ≤ Lmax

swh t , 14

〠
Nt

t=1
Lswh t =U swh, 15
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0 ≤ Lshedswh t ≤ Lswh t 16

3.2.3. Must-Run Services.Must-run services consist of loads
that should be provided quickly, and therefore, it is not
easy to predict them, for example, lighting and entertain-
ment. For the purposes of this paper, it is assumed that
there is no uncertainty in predicting the electrical loads
of must-run services (17). As in the storage water heater,
the maximum of the load shedding Lshedmrs t must always
be less than the energy consumed Lmrs(t) (18).

Also, the load shedding constraint is stated in (18).

Lmrs t = Lpredmrs t , 17

o ≤ Lshedmrs t ≤ Lmrs t 18

3.3. Battery System. The battery system can be used to apply
the charge and discharge strategies in the HEMS. A flowchart
(Figure 2) is designed to operate with the battery in the
domestic environment. The system aims at providing the
required electrical demand, maximizing its benefits. When
there is a surplus Pb,in(t) of the energy generated (i.e., the
PV panel generates more energy Ppv(t) than the total load
TL(t) demands), it is stored in the battery (Cb(t)). If the bat-
tery is fully charged Cb t > Cmax

b , then it is sold to the grid
Psold(t). On the contrary, the system makes use of the energy
stored in the battery Pb,out(t) when the electrical demand is
higher than the power generation of the PV panel. Addition-
ally, if the battery cannot provide the energy needed (i.e., is
unavailable or completely discharged, Cb t > Cmin

b ), the sys-
tem will buy the electricity Pbought(t) from the power grid.

4. Experimental Setting

To assess the performance of the proposed HEMS, some
parameters have been set to optimize the system. The maxi-
mum power produced by the PV system is 2 kW. The battery
can store between Cb

min 48 and Cb
max 2.4 kWh. The maximum

heating power of the space heater (SH) Lmax
sh t equals 2 kW

to maintain the temperature of the house within ±1 of the
desired temperature (θdes 23

°C). The thermal resistance, R,
of the building shell is equal to 18°C/kW, and the capacity
C equals 0.525 kWh/°C. The energy capacity of the storage
water heater (Uswh) is 10.46 kWh (180 L) which has 2 kW as
maximum of heating elements Lmax

swh . Table 1 displays the pre-
dicted data that has been used in [33]. Table 2 gives the price
data of the system. VOLL and spillage costs of PV power
generation are shown in Table 3.

These data are used in our HEMS to optimize the function
(2). The objective function is integrated into Opt-aiNet to get
an optimized schedule of 24 hours in a domestic environment.
Following the Opt-aiNet procedure, the initial population ran-
domly generated, where each individual is a set of electrical
values for 24 hours, must comply with the constraints modelled
in the electrical management problem. For this purpose, each
datum of the individual is considered as an electrical parameter
to optimize for 24 hours. Initially, the parameters which only
depend on some fixed boundaries (6), (7), (12), (14), and (17)
are generated. Then, these parameters are used as new

boundaries for those electrical parameters that depend on them
(the rest of the equations are given in the model of Section 3).
This methodology is recursively applied until all the parameters
needed for each individual are generated. Finally, to obtain the
parameters related to the battery load, the parameters previ-
ously calculated and the flowchart of Figure 2 are applied to
generate the new ones.

With the individuals generated, Opt-aiNet work follows
these steps:

(1) Initiate N population following the method above, to
respect the linear constraints and the flowchart if it is
the case.

(2) Evaluate each individual according to the optimiza-
tion function given in (2).

(3) Create Nc clones of each individual. The elements of
each clone should be slightly changed according to
the mutation equation (1).

(4) For each cell or antibody, select the best clone with
the highest objective value.

(5) If the mean objective of the last iteration and the
present one are below a limit, then similar individuals
are suppressed according to the similarity threshold ts
that measures distances between two antibodies.

(6) If some individuals are suppressed, then it is needed
to add a new random population. These new solu-
tions are generated following the method given above
to respect the constraints and the flowchart if that is
the case.

(7) This work flow is repeated until the convergence cri-
terion (maximum number of iterations gen). The
result is one or more individuals with an optimum
objective value.

As we can see, AIS contains five parameters, namely,
number of individuals N, number of clones Nc, similarity
threshold ts, maximum number of generations gen, and
the mutation parameter β. Depending on the problem,
they can take several values and are essential for a correct
operation. AIS needs some parameters to be set before-
hand in order to optimize a problem correctly. These
parameters are related to the cloning and mutation pro-
cess, the suppression algorithm, and the convergence
criterion. For each iteration, a number of clones Nc is gen-
erated per cell. This number Nc is set empirically and can
influence the final results. Generally, if Nc is set with a very
low value, the convergence criterion can be delayed, as we
are not able to find enough diversity to select better indi-
viduals for each cell. Otherwise, if too many clones are
generated, the time upon convergence might be longer
than expected.

We empirically set the AIS parameters according to
Table 4, which gave the optimal performance in terms of
fitness and time.

The next section will describe the simulations and results
with Opt-aiNet configured for the presented HEMS.
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5. Simulation Results

The evaluation is twofold. Firstly, it is expected that Opt-
aiNet obtains positive results in solving optimization
problems in the created setting and comparing them with
other classical bioinspired approaches. Consequently, a
comparative analysis was carried out between a classical
genetic algorithm (GA) and a particle swarm optimiza-
tion (PSO). Additionally, we analyzed the impact of the
flowchart (Figure 2) on our system, when the battery
was involved. Therefore, two strategies that represent
two electrical situations are designed. In the first strategy

(strategy 1), the domestic environment does not consider
any variable related to the maintenance of the domestic
electric charge through the electrical energy produced by
the PV system. This strategy only aims at optimizing its
energy benefits. In the second strategy (strategy 2), the
home environment aims at supplying the electricity
demand autonomously. Therefore, the surplus generated
by the PV is stored in the battery. In this strategy, the
electricity could be sold to the grid if the battery is
completely charged. On the contrary, if the battery can-
not supply all the electrical charge, then the HEMS must
buy electricity from the power grid.

Start

Init

Ppv (t) >
TL(t)

Ppv (t) =
TL (t)

Pb,in (t) = Ppv (t)−TL(t)

Pbought (t) = 0

Cb (t) = Cb (t−1) + Pb,in (t)−Pb,out (t)

Cb (t) = Cb (t−1) + Pb,in (t)−Pb,out (t)

Cb (t) = Cb
min

Cb (t) = Cb
max

Pb,in (t) = Cb
max−Cb (t−1) +Pb,out (t)

Psold (t) = Ppv
 (t)−TL(t)−Pb,out (t)

Pb,out (t) = TL(t) -Ppv (t)

Pb,out (t) = Cb (t−1)− Cb
min +Pb,in (t)

Pbought (t) = TL (t)− Ppv (t)−Pb,out (t)

Cb (t) >
Cb

max

Cb (t) >
Cb

min

Psold (t) = 0

Psold (t) = 0
Pb,in (t) = 0

Psold (t) = 0
Pbought (t) = 0

Pb,out (t) = 0
Pb,in (t) = 0

Pb,out (t) = 0

Yes

No

Yes Fin

Yes

Yes

No

No

End

End

No

Pbought (t) = 0

Figure 2: Flowchart modelling the battery parameters.
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Based on these two main goals, three different experi-
ments are considered:

(i) Experiment I: comparative study between GA, PSO,
and AIS

(ii) Experiment II: comparison between strategy 1 and
strategy 2

(iii) Experiment III: analysis of strategy 2 when the bat-
tery is disconnected or connected

Experiment I makes a comparison between GA, PSO, and
AIS. Experiment II optimizes the parameters related to the
PV system, the space heater, the water heater, and the
must-run services; therefore, the parameters related to the
battery charge are not considered (strategy I). The results
obtained from the optimization process are compared with
the results that are retrieved when the parameters of the bat-
tery are included in the system, although all are set to 0. That
means the battery is disconnected from the home environ-
ment but the AIS follows the flowchart to optimize the
system.

Finally, experiment III performed two different analyses:
when the battery was disconnected and when the battery was
connected, to study the impact of this device on the system.

5.1. Comparison between GA, PSO, and AIS. In this section,
we aim to compare the results obtained with three different
bioinspired algorithms: genetic algorithm, particle swarm
optimization, and artificial immune system. The genetic
algorithm (GA) is widely used in optimization problems with
many configurations. In this paper, a classical approach of
GA is applied so that the mutation and crossover as well as
the number of generations are empirically set to 0.3, 0.8,
and 2000, respectively. Additionally, the selection function
chosen was the roulette algorithm.

The particle swarm optimization (PSO) was first intro-
duced by Eberhart and Kennedy [35] and consists of a
population-based optimization algorithm which is deemed
to be a nature-inspired optimization methodology. PSO
employs a set of particles which would move through
the search space at every iteration and would calculate
the fitness value at each point. After a termination condi-
tion is met, the best optimized value is selected by choos-
ing the best value found in the history of particles. The
success of PSO lies in its “velocity equation”; this equation
decides on the next point in space that each particle would
move to. The velocity equation can be shown as

Vid,k+1 =wVid,k + c1 × rand1 × Xpbestid,k − Xid,k

+ c2 × rand2 × Xgbestd,k − Xid,k
19

Here, Vid,k+1 is the velocity of the dth dimension of the
ith particle in the next iteration (k +1st), w is the inertia
of the particle, Vid,k is the velocity of the dth dimension
of the ith particle in the current iteration (kth iteration),
c1 is the cognitive acceleration constant, c2 is the social
acceleration constant, Xpbestid,k is the position of the parti-
cle in the dth dimension at which the best solution was

Table 4: Optima values set forN,Nc, gen, ts, and β in both strategies.

N Nc gen ts β

Strategy I 250 12 250 10 100

Strategy II 250 18 300 3 10

Table 1: Predicted data of uncertain variables.

t P
pvpred(t) σpv

up σpvdown θoutpred(t) Lpredmrs(t)

1 0 0.03 0.01 5.5 0.3

2 0 0.03 0.01 5.5 0.3

3 0 0.03 0.01 5.2 0.3

4 0 0.03 0.01 5.2 0.3

5 0 0.03 0.01 4.8 0.4

6 0 0.03 0.01 5.5 0.6

7 0.25 0.03 0.01 6.5 0.8

8 0.75 0.03 0.01 7.5 0.8

9 1.25 0.03 0.01 9.8 0.7

10 1.75 0.03 0.01 10.1 0.55

11 1.9 0.03 0.01 11.5 0.5

12 1.9 0.03 0.01 12 0.5

13 1.9 0.03 0.01 12.5 0.5

14 1.75 0.03 0.01 12 0.5

15 1.25 0.03 0.01 11.5 0.6

16 0.75 0.03 0.01 10 0.8

17 0.25 0.03 0.01 9 1.5

18 0 0.03 0.01 8.5 1.8

19 0 0.03 0.01 8 1.7

20 0 0.03 0.01 7.5 1.1

21 0 0.03 0.01 7 0.9

22 0 0.03 0.01 6.5 0.7

23 0 0.03 0.01 6.2 0.6

24 0 0.03 0.01 6 0.4

Table 2: Price data of the system.

Price ($/MW)

Time (hour) λi λnet

23–7 2.2 0.0814

8–14 2.2 0.1408

15–20 2.2 0.3564

21-22 2.2 0.1408

Table 3: VOLL and spillage costs.

VOLL ($/MW) Spillage cost ($/MW)

Time (hour) SH SWH MRS PV

22–7 1 1 2.2 4

8–21 1 1 2.2 4
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found so far by the ith particle, Xgbestd,k is the value of the
dth dimension at which the best solution so far was found
by the whole system, Xid,k is the current position of the ith
particle in the dth dimension, and c1 and c2 are random
numbers. Using the velocity calculated, the next position
to be evaluated is calculated as

Xid,k+1 = Xid,k +Vid,k 20

The above velocity equation works well when the system
is under no constraints. However, when there are constraints,
some of the particles might fall off the feasible region. In this
case, the particles should not update their personal best when
a particle is outside the feasible region. Neither should the
global best be updated in case of a particle being outside the
feasible boundary, having a better value than the current
global best. In case a particle has not found a personal best
that falls in the feasible region, the particle should rely only
on global best to guide its movement. In this case, the calcu-
lation of velocity would change to

Vid,k+1 =wVid,k + c1 + c2 × rand × Xgbestd,k − Xid,k 21

However, equality constraint satisfaction is more difficult
than the inequality constraint satisfaction. To solve this prob-
lem, a mending procedure is carried out at every iteration to
make sure all particles satisfy the equality constraint. The
mending procedure calculates the overshoot of each of the
particle and adds a correction value to correct the error.
The correction is equally added to each of the intervals of
the particle.

In order to demonstrate the efficiency of the artificial
immune system in the energy management optimization
problem, we performed a comparative test with a version of
constrained PSO adopted from [36] and an approach of the
genetic algorithm. The goal was to predict the optimum
values for each variable during 24 hours, following strategy
1 and strategy 2. The linear constraints proposed in the elec-
trical model are applied, and subsequently, the objective
function for the optimized variables is measured.

Table 5 shows the results obtained when the objective
function and the energy are bought and consumed when
AIS, GA, and PSO are applied with an optimal setting.

As Table 5 shows, AIS obtains slightly better results in the
objective function for both strategies when both settings are
optimal to solve this problem. That means AIS is a better
configuration of the electrical parameters to optimize the
problem stated. Likewise, AIS is able to find lower values
for the amount of energy bought, which means the algorithm
allows saving energy and money to the customer. The results
of the AIS for the energy sold are lesser than in PSO and in
GA. That could be explained because in PSO and in GA,
the mean amounts of energy that are managed are greater
than in AIS. However, PSO also obtained positive results
(at least, better than with the classical approach of GA);
therefore, we propose to make a deeper comparison with
more complex problems to validate both algorithms and
study the limitations of each one.

5.2. Analysis of the Energy Management Strategy. In this sec-
tion, the two strategies described below are deeply analyzed
and compared. The first strategy looks for maximizing the
domestic energy profit. However, the second strategy aims
at maximizing energy profit and acting as an autonomous
energy system. It is expected that strategy II obtains better
results, as this strategy pursues the autonomous management
of energy, saving more money than in strategy I.

Opt-aiNet worked with individuals or vector of 264
elements with equality and inequality constraints, as each
individual contains all the variables for 24 hours. Each
value corresponds to the different electric loads and pow-
ers described in Section 3 for the PV panel, the storage
water heater, the space heater, and the must-run services.
We run the algorithm with two different configurations,
one with strategy 1, excluding all the constraints related
to battery management, and one with strategy 2, including
all the constraints related to battery management, but with
the battery variables set to 0. Table 6 shows the results
according to the fitness value of the objective function
OF and the parameters of sold and bought energy.

As we can see, the value of the objective function in strat-
egy 1 is higher than that of strategy 2. However, the trans-
acted energy between home and power grid is lesser in
strategy 1, which means that Strategy 2 allows for the auton-
omous management of energy at home.

5.3. Impact of the Battery. In this analysis, strategy 2 is
applied to study the influence of the battery in the domestic
environment. In this case particularly, individuals in the
AIS have 336 elements because the parameters correspond-
ing to the battery charge and load are set as elements of opti-
mization. Each individual is constructed following the linear
constraints and the flowchart before being inserted into the
population. Two different executions are made, firstly, with
all the variables related to the battery management set to
0. In the second execution, the variables of the battery
could change according to the corresponding equations
and flowchart (Figure 2). The results obtained are shown
in Table 7.

From the data in Table 7, we can see that the battery sys-
tem can improve the value of the objective function. Table 7
also considers a situation in which the battery increases the
amount of electrical energy sold from the smart home to
the grid, and it decreases the amount of electrical energy that
a home buys from the network.

Table 5: Results of the objective function and the energy bought and
consumed when AIS and PSO are applied with an optimal setting.

Objective value Energy bought Energy sold

Strategy 1
PSO 23.52 46.61 14.12

GA 22.48 46.94 14.09

AIS 23.86 45.66 14.22

Strategy 2
PSO 4.86 37.60 5.40

GA 4.92 32.66 5.22

AIS 5.11 26.53 4.64
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6. Conclusions

Artificial immune systems are a bioinspired algorithm that is
capable of optimizing problems in a variety of research fields.
This paper focused specifically on the application of AIS to
electrical problems, such as demand response and scheduling
optimization.

A specific AIS called Opt-aiNet is selected, which is an
improved version of an AIS used in different contexts [8],
and it is applied to solve a power system optimization prob-
lem efficiently.

We modelled a domestic environment with different
appliances connected to the network, namely, a PV panel, a
space heater, a storage water heater, a battery, and must-
run services. Subsequently, the Opt-aiNet algorithm is
adapted to include complex constraints in the optimization
problem and to work with a large number of variables
derived from this domestic environment.

Two strategies have been developed to test Opt-aiNet.
The first one aimed at maximizing the energy profit of a
home. The main purpose of the second strategy is to maxi-
mize its energy profit and act as an autonomous energy sys-
tem simultaneously and independently of whether the
battery variables are considered or not.

In order to demonstrate the validity of this proposal,
three different experiments were carried out. The first one
consisted of a formal comparison between the application
of a GA and a PSO in the same context. The results were very
positive as Opt-aiNet obtained a better solution than did GA
with a classical configuration. This encourages the use of
Opt-aiNet as a solution that gives very good results.

The second experiment aimed at comparing two different
electrical strategies. The final results showed that strategy II,
which aims at maximizing the autonomy of the system,
increases the efficiency of the model in terms of energy saving
and therefore household economy.

Finally, another experiment is performed to analyze
the impact of the battery considering two different situa-
tions: when the battery is available (can be filled and used
in our system) or unavailable (the battery is full and

cannot be used). This last comparison showed the impor-
tance of using a battery for improving the general profit of
our residential electrical system. In fact, the final results
led us to conclude that the battery helps to maximize
the profit of the whole system.

Future work will consist of improving the results of the
optimization problem with the GA and presenting a more
complex case considering the uncertainty of predicted vari-
ables to encourage the use of evolutionary computing.
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This paper analyses customers’ demand flexibility in a local power trading scenario through an Ising spin-based model. We look at
quantitative information on the two-way relationships between power exchanges and spin dynamics. To this end, amodified version
of the Metropolis-Hastings algorithm was implemented, including a gradient descent through the constraint surface. This allowed
us to analyse the system on a large scale (considering the cumulated benefit of all the actors involved) and also from the perspective
of total aggregation. In a maximum flexibility scenario, the total aggregation profit increases with the number of aggregators. We
also investigate numerically the effect of aggregator boundaries on the spin dynamics.

1. Introduction

How can customers’ collective behaviour affect the effi-
ciency of distributed power systems? Furthermore, could the
outcomes of this collective behaviour be exploited in the
forthcoming self-organised power systems? In this work, we
explore these matters analytically and numerically. An Ising
spin-based model allowed us to provide quantitative criteria
to couple system’s performance and customers’ standpoint on
being flexible or not in their demand.

Distributed power systems (DPSs) are complex ecosys-
tems encompassing machines, networks, procedures, oper-
ators, and customers organised in hierarchical layers [1].
After restructuring the power systems, new players have
appeared, such as Distribution System Operators (DSOs)
which provide electrical demand to local customers [2].
Also, customers are increasingly changing their roles from
passive (only consumer) to active (generators). Moreover,
recent Demand Response (DR) programs require customers
to make a timely adjustment of their demand [3]. In this
interwined subsystems, customers are also exposed to social

interactions that can influence their decision as in any
other community. In particular, users’ flexibility in power
consumption has a major influence on the performance of
the whole system [4, 5]. In turn, DPSs powerful restrictions to
maintain quality of service and security cause new constraint
forces applied to customer behaviour.

On the other hand, collective behaviour has features
which are hard to explain by classical statistical methods [6].
For example, the so-called herding behaviour or the economic
bubbles are phenomena lying outside analyses that neglect
large correlations and self-organisation occurring near the
critical point [7]. In regard to DPSs, a sharp transition in
customer’s behaviour (i.e., emergence) can trigger dramatic
consequences. To the best of our knowledge however, a quan-
titative analysis of the complexity of customers behaviour in
DPSs has not yet been provided. Ising-based models are a
promising approach as we demonstrate here.

The Lenz-Ising spin model is known since 1925 [8]. In
short, the model consists of an arrangement of interacting
agents which have two possible states (i.e., up and down).
Agents interact with their neighbours locally and are also
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exposed to external action and to thermal noise. In the
physics metaphor of a ferromagneticmaterial, the atoms tend
to align their quantum spins tominimise energy.However, for
high temperatures, the agents flip their spins randomly.There
is a critical temperature 𝑇𝑐 (known as Curie temperature)
for which the system suffers a sharp change—second-order
phase transition—from order to disorder. Near 𝑇𝑐 the system
has anomalous behaviour and the correlations among spin
states propagate fast to the entire system. As we will show in
Section 2, this model is fairly simple but powerful enough to
capture most of the features of complex systems (e.g., phase
transitions and universality) [9]. This has motivated many
researchers to apply the Isingmodel to different fields ranging
from ecology [10] to language evolution [11] (see [12] for a
discussion of the physical motivation of the model and its
limitations).

Given that social systems are both finite and heteroge-
neous, the Isingmodel has been exported in different flavours
to capture the phenomena under investigation. Perhaps the
most known of these Ising-like models is Tom Schelling’s
model of segregation [13] which has been shown to provide
insight into the mechanisms under segregation in U.S. cities.
Thismodel has been shown to roughly correspond to an Ising
model at 𝑇 = 0 [14]. In this regard, the temperature has been
understood as a proxy of tolerance in binary thermodynamic
societies; solubility corresponds to integration (i.e., mixing)
and the miscibility gap to segregation [15]. Ising inspired
systems have also been applied to financial markets to explain
expectation bubbles and economic crashes [16]. For instance,
the authors in [17] create a synthetic market where agents
can take three actions: buy, sell, or stay inactive. Also,
researchers in the power systems and electricity markets
domain have made an effort to include part of this complex
behaviour in the problem. For instance, in [18] bilateral
electricity markets are analysed as complex networks. In [19],
the authors use a game theoretic approach to understand
the cooperation between small-scale electricity production
and consumers. Multiagent systems (MAS) have also been
applied to electricitymarkets to allow decentralized decision-
making [20]. See, for instance, [21], where authors modelled
the behaviour of local consumers and producers as active
agents in the electricity market based on the distributed
control approach. More recently, the entity of aggregators
has entered into the modelling scene. These are agents
mediating between customers and distribution companies to
offer demand bulks at competitive price. In this context, the
authors in [22] define a bilevel problem where the upper-
level maximises the profit of the DSO, while the lower-level
maximises the profit of each aggregator. Finally, in [23] the
authors use a Hopfield neural network to optimise control in
power systems and make the whole system self-controlled.
Here, there is a super-system composed of several power
subsystems which are in turn aggregations of customers.
Each customer is simulated as a node in the neural network
with two possible states: generation and consumption. Since
the Hopfield network is formally equivalent to a spin-glass
model, the problem has some formal resemblance with our
work. However, our approach is very different. In [23], the
aim is to adjust demand and supply to balance the system and

let it work autonomously; agent interactions are determined
to maintain proper frequency and voltage values only and
there is no market. In our work, spins are agents in a decision
environment with power exchanges among aggregators, the
DSO, and the real-time electricitymarket (RTEM).Moreover,
in this paper, we assume that DSOs act as agents able to
participate in the real-time electricity markets to trade real-
time power in a two-way fashion. Notice that here we follow
the same approach as in [22], where DSO behaves as a
proactive market agent able to transact power with the real-
time electricitymarket.This way, besides the RTEM, theDSO
is able to trade power with local agents (e.g., aggregators and
nodal consumers). Therefore, consumers can play as virtual
generation agents according to their behaviour in terms of
flexibility.

For the first time, we couple the local power trad-
ing problem with an Ising-based model and analyse the
interrelationships between them. The Ising model provides
quantitative criteria regarding how the diffusion of flexi-
ble/nonflexible behaviour impacts the required constraints in
the optimisation problem.

This paper is structured as follows. First we describe
the local power exchange problem in Section 2 and how
the Ising model can be linked to it in Section 3. Then in
Section 4we analyse the problem at the large scale—the social
welfare—where we find how the power exchange problem
constrains the Ising model in different ways. In Section 5 we
decrease the scale and we focus on the problem from the
demand aggregator’s perspective. Finally we conclude and
make our final remarks in Section 6.

2. Hierarchical Model and Agent Interactions
in the Distributed Power Grid

In our setting, we consider a real-time interplay structure
among five kinds of actors: consumers, bus-loads, aggrega-
tors, DSOs, and RTEM. In Figure 1, we describe schematically
the power exchange problem and how it couples with the
spin model. The power system at distribution level involves
a hierarchical structure as shown in (a). Here, only DSO
is able to exchange power 𝑃RT𝑡 with the RTEM at price
𝜆RT𝑡 . At time 𝑡 each bus 𝑗 interchanges power with both
DSO (𝑃DSO2L𝑗𝑡 ) and aggregator 𝑘 (𝑃L2A𝑗𝑡 ) at prices 𝜆DSO2L and
𝜆L2A𝑘𝑡 , respectively. Then, a generic aggregator 𝑘 exchanges
an amount of 𝑃A2DSO𝑘𝑡 power with DSO at price 𝜆A2DSO𝑘𝑡 .
In this way, the power transaction between bus-loads and
aggregators is two-way according to the flexibility behaviour
from the demand side. Moreover, there are two-way power
exchanges between aggregator and DSO. However, the power
transaction between DSO and bus-loads is one-way: only
from DSO to bus-loads. In other words, bus-loads can only
buy real-time power from the DSO, while they are able
to buy/sell power from/to aggregators. Also, only DSO can
participate in the RTEM.

Each bus-load connects a set of customers whose state
in terms of demand corresponds to a binary state of a spin
(here represented as an arrow up/down mimicking the spin
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(d) Lattice arrangement of customers

Figure 1: Power exchange and the spin model. Each bus in (a), (c) groups customers interacting through the Ising Hamiltonian with binary
states represented by up/down arrows (b). Aggregators share the demand in the bus-loads (c) and customers are arranged into a 2D lattice
(d) in a way that preserves the bus distance partially.

metaphor). From the demand side, different types of power
balancing or other constraints can force cooperation among
customers either at interbus level (blue arrows) or at intrabus
level (pink arrow) in Figure 1(b). In this work, we use a 33-
bus reference system (Figure 1(c)) from [1]. This is composed
of 32 loads and an entry bus—indicated as “s/s”—playing
the role of a slack bus connected to the main grid; power
exchanges between the DSO and RTEM are done through
this slack bus. The whole demand in the distributed power
system is partitioned by aggregators. In our schematic we
show the case of three operators as in [22]. In this work, we
will use the data in [1] (shown in Table 1) as a reference for
the maximum scheduled loads at each bus. From this data
and assuming that a homemight consume around 13 kW[24],
we estimate the approximate number of customers per bus
(assuming one customer per home) which makes a total of𝑁 ≈ 289 customers. Finally in Figure 1(d), we show a 2D grid
arrangement where each of the 17 × 17 = 289 cells represents

a customer. Furthermore, we assume that in the bus-loads
there exists some notion of topological closeness (e.g., spatial
or electrical proximity) which is partially mapped onto the
square lattice.

More rigorously, given a set 𝐶 of 𝑁 consumers 𝐶 ={1, . . . , 𝑁}, a set 𝐵 of 𝑛𝐽 electrical buses 𝐵 = {1, . . . , 𝑛𝐽}, and a
set 𝐴 of 𝑛𝐴 potential aggregators 𝐴 = {1, . . . , 𝑛𝐴}, we arrange
two partitions: in-bus-communities 𝐶 = z𝑗∈𝐵𝐵𝑗 and bus-
aggregations 𝐵 = z𝑘∈𝐴𝐴𝑘. This way 𝐵𝑗 represents the subset
of consumers with loads electrically connected to bus 𝑗 and𝐴𝑘 stands for the subset of buses whose load is aggregated
by aggregator 𝑘. These quantities enable us to define the
following maps: (1) customer-bus map: Δ 𝑐𝑏 : 𝐶 × 𝐵 →{0, 1}; (𝑖, 𝑗) → 𝜒(𝐵𝑗)(𝑖) and (2) bus-aggregator map: Δ 𝑏𝑎 :𝐵×𝐴 → {0, 1}; (𝑗, 𝑘) → 𝜒(𝐴𝑘)(𝑗), where 𝜒𝐴(𝑥) represents the
indicator function. To lighten notation, we will useΔ 𝑖𝑗 orΔ 𝑗𝑘
to represent Δ 𝑐𝑏(𝑖, 𝑗) or Δ 𝑏𝑎(𝑗, 𝑘), respectively, depending on
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Table 1: Bus maximum scheduled load from [1] and number of
homes assuming that each home demands approximately 13 kW as
in [24].

Bus 𝐿max
𝑗 [kW] Homes

1 100 8
2 90 7
3 120 9
4 60 5
5 60 5
6 200 15
7 200 15
8 60 5
9 60 5
10 45 3
11 60 5
12 60 5
13 120 9
14 60 5
15 60 5
16 60 5
17 90 7
18 90 7
19 90 7
20 90 7
21 90 7
22 90 7
23 420 32
24 420 32
25 60 5
26 60 5
27 60 5
28 120 9
29 200 15
30 150 12
31 210 16
32 60 5

the context. Notice that because 𝐵𝑗 and 𝐴𝑘 partition the sets𝐶 and 𝐵, respectively, it holds that
∑
𝑗∈𝐵

Δ 𝑖𝑗 = 1,

∑
𝑘∈𝐴

Δ 𝑗𝑘 = 1,
∀𝑖, 𝑗 ∈ 𝐶, 𝐵.

(1)

This means that each customer is linked at least to one bus
which is in turn connected to at least one aggregator. Below,
we describe each agent in the system, specifying both its
constraints and its objective function.

2.1. Bus-Loads and Consumers. Each consumer 𝑖 ∈ 𝐶 has
an associated load 𝑙𝑖𝑡 at time 𝑡. Since each bus 𝑗 ∈ 𝐵

connects |𝐵𝑗| customers, the load at each bus 𝑗 at time 𝑡
is 𝐿𝑗𝑡 = ∑𝑖∈𝐵𝑗 𝑙𝑖𝑡. Additionally, each consumer load can be
split into a scheduled amount 𝑙𝑐𝑖𝑡 and a flexible portion 𝑙𝑓𝑖𝑡 ,
which represents how customers can act as either upward
or downward flexible loads: 𝑙𝑖𝑡 = 𝑙𝑐𝑖𝑡 − 𝑙𝑓𝑖𝑡 , ∀𝑖 ∈ 𝐶, 𝑡.
The sign convention here is that a positive flexibility 𝑙𝑓𝑖𝑡 >0 tends to reduce the scheduled load, whereas a negative
flexibility 𝑙𝑓𝑖𝑡 < 0would increase customer’s expected demand.
In other words, if 𝑙𝑓𝑖𝑡 > 0 the corresponding customer
decreases his day-ahead scheduled electrical demand in the
real time. However, if 𝑙𝑓𝑖𝑡 < 0 his real-time electrical demand
is more than his day-ahead scheduled demand. From these
expressions, we find that

𝐿𝑗𝑡 = 𝐿𝑐𝑗𝑡 − 𝐿𝑓𝑗𝑡, ∀𝑗 ∈ 𝐵, 𝑡, (2)

where we have introduced consistently 𝐿𝑐𝑗𝑡 = ∑𝑖∈𝐵𝑗 𝑙𝑐𝑖𝑡 and𝐿𝑓𝑗𝑡 = ∑𝑖∈𝐵𝑗 𝑙𝑓𝑖𝑡 . For the scheduled load at each bus 𝑗, we use
the expression:

𝐿𝑐𝑗𝑡 = 𝑃𝑠𝑡 𝐿max
𝑗

∑𝑗∈𝐵 𝐿max
𝑗

, ∀𝑗 ∈ 𝐵, 𝑡, (3)

where 𝑃𝑠𝑡 represents the power at the source bus and 𝐿max
𝑗 is

the normalised expected load at bus 𝑗 (see Table 1). The per-
bus flexible component splits itself into the power exchanged
with both DSO (𝑃DSO2L𝑗𝑡 ) and aggregator (𝑃L2A𝑗𝑡 ):

𝐿𝑓𝑗𝑡 = 𝑃L2A𝑗𝑡 − 𝑃DSO2L𝑗𝑡 , ∀𝑗 ∈ 𝐵, 𝑡. (4)

According to the schematic shown in Figure 1(a) loads can
only buy from the DSO and hence we have

𝑃DSO2L𝑗𝑡 ≥ 0, ∀𝑗 ∈ 𝐵, 𝑡. (5)

On the other hand, the bus-aggregator power exchanges are
bidirectional. If 𝑃L2A𝑗𝑡 < 0 demand at bus 𝑗 is buying from
aggregator, the flexibility decreases.However, if𝑃L2A𝑗𝑡 > 0 then
the flexibility of the bus is increased. This can be interpreted
as virtual generation injected into the aggregator decreasing
the scheduled load at time 𝑡.

Eventually, the amount of flexibility would be constrained
in different ways to ensure self-sustainability and dynamic
flexibility of all loads. In this work, we allow two types of
flexibility constraint:

∑
𝑗∈𝐵

𝐿𝑓𝑗𝑡 = 0, ∀𝑡, (6)

∑
𝑡

𝐿𝑓𝑗𝑡 = 0, ∀𝑗 ∈ 𝐵. (7)

On one hand, (7) is the definition of the shiftable-loads
(i.e., loads that can be shifted over time). On the other hand,
(6) increases the self-sustainability of the distributed power
system and converges the problem to the optimum social
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welfare. As we will see both constraints lead to different
scenarios.

The optimisation at each bus 𝑗 can be expressed as the
trade-off between load bought from DSO at price 𝜆DSO2L
and virtual generation sold to its aggregator 𝑘 at price 𝜆L2A𝑘𝑡
integrated over time:

OF𝑗∈𝐴𝑘 = 𝜆DSO2L∑
𝑡

𝑃DSO2L𝑗𝑡 −∑
𝑡

𝜆L2A𝑘𝑡 𝑃L2A𝑗𝑡 . (8)

This function must be minimised from the perspective of the
loads’ profit. However, both aggregators and DSO have their
own priorities as we show below.

2.2. Aggregators. Thefirst thing to notice is that each aggrega-
tor is able to sell to theDSOall the virtual generation collected
among the set of buses he operates on:

𝑃A2DSO𝑘𝑡 = ∑
𝑗∈𝐴𝑘

𝑃L2A𝑗𝑡 , ∀𝑘 ∈ 𝐴, 𝑡. (9)

Also there is a price model for these exchanges which is
constrained in the following way:

𝛿𝑘𝑡𝜆L2A𝑘𝑡 ≤ 𝜆A2DSO𝑘𝑡 ≤ 𝜆RT𝑡 , (10)

where 𝛿𝑘𝑡 ≥ 1 represents a lower bound threshold for
the aggregator-to-DSOprice compared to load-to-aggregator
price.This ensures aggregators’ profit, whichmakes it reason-
able for them to be part of the market. Also, the aggregator-
to-DSO price is limited by the DSO-to-market price; this
upper bound acts as a price control, limiting the bidding price
of aggregators below the real-time price. Here we will use
reference values from [22] for 𝛿𝑘𝑡 = 1.1, 𝜆L2A𝑘𝑡 and 𝜆RT𝑡 related
to the NordPool market. We summarise the respective values
in Tables 2 and 3.

The optimisation function for each aggregator 𝑘 can be
expressed as the accumulated balance over time between
power 𝑃A2DSO𝑘𝑡 sold to DSO at price 𝜆A2DSO𝑘𝑡 and power 𝑃L2A𝑗𝑡
bought from demand 𝑗, at price 𝜆L2𝐴𝑘𝑡 :

OF𝑘 = ∑
𝑡

∑
𝑗∈𝐴𝑘

𝜆L2A𝑘𝑡 𝑃L2A𝑗𝑡 −∑
𝑡

𝜆A2DSO𝑘𝑡 𝑃A2DSO𝑘𝑡 (11)

which as in the case of demand must be minimised to reach
a profitable situation from the aggregators’ perspective.

2.3. Distribution System Operator. In our model, DSO is
an agent able to exchange power directly with all other
agents in the system. As stressed, the DSO is the only player
who can exchange power with the RTEM. In the power-
flow balance, the power sold by the DSO to the whole
demand—bus-loads—arrives from the power transactedwith
both aggregators andmarket.We express this in the following
equation:

𝑃RT𝑡 + ∑
𝑘∈𝐴

𝑃A2DSO𝑘𝑡 = ∑
𝑗∈𝐵

𝑃DSO2L𝑗𝑡 . (12)

Table 2: Day-ahead market power transactions 𝑃𝑠𝑡 and real-time
market price 𝜆RT𝑡 obtained from [22].

Time (h) 𝑃𝑠𝑡 [kW] 𝜆RT𝑡 [€/kW]
1 1114,50 0,13
2 1114,50 0,12
3 1300,25 0,15
4 1114,50 0,11
5 2972,00 0,30
6 2972,00 0,32
7 3343,50 0,35
8 3715,00 0,40
9 3715,00 0,42
10 6315,50 0,66
11 6687,00 0,71
12 6687,00 0,74
13 6315,50 0,69
14 3715,00 0,50
15 3715,00 0,41
16 3715,00 0,40
17 3715,00 0,42
18 5572,50 0,60
19 5944,00 0,65
20 6315,50 0,67
21 6501,25 0,70
22 2972,00 0,35
23 1857,50 0,28
24 1486,00 0,15

Therefore, the DSOs optimisation function can be expressed
as the accumulated trade-off among these quantities, times
the respective prices over time:

OFDSO = ∑
𝑡

∑
𝑘∈𝐴

𝜆A2DSO𝑘𝑡 𝑃A2DSO𝑘𝑡 +∑
𝑡

𝜆RT𝑡 𝑃RT𝑡
− 𝜆DSO2L∑

𝑡

∑
𝑗∈𝐵

𝑃DSO2L𝑗𝑡 . (13)

This function will be minimised from the DSO’s perspective
to maximise its profit.

So far we have described the main actors in the power
exchange scenario with power balance and price constraints
along with the respective optimisation functions for each
agent. Now we describe the Ising model and our interpreta-
tion of its constituents in this context.

3. An Ising Spin Model for
Customers’ Flexibility

The Ising Hamiltonian (14) describes the interaction among
entities (i.e., agents or spins) given their state 𝑠𝑖 ∈ {−1, 1} and
between each spin and a global magnetic field 𝑏.The coupling
constant 𝐽measures the strength of spin-to-spin interactions.

𝐻 = −𝐽∑
⟨𝑖,𝑗⟩

𝑠𝑖𝑠𝑗 − 𝑏∑
𝑖

𝑠𝑖. (14)
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Table 3: Aggregator prices table obtained from [22].

Time (h) 𝜆L2A𝑘=1,𝑡 [€/kW] 𝜆L2A𝑘=2,𝑡 [€/kW] 𝜆L2A𝑘=3,𝑡 [€/kW]
1 0,05 0,08 0,06
2 0,05 0,08 0,07
3 0,05 0,09 0,07
4 0,04 0,07 0,05
5 0,11 0,18 0,15
6 0,12 0,20 0,16
7 0,13 0,22 0,17
8 0,15 0,24 0,19
9 0,16 0,25 0,20
10 0,24 0,41 0,33
11 0,26 0,42 0,36
12 0,28 0,43 0,37
13 0,25 0,40 0,32
14 0,18 0,26 0,21
15 0,15 0,24 0,20
16 0,14 0,22 0,18
17 0,15 0,25 0,19
18 0,20 0,36 0,30
19 0,21 0,36 0,29
20 0,22 0,41 0,30
21 0,24 0,42 0,33
22 0,12 0,22 0,16
23 0,11 0,19 0,15
24 0,06 0,09 0,07

The notation ⟨𝑖, 𝑗⟩ refers to pairs of spins belonging to the
same radius of action or neighbourhood. When 𝐽 > 1
(ferromagnetism) spins tend to align in the same direction
and if 𝐽 < 1 (antiferromagnetism) the spins tend to align
in opposite directions. For 𝐽 = 0, there is no spin-to-spin
interaction. The external action of a positive field 𝑏 > 0
will also foster positive spin alignments (and the other way
around for 𝑏 < 0). For a given temperature 𝑇 the probability
for finding a spin configuration Γ = {𝑠𝑖} is proportional to
the Boltzmann factor: exp(−𝐻/𝑘𝐵𝑇), where 𝑘𝐵 stands for the
Boltzmann constant. It is usual to take units such that 𝐽 = 1
and 𝑘𝐵 = 1. An important magnitude is the magnetisation
𝑀 = (1/𝑁)∑𝑁𝑖=1 𝑠𝑖 which measures the macroscopic effect of
the spin states. In the so-called Mean Field approximation its
value is 𝑇𝑐 = 2𝐽/(𝑘𝑏 log(1 + √(2))).

One way to implement the Ising model numerically
is through the Metropolis-Hastings algorithm [25], which
belongs to the family of the Markov Chain Monte Carlo
(MCMC) methods. Applied to our case it can be understood
as a random walk over the configuration space Ω = {Γ}
that converges to the Boltzmann distribution. In Algorithm 1
we show the pseudocode of a slight variant of the classical
algorithm where we have included the possibility for imple-
menting a constraint 𝑓 at each step. Here 𝑓 can represent
the constraints in (6) and (7). The idea is that the spin
shift is performed also when the constraint is minimised in
absolute value. The number of iterations is chosen so that the

final configuration reaches equilibrium. In operative terms
this means that the correlations among the spin states are
negligible at this point.

The size of the lattice is another important factor when
using the model. On one hand, a small lattice with free
boundary conditions—the one used here—shows border
effects which are not present in large systems or in systems
with other boundary conditions (e.g., periodic). In particular,
this can affect the number of iterations to decorrelate the
system and the potential transitions of state. There is an
interesting debate on whether finite systems can undergo
phase transitions or not [26]. Clearly, a finite system cannot
reproduce a singularity in a purely mathematical sense using
a finite number of sums. As it is shown in [26] phase
transitions in finite systems tend to be rounded and smoothed
near the critical points. In Figure 2 we show the autocor-
relation function for the spin states between the initial and
evolved configuration for increasing number of iterations.
We start with a random initial configuration for the 17 × 17
spin system shown in Figure 1(d). For > 5𝑘 iterations it is
possible to achieve a reasonable value of decorrelation. In the
inset, we show the phase transition in𝑀 beyond 𝑇𝑐. Notice
how the numerical implementation is still able to reproduce
qualitatively the transition 𝑀 = ±1 → 0 although in a
smoothed and rounded way.

When using this model one has to fix the interpretation
for the following elements: (1) spin states, (2) spin-to-spin
interactions, (3) external field, (4) magnetisation, and (5)
temperature. In our setting, we can parametrize the eagerness
of consumer 𝑖 to follow the flexibility program at time 𝑡 with
two state variables: (1) flexible 𝛾𝑖𝑡 = 1 and (2) not flexible:𝛾𝑖𝑡 = −1. A possible and simple model for 𝑙𝑓𝑖𝑡 is then

𝑙𝑓𝑖𝑡 = 𝑙𝑐𝑖𝑡𝛾𝑖𝑡. (15)

The spin-to-spin interaction can be a proxy for commu-
nication among customers and the external field 𝑏 can
simulate a top-down directive forcing customers to follow
some policies or Demand Response (DR) programs that are
adopted by players in the top layers of the system (e.g.,
DSO and aggregators). On the other hand, in the context
of financial markets [27] interprets 𝑀 as a measure for
the deviation from the fundamental value; if 𝑀 is large
agents are afraid of trading unless they have strong support
from their private opinions or from their neighbours. In
our case 𝑀 = 1 and 𝑀 = −1 represent that the system
has either maximum or minimum flexibility. A value of 𝑀
close to 0 is interpreted as a perfect balance where half of
the customers are flexible and the other half is not. Finally,
the temperature can represent customers’ uncertainty about
the effectiveness of the flexibility program that can impact
on the reliability and security of the system. We can also
associate 𝑇 with noise in customers’ information channels;
too much noise destroys the spontaneous magnetisation
(max/min flexibility previously achieved) [15]. Also, when the
“social temperature” [28] is high it destroys large domains
(subpopulations) and hence it favours the mixing of options.

Let us also assume that all consumers connected to a bus
have the same amount of scheduled load: 𝑙𝑐𝑖𝑡 = 𝑙𝑐𝑗𝑡 > 0, ∀𝑖 ∈
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INPUT: Δ 𝑐𝑏, Γ, 𝑓, 𝑇, 𝑛𝑢𝑚.𝐼𝑡𝑒𝑟𝑠
OUTPUT: Γ𝑡(1) 𝑖𝑡𝑒𝑟 ← 0(2) while 𝑖𝑡𝑒𝑟 ≤ 𝑛𝑢𝑚.𝐼𝑡𝑒𝑟𝑠 do(3) 𝑛 ← pick a random spin from Γ(4) Δ𝐸 ← 2𝛾𝑛𝑡∑⟨𝑖,𝑛⟩ 𝛾𝑖𝑡 {energy change if spin flipped}(5) 𝑃(Δ𝐸) ← exp(−Δ𝐸/𝑇) {Boltzmann’s probability for Δ𝐸}(6) 𝛾𝑖𝑡 ← 𝛾𝑖𝑡(1 − 2𝛿𝑖𝑛) {new configuration if spin flipped}(7) 𝑀𝑗𝑡 ← (1/𝑛𝑗) ∑𝐵j 𝛾𝑖𝑡 {bus magnetization in new configuration}
(8) if |𝑓(𝑀𝑗𝑡)| ≤ |𝑓(𝑀𝑗𝑡)| then(9) 𝑥 ← random number ∈ [0, 1] from uniform distribution(10) if (Δ𝐸 ≤ 0 or 𝑥 ≤ 𝑃(Δ𝐸)) then(11) Γ𝑡 ← Γ𝑡 \ {𝛾𝑛𝑡} ∪ {−𝛾𝑛𝑡} {flip spin}(12) end if(13) end if(14) 𝑖𝑡𝑒𝑟 ← 𝑖𝑡𝑒𝑟 + 1(15) end while

Algorithm 1: Constrained Metropolis-Hastings (CMH).
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Figure 2: Autocorrelation function for the spin states between
initial and evolved configurations. Grey dots represent numerical
realisations and the blue line represents the average.The inset shows
the phase transition in𝑀 beyond 𝑇𝑐 (red line).

𝐵𝑗, 𝑗, 𝑡 (notice that this does not reduce the generality of the
problem; we can always adjust the number of customers per
bus to represent the scheduled per-bus load 𝐿𝑐𝑗𝑡). Therefore,
the flexible component of the load at bus 𝑗 at time 𝑡 renders

𝐿𝑓𝑗𝑡 = 𝑙𝑐𝑗𝑡𝑀𝑗𝑡𝑛𝑗, (16)

where 𝑛𝑗 = |𝐵𝑗| represents the number of customers in
bus 𝑗 and 𝑀𝑗𝑡 stands for the bus magnetisation 𝑀𝑗𝑡 ≡(1/𝑛𝑗) ∑𝑖∈𝐵𝑗 𝛾𝑖𝑡. Let us also define dimension-free variables
∀𝑗 ∈ 𝐵, 𝑡 as follows: 𝜂𝑗𝑡 ≡ 𝑃L2A𝑗𝑡 /𝐿𝑐𝑗𝑡 and 𝜓𝑗𝑡 ≡ 𝑃DSO2L𝑗𝑡 /𝐿𝑐𝑗𝑡.
Further, we assume that the real-time power exchanged from
DSO and RTEM is a factor of the total load the DSO has to

supply to buses.𝑃RT𝑡 ≡ ∑𝑗∈𝐵 𝜃𝑗𝑡𝐿𝑐𝑗𝑡.With these definitions and
(4), we find

𝜂𝑗𝑡 − 𝜓𝑗𝑡 = 𝑀𝑗𝑡, ∀𝑗 ∈ 𝐵, 𝑡. (17)

Notice that the power flow from aggregator 𝑘 to DSO in (9)
can be expressed as

𝑃A2DSO𝑘𝑡 = ∑
𝑗∈𝐵

Δ 𝑗𝑘𝑙𝑐𝑗𝑡𝜂𝑗𝑡𝑛𝑗. (18)

Also, from (1), (12), and (18) one can express the DSO power
constraints as

∑
𝑗∈𝐵

𝑛𝑗𝑙𝑐𝑗𝑡 (𝜃𝑗𝑡 + 𝜂𝑗𝑡 − 𝜓𝑗𝑡) = 0, ∀𝑡. (19)

Since 𝑙𝑐𝑗𝑡 ≥ 0, ∀𝑗 ∈ 𝐵, 𝑡 and 𝑛𝑗 ≥ 0, ∀𝑗 ∈ 𝐵, inequality 5 is
expressed as

𝜓𝑗𝑡 ≥ 0, ∀𝑗 ∈ 𝐵, 𝑡. (20)

Notice that constraints (17) and (19) can be combined into

∑
𝑗∈𝐵

𝑛𝑗𝑙𝑐𝑗𝑡 (𝜃𝑗𝑡 +𝑀𝑗𝑡) = 0, ∀𝑡. (21)

Finally, flexibility constraints in (6), (7) can be expressed
through (16) as

∑
𝑗∈𝐵

𝑙c𝑗𝑡𝑛𝑗𝑀𝑗𝑡 = 0, ∀𝑡, (22)

∑
𝑡

𝑙𝑐𝑗𝑡𝑀𝑗𝑡 = 0, ∀𝑗 ∈ 𝐵. (23)

By combining constraints (10), (17), (19), (20), with either
(22) or (23) and different objective functions, we can build
scenarios from different perspectives and scales as we show
below.
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4. Large Scale Optimisation: Flexibility and
Social Welfare

With the definitions above and from (8), we find the optimi-
sation for each bus 𝑗:
OF𝑗 = ∑

𝑡,𝑘∈𝐴

𝑛𝑗𝑙𝑐𝑗𝑡Δ 𝑘𝑗 (𝜆DSO2L𝜓𝑗𝑡 − 𝜆L2A𝑘𝑡 𝜂𝑗𝑡) ,
∀𝑗 ∈ 𝐵, 𝑡,

(24)

(where we have used OF𝑗 = ∑𝑘∈𝐴 Δ 𝑘𝑗OF𝑗∈𝐴𝑘). The optimisa-
tion functions for each aggregator from (9) and (11) render

OF𝑘 = ∑
𝑡,𝑗∈𝐵

𝑛𝑗𝑙𝑐𝑗𝑡Δ 𝑘𝑗 (𝜆L2A𝑘𝑡 − 𝜆A2DSO𝑘𝑡 ) 𝜂𝑗𝑡, ∀𝑘 ∈ 𝐴, 𝑡, (25)

where we have used ∑𝑗∈𝐴𝑘[⋅] = ∑𝑗∈𝐵 Δ 𝑘𝑗[⋅]. Finally, from (9)
and (13), we find

OFDSO = ∑
𝑡,𝑘∈𝐴,𝑗∈𝐵

𝑛𝑗𝑙𝑐𝑗𝑡 [Δ 𝑘𝑗𝜆A2DSO𝑘𝑡 𝜂𝑗𝑡 + 𝜆
RT
𝑡𝑛𝐴 𝜃𝑗𝑡

− 𝜆DSO2L𝑛𝐴 𝜓𝑗𝑡] , ∀𝑡.
(26)

By defining OF𝐿 ≡ ∑𝑗∈𝐵OF𝑗 and OF𝐴 ≡ ∑𝑘∈𝐴OF𝑘, the
total load and total aggregation objective functions are found
straightforward. Finally our objective is to maximise the
social welfare of the distributed power system. Hence, the
optimisation function is defined as OF𝑊 = OF𝐿 + OF𝐴 +
OFDSO to ensure the maximised profits of all players (DSO,
aggregator, and bus-loads) in the distributed power system.
The global optimisation function OF𝑊 can be expressed as

OF𝑊 = ∑
𝑡

𝜆RT𝑡 ∑
𝑗∈𝐵

𝑛𝑗𝑙𝑐𝑗𝑡𝜃𝑗𝑡. (27)

Notice how from this global scale the specifics about
power exchanges between DSO-to-demand, demands-to-
aggregators, and aggregators-to-DSO cancel out. The only
relevant quantity which remains is the aggregated power
exchanges between the DSO and RTEM integrated over time.
From constraint (21) it holds

OF𝑊 = −∑
𝑡

𝜆RT𝑡 ∑
𝑗∈𝐵

𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗𝑡 (28)

which links the objective function to the spin flexibility.
What this equation is telling us is that social welfare

increases (OF𝑊 isminimised)when flexibility increases. Now
depending on which additional constraint we use for the
flexible amount ((22) or (23)), there are two main scenarios
to analyse:

𝑆1(Shiftable-Loads):{{{{{

OF𝑊 = −∑
𝑗∈𝐵

𝑛𝑗∑
𝑡

𝜆RT𝑡 𝑙𝑐𝑗𝑡𝑀𝑗𝑡
∑
𝑡

𝑙𝑐𝑗𝑡𝑀𝑗𝑡 = 0, ∀𝑗 ∈ 𝐵, (29)

𝑆2(Self-Sustainability):{{{{{
OF𝑊 = 0
∑
𝑗∈𝐵

𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗𝑡 = 0, ∀𝑡. (30)
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Figure 3: Resulting per-bus magnetisations. Blue dotted line shows
the values for the normalised RTEM prices 𝜆RT𝑡 . The red dot repre-
sents a situation where the discrete spin system is unable to comply
with the electrical constraint by flipping spin states.

These two forms for constraining customers’ flexibility lead
to very different strategies in terms of consumers’ interaction
and cooperation (see arrows in Figure 1(b)). The constraint
in 𝑆1 can be achieved by asking spin communities to adjust
their flexibility over time independently of other commu-
nities; the only requirement is that at the end of the 24 h
cycle each bus 𝑗 renders ∑𝑡 𝑙𝑐𝑗𝑡𝑀𝑗𝑡 = 0. This can be set
into a linear programming problem for the variables 𝑀𝑗𝑡.
On the other hand, in scenario 𝑆2 the objective function
vanishes regardless of consumer’s flexibility.However, in-bus-
communities (i.e., spin communities) are forced to constrain
their spin state every hour so that the whole system renders∑𝑗∈𝐵 𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗𝑡 = 0. This requires a level of coordination
among the bus communities at every hour 𝑡.
4.1. Shiftable-Loads. The constraint in (29) can be imple-
mented as follows. First we solve the optimisation problem
in (29). The output is the per-bus magnetisations 𝑀𝑗𝑡.
Notice that the constraint can be factorised in 𝑗. This way,
minimising OF𝑊 is equivalent to solving

min −∑
𝑡

𝜆RT𝑡 𝑃𝑠𝑡𝑀𝑗𝑡
s.t. ∑

𝑡

𝑃𝑠𝑡𝑀𝑗𝑡 = 0.
(31)

For all 𝑗 ∈ 𝐵. Therefore the solutions 𝑀𝑗𝑡 do not depend
on 𝑗 and we can write 𝑀𝑡 ≡ 𝑀𝑗𝑡, ∀𝑗 ∈ 𝐵. In Figure 3
we show the solution along with the RTEM prices scaled in
the following way: 𝜆RT𝑡 = 2(𝜆RT𝑡 − min(𝜆RT𝑡 ))/(max(𝜆RT𝑡 ) −
min(𝜆RT𝑡 )) − 1 ∈ [−1, 1]. This scaling makes both quantities
comparable. Notice how the bus-flexibility solution follows
the RTEM prices over time. This means that at demand peak
times (10–13 h) and from (18–21 h) it is necessary to increase
customers’ flexibility.

Then we might ask how the spin system can comply with
the total magnetisation imposed by the electrical constraints
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at every time 𝑡 (see Figure 3). We need each spin-community𝛾𝑖𝑡, ∀𝑖 ∈ 𝐵𝑗 to follow the constraint:

∑
𝑖∈𝐵𝑗

𝛾𝑖𝑡 = 𝑛𝑗𝑀𝑡, ∀𝑗, 𝑡. (32)

This must hold for each bus-community of size 𝑛𝑗 for all
times. By redefining the spin states as 𝑠𝑖𝑡 ≡ (1 + 𝛾𝑖𝑡)/2 with𝑠𝑖𝑡 ∈ {0, 1}, the constraint in (32) is equivalent to

∑
𝑖∈𝐵𝑗

𝑠𝑖𝑡 = 𝑛𝑗2 (1 +𝑀𝑡) , ∀𝑗, 𝑡. (33)

Since the spin system is discrete, the left hand side of (33) is a
positive natural number: N+ ∋ 𝑥 ≡ ∑𝑖∈𝐵𝑗 𝑠𝑖𝑡. Therefore, there
is no solution if𝑀𝑡 is not a rational number:𝑀𝑡 ∉ Q. If𝑀𝑡 ∈
Q (i.e., 𝑀𝑡 = 𝑎/𝑏; 𝑎, 𝑏 ∈ Z, 𝑎, 𝑏 ̸= 0), there is a solution
when

(1) 𝑎 = 0 and 𝑛𝑗 is even; the solution consists in having
half of the spins up and half down;

(2) 𝑎 = 𝑏 with solution 𝑠𝑖𝑡 = 1, ∀𝑖;
(3) 𝑎 = −𝑏 with solution 𝑠𝑖𝑡 = 0, ∀𝑖;
(4) 𝑎/𝑏 ∈ (−1, 0) and 𝑛𝑗 is a multiple of 2𝑏.

Notice that in Figure 3 all solutions are𝑀𝑡 = ±1 for all times
except for 𝑡 = 18, where we found 𝑀𝑡 = −0.4. In the first
case the only possible solutions are 𝑠𝑖𝑡 = 1, ∀𝑖 if𝑀𝑡 = 1 and𝑠𝑖𝑡 = 0, ∀𝑖 if𝑀𝑡 = −1. However, in the latter case of𝑀𝑡 =−0.4 = −2/5 customers will not be able to flip their states
in order to attain this magnetisation; although we are in case(4), none of the available buses connects a number of homes
which is a multiple of 5 (Table 1).

This evidences a potential limitation of a discrete model
when it is coupled to the local power exchange problem. In
the presence of electrical constraints, a discrete system will
in general not be able to follow the continuum limit every
time. A possible strategy to cope with this situation is to
include an external effect (field) in the customer interactions
to force their flexibility. In the Ising parlance, this is equivalent
to setting 𝑏 > 0 in the Ising Hamiltonian of (14). Then we
can measure how customer’s flexibility increases by setting𝑀𝑡=18 = −1, evolve the system for different field intensities,
and see if we reach 𝑀𝑡=19 = 1. In Figure 4 we show
the final magnetisation for a pair of (𝑇, 𝑏) reached from a
starting configuration with all spins down (𝑀 = −1) after
10k iterations using the Metropolis algorithm without any
constraint. Magnetisations are averaged from 5000 Monte
Carlo runs for each (𝑇, 𝑏) combination. As a reference we
find the field strength 𝑏 = 1.5 that makes the system reach𝑀𝑡 = 1 at the theoretical critical temperature 𝑇𝑐 (blue dotted
line in the inset).This is a way of forcing the so-called herding
behaviour by imposing a top-down approach. Notice how the
external action ramps up customers’ flexibility. However, if
temperature is high, the noisewill destroy these dynamics and
the intended constraint can not be reached.
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Figure 4: Ramping up to meet maximum flexibility. Each curve
represents the final magnetisation for a pair of (𝑇, 𝑏) reached from
a starting configuration with all spins down (𝑀 = −1). The inset
shows the curve for 𝑏 = 1.5 (grey dots are numerical realisations and
red line represents the averaged value) and the critical temperature
(blue vertical line).

4.2. Self-Sustainability. Now let us explore a different situa-
tion where loads are forced to adjust so that ∑𝑗∈𝐵 𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗𝑡 =0 at every time. A simple way to tackle this problem is
by seeking solutions where the total magnetisation is either
maximised or minimised. Hence, the problem can be set in
terms of an Integer Linear Programming (ILP) problem of
the form:

max (min) ∑
𝑗

𝑀𝑗𝑡
s.t. ∑

𝑗

𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗𝑡 = 0
− 1 ≤ 𝑀𝑗𝑡 ≤ 1
𝑀𝑗𝑡 ∈ Z.

(34)

Analogous for 𝑗 in the shiftable-loads case, now the optimal
solutions𝑀𝑗𝑡 do not depend on time and we can set 𝑀𝑗 ≡𝑀𝑗𝑡, ∀𝑡. For each case (max or min) we have the range of
values for𝑀𝑗 = {−1, 0, 1}. In Figures 5(a) and 5(b) we show
both solutions with our spin arrangement (Figure 1(c)). The
maximisation solutions from the system in (34) result in 125
locationswith𝑀𝑗 = −1, 132with𝑀𝑗 = 1, and 32with𝑀𝑗 = 0.
On the other hand, the minimisation results in 132 locations
with𝑀𝑗 = −1, 125 with𝑀𝑗 = 1, and also 32 with𝑀𝑗 = 0.
Therefore, the total magnetisation in both cases is 7 and −7
for the maximisation or minimisation problem, respectively.

As in Scenario 𝑆1, spin communities with constraints𝑀𝑗 = 1 or𝑀𝑗 = −1 can be obtained by switching the spin
states regardless of the size of the community. However for
the𝑀𝑗 = 0 communities (shown in white color in Figure 5),
a solution is only found when 𝑛𝑗 is even.Therefore, buses 𝑗 =10, 28 in themaximisation and 𝑗 = 3, 10 for theminimisation,
respectively, will lack a solution as indicated by a red label in
the figure. We have also verified this numerically by solving
the following simple Binary Linear Programming (BLP)
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Figure 5: Electrical constraints and spin solutions in a self-sustainability scenario. (a, b) Max/min solutions with𝑀𝑗 = −1 (red),𝑀𝑗 = 0
(white), and𝑀𝑗 = 1 (blue); numbers indicate the bus number the customers belong to. (c, d) Spin solutions with 𝛾𝑗𝑡 = −1 (red), 𝛾𝑗𝑡 = 1
(green), and grey color if there is no solution.

problem for each bus-community (notice that minimising
instead of maximising the problem will provide the same
result; the only difference among solutions is the switching
of states in the bus communities when 𝑛𝑗 is an even number).

max
𝑛𝑗∑
𝑖=1

𝑠𝑖

s.t.
𝑛𝑗∑
𝑖=1

𝑠𝑖 = 𝑛𝑗2 (1 +𝑀𝑗)
𝑠𝑖 ∈ {0, 1} .

(35)

We show the spin solutions from (35) in Figures 5(c) and 5(d).
Since these constraints must hold for all times, it is

interesting to check how robust the system is for complying
with such magnetisations. To this end we test the robustness
as follows:

(1) Regularise buses with𝑀𝑗 = 0 and 𝑛𝑗 odd by rewir-
ing a random customer from another bus with𝑀𝑗 ̸=

0.This results in a feasible spin configuration compat-
ible with the constraints in (30).

(2) Perturb the feasible spin solution with strength 𝑞 by
switching the state of round(𝑞/𝑁 ⋅ 100) spins.

(3) Evolve the spin system with both the unconstrained
Metropolis and with the CMH algorithm for a range
of temperatures 𝑇/𝑇𝑐 = 0.5, 0.6, . . . , 1.5.

(4) Measure the value of the constraint 𝐹 = ∑𝑗 𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗 in
both cases.

(5) In the resulting ensemble find the realisation with
minimum 𝐹 and monitor how |𝐹| deviates from 0.

We found that the constraints-free evolution renders𝐹 values
of 3 orders of magnitude larger than those obtained with the
constrained version (CMH). The results of this experiment
are shown in Figure 6. Here we compare on a normalised
scale how the constraints deviate from 0 as we perturb the
feasible spin solution with increasing perturbation strength.
We measure the perturbation by the Hamming distance
between the original and the perturbed configuration. Every
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(d) Constrained evolution: 𝑏 = 5

Figure 6: Constraint robustness in a self-sustainability scenario. (a, b) Unconstrained evolution. (c, d) Evolution with the CMH version.The
size of the points is proportional to the temperature where the minimum value of |𝐹| is found.

point represents the average value of 20 Monte Carlo replicas
for the same parameters. As expected, the unconstrained
evolution fails to provide a systematic trend in these dynamics
since once the constraint is broken, there are no mechanisms
to bend the spin dynamics towards regions with increasing
feasibility. However, we find a pattern for the constrained
evolution: as we deviate from the solution the value for 𝐹
increases monotonically (worsening the feasibility). Notice
that if perturbations are large, the minimum 𝐹 is only
found for high temperatures, since as we increase thermal
fluctuations, the system will be able to explore different
configurations and discover lower 𝐹 values.

The effect of the external field is different in both cases. In
the unconstrained case the field only tilts up the values and
reduces the noise. This is useless in our case since the field
action reinforces the perturbations worsening the constraint.
In the constrained case, however, the field linearises the point
pattern on our scaling (we have added a dotted grey line for

reference) and this improves feasibility.Therefore, an external
action in the community would not be useful for recovering
flexibility unless additional mechanisms are implemented to
penalise deviations from the feasible region. These actions
can be implemented smoothly because the drift from opti-
mality increases monotonically with the perturbation.

5. The Aggregators’ Perspective

From (17) and (25) we find that the total aggregation optimi-
sation function renders

OF𝐴 = ∑
𝑡𝑗

𝑛𝑗𝑙𝑐𝑗𝑡 (𝜓𝑗𝑡 +𝑀𝑗𝑡)∑
𝑘

Δ 𝑘𝑗 (𝜆L2A𝑘𝑡 − 𝜆A2DSO𝑘𝑡 ) (36)

which must attain a minimum value to maximise total aggre-
gation profit. Each aggregator-to-DSO transaction has a price
𝜆A2DSO𝑘𝑡 bounded by constraint (10) and as stressed before:
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𝜆A2DSO𝑘𝑡 ≥ 𝛿𝑘𝑡𝜆L2A𝑘𝑡 . Since we also have 𝜓𝑗𝑡 ≥ 0, this problem
will be in general unbounded in𝜓𝑗𝑡 (the power that customers
buy from DSO). From the aggregator’s profit perspective, the
larger the quantity (𝜓𝑗𝑡+𝑀𝑗𝑡), the higher their benefit (notice
that in this case the flexibility constraints in (22) and (23) do
not bound the 𝜓𝑗𝑡 values).This way, maximum flexibility and
maximum 𝜓𝑗𝑡 will render an optimal benefit to aggregators
without considering the optimum profit of the bus-loads.
Hence, optimising the problem from the aggregators’ point of
view propels a bottom-up power transaction from bus-loads
to aggregators, from aggregators to DSO, and from DSO to
the real-timemarket, hierarchically.Moreover, the exchanged
power benefit between the DSO and bus-loads is missing
because this is irrelevant to aggregators. Consequently, as (36)
shows, aggregators ask for the maximum loads’ flexibility.
In other words, the power flexibility is balanced with the
power exchanged between the bus-loads to aggregators and
with the power sent from DSO to bus-loads. Hence, from the
aggregators’ perspective, this will push the system to increase
the flexibility from demand side and transacted power from
the DSO to the loads. Notice that although this case is
profitable for the DSO, it is not a profitable way for bus-loads
to join this energy management approach.

One way to motivate bus-loads to join this setting is
by letting 𝜓𝑗𝑡 be a parameter instead of a variable in this
optimisation problem. In particular—and without loss of
generality—we can set𝜓𝑗𝑡 = 0. Also notice that, in optimality
conditions, the variables 𝜆A2DSO𝑘𝑡 will attain their maximum
values in (10): 𝜆A2DSO𝑘𝑡 = 𝜆RT𝑡 . The modified aggregation
optimisation function is then expressed as

OF𝐴 = ∑
𝑡𝑗

𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗𝑡∑
𝑘

Δ 𝑘𝑗 (𝜆L2A𝑘𝑡 − 𝜆RT𝑡 ) . (37)

Below we explore two analytical limits of (37) and how
flexibility constraints in (22) and (23) affect the respective
solutions.

(1) Aggregator Homogeneous Prices Limit. If all aggregators
offer the same price for their transactions with the bus-loads,𝜆L2A𝑘𝑡 → 𝜆L2A𝑡 (i.e., there is no heterogeneity in the distributed
power system), the optimisation function does not depend on
the load-to-bus mapping OF𝐴 → ∑𝑡(𝜆L2A𝑡 −𝜆RT𝑡 ) ∑𝑗 𝑛𝑗𝑙𝑐𝑗𝑡𝑀𝑗𝑡.
Also, if the self-sustainability flexibility constraint (22) is
added to the problem, the function will be zeroed. This way,
self-sustainability constraints do not have any effect on the
total aggregation benefit because it makes the distributed
power system an independent energy system. Hence, the
system does not depend on the real-time electricity market
to provide its local demand.

(2) Stationary Limit in Aggregator Prices. On the other hand,
consider a situation where there is no price evolution over
time (i.e., a fixed tariff scenario). In this case we get 𝜆L2A𝑘𝑡 →𝜆L2A𝑘 , 𝜆RT𝑡 → 𝜆RT, and the optimisation function in (37)
renders OF𝐴 → ∑𝑘𝑗 Δ 𝑗𝑘𝑛𝑗(𝜆L2S𝑘 − 𝜆RT) ∑𝑡 𝑙𝑐𝑗𝑡𝑀𝑗𝑡. In this case
the function is zeroed and again independent of the load-
to-bus mapping if we impose the shiftable-loads flexibility

constraint (23). This is because in a fixed tariff scenario
shifting demand over time is not rational, and it does not
render any extra profit for the distributed power system.

5.1. Optimal Load-to-Aggregator Mappings. If we assume that
customers are maximally flexible we can set 𝑀𝑗𝑡 = 1
in the optimisation function and conjecture which bus-to-
aggregatormappings aremore effective in different scenarios.
In [22] the authors analysed the problem with 3 aggregators
and other different configurations built by merging these 3
operators with aggregator prices in Table 3. Since for all times
aggregator 𝐴1 always holds the minimum price, the optimal
solution will map all buses to 𝐴1. However, this is unrealistic
since it is unlikely that all demand can be monopolised by
a single aggregator. One way to cope with this is to force
aggregators to split load as ∀𝑘∑𝑗 Δ 𝑗𝑘 ≤ round(𝑛𝐽/𝑛𝐴) +𝑞, where 𝑞 ∈ N is a slack threshold for the uniform
bus-to-aggregator mapping. By adding this constraint, the
optimisation can be tackled by solving the BLP problem in
the Δ 𝑗𝑘 variables

min 𝑧 = ∑
𝑡𝑗

𝑛𝑗𝑙𝑐𝑗𝑡∑
𝑘

Δ 𝑘𝑗 (𝜆L2A𝑘𝑡 − 𝜆RT𝑡 )

s.t. ∑
𝑘

Δ 𝑗𝑘 = 1, ∀𝑗

∑
𝑗

Δ 𝑗𝑘 ≤ round( 𝑛𝐽𝑛𝐴) + 𝑞, ∀𝑘
Δ 𝑗𝑘 ∈ {0, 1} .

(38)

In Figure 7 we show the normalised value of the objective
function in (38) as we increase the number of aggrega-
tors (in %) and for different 𝑞 values. First we notice a
global trend: the optimisation increases (lower objective
function values) with the number of aggregators. Also 𝑞
helps in this reduction by pulling the solutions downwards
and by smoothing the peaks as it increases. For low 𝑞
values the constraints are more stiff and the feasible space
becomes fragmented. In the limit 𝑞 = 0 (maximum
homogeneity of load split) we find that for combinations of{5, 6, 10, 13, 14, 15, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31} aggre-
gators there are no optimal solutions (black dots).The reason
for this is that for 𝑞 = 0 and, say, 𝑛𝐴 = 5, we are forcing to
evenly distribute 32 buses among 5 aggregators so that at least
one bus belongs to one aggregator. But each aggregator can
only group round(32/5) = 6 buses atmaximum.On the other
hand, as 𝑞 increases the peaks are smoothed, since the feasible
space increases too. To test ourmodel we compare our results
(39) with the mapping in [22] displayed in Figure 1(d). The
cardinality of 𝐴1, 𝐴2, 𝐴3 = (11, 11, 10) corresponds to our
optimal solution from (38) for 𝑞 = 0 and 𝑛𝐴 = 3:

𝐴1 = {1, 3, 6, 7, 13, 23, 24, 28, 29, 30, 31} ,
𝐴2 = {2, 4, 5, 8, 9, 17, 18, 19, 20, 21, 22} ,
𝐴3 = {10, 11, 12, 14, 15, 16, 25, 26, 27, 32} .

(39)
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Figure 7: Bus-to-aggregator map efficiency. The normalised value
of 𝑧 for the optimal solution is shown for different number of
aggregators and 𝑞. Black circles represent feasible solutions for 𝑞 = 0.

From these results we conclude that, in amaximumflexibility
scenario, the total aggregation profit increases with the
number of aggregators. In general, depending on the bus
scheduled loads and the number of aggregators, demand
cannot be split 100% evenly among aggregators; there must
be some slack mechanisms to allow for flexibility in this
mapping. Since customers group into buses and buses are
mapped to aggregators, this discussion is relevant to the
customer’s flexibility as we show below with our Ising model.

5.2. Aggregator Boundaries and Their Effects. Since aggre-
gators operate on bus-load collections they might impose
certain boundaries on the customers (and hence, in the asso-
ciated spin system).These boundaries can be, for instance, by-
contract forcing actions or other rules which have a greater
or lesser influence on the customers’ behaviour. The effect of
this on the spinmodel is that agentswill prefer to interactwith
neighbourswho share the same aggregator. In our final exper-
iment we measure the effect of aggregator boundaries by
comparing a standard evolution (neighbourhood-free) with
another evolution where spins interact only with neighbours
belonging to the same aggregator. We start with a feasible
solution formaximumflexibility𝑀 = 1 and thenwemeasure
how thermal noise worsens the solution.

In Figure 8 we show these results by comparing the
boundary-free evolution with the aggregators’ boundary
dynamicswith the reference boundaries shown in Figure 1(d).
As expected, with very high temperature, noise will dominate
interactions and the system will reach the𝑀 = 0 equilibrium
as shown in Figure 2 (inset). However, the interesting dynam-
ics occur precisely near criticality. Here we can monitor how
sharply the flexibility (𝑀) drops as 𝑇 increases. The free-
neighbourhood solution drops fast to 𝑀 = 0 for 𝑇/𝑇𝑐 >1.5 (shown as a grey dotted line in the inset of the figure).
However, notice how the neighbourhood constrained evolu-
tion slows down the worsening of the flexibility. Following
our interpretation of temperature as uncertainty (lack of
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Figure 8: Aggregator boundaries and total magnetisation. Standard
evolution (red) compared with another evolution where spins
interact only with neighbours belonging to the same aggregator
(blue). Dots represent 100 realisations for each 𝑇 and lines show
averaged values (𝑇𝑐 shown in blue vertical line). The inset zooms
in the solutions where there is a phase-like transition at 𝑇/𝑇𝑐 (grey
dotted line).

information), as 𝑇 grows, shared opinions as to whether
demand should be increased (spin-to-spin interactions) will
not be strong enough to keep customers’ confidence level
in the flexibility program. Consequently, they will randomly
decide whether to increase or decrease their demand and the
constraint for maximum flexibility will start to deteriorate.
However, when the information flow among customers is
bounded within regions in the configuration space, this drop
is smoothed, since the information does not propagate to the
entire system in the same way. From our previous discussion
about the limitations of a finite model for reproducing a
phase transition, one might attempt to provide a semicritical
exponent to these phase-like transitions. However, that is left
for a future work.

6. Summary and Discussion

In this work we have analysed the customers’ demand
flexibility in a local power trading problem through an Ising
spin-based model. We interpret spin states as customers’
standpoint on following a flexibility program or not, which
translates into an increase or decrease of their scheduled
load. Spin-to-spin interactions simulate how these customer
attitudes can change when information is retrieved from
neighbouring customers. An external field is a proxy of top-
down directives to enforce flexibility criteria and we associate
the temperature in the spin systemwith uncertainty about the
flexibility program. Further, we have addressed quantitative
information about the two-way relationships between power
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exchanges and spin dynamics. These are formalised in terms
of constraints, which force the spin system to evolve in
different ways. To this end we provide a modified version
of the Metropolis-Hastings algorithm including a gradient
descent through the constraint surface. This implementation
allowed us to analyse the system on a large scale (considering
the cumulated benefit of all the actors involved) and also from
the perspective of total aggregation.

At the global scale—welfare—we made two reasonable
assumptions to limit customers’ flexibility (shiftable-loads
and self-sustainability). Each leads to two different scenarios
which in turn motivate different types of analyses in our
spin system. In the shiftable-loads scenario the maximum
welfare requires each bus-community tomeet a given value of
flexibility every time. However, in general this is not possible
in a discrete system. We provide conditions for this and also
measure how an external field can force customers’ flexibility.

Maximum welfare in the self-sustainability scenario
requires all customers to meet the flexibility criteria every
hour. We monitor the robustness of a feasible solution by
perturbing the spin matrix and then measuring the feasi-
bility of the perturbed magnetisation. When spins evolve
by decreasing the constraint, there is an improvement of
3 orders of magnitude in the solutions with respect to the
classical Metropolis evolution. An external action in the
community would not be useful for recovering flexibility
unless additional mechanisms are implemented to penalise
deviations from the feasible region.

On the aggregation scale we analyse two limits: homo-
geneous and fixed electricity tariff of aggregators. These are
interesting cases since flexibility constraints set the total
aggregation optimisation function to zero: shiftable-loads
in the fixed tariff case and self-sustainability in the case
of homogeneous prices. Here we also address quantitative
results of how aggregators can effectively split the total
demand in the system and which are the implications
of aggregator subcommunities in the spreading of flexible
behaviour. We find that, in a maximum flexibility scenario,
the total aggregation profit increases with the number of
aggregators. In general, depending on the bus scheduled
loads and the number of aggregators, demand cannot be split
100% evenly among aggregators; there must be some slack
mechanisms to allow flexibility in this mapping. Finally, we
check the effect of aggregator boundaries on spin dynamics
following our interpretation of temperature as uncertainty
(lack of information); as 𝑇 grows shared opinions as to
whether demand should be increased will not be strong
enough to keep customers’ confidence level in the flexibility
program. Consequently, they will randomly decide whether
demand should be increased or decreased and the constraint
for maximum flexibility will start to deteriorate. However,
when the information flow among customers is bounded
within regions in the configuration space, it is smoothed,
since the information does not propagate to the entire system
in the same way.

In a future work we will make a more in-depth analysis of
the relationships between more general spin system topolo-
gies and the flexibility constraints. Also we will develop a
more thorough study of the phase transitions in presence of
aggregator boundaries and their implications.

Nomenclature

𝑁: Number of customers𝐶: Set of customers𝐵: Set of bus-loads𝐵𝑗: Customers connected to bus 𝑗𝐴: Set of aggregators𝐴𝑘: Buses managed by aggregator 𝑘𝑛𝐽: Number of buses𝑛𝐴: Number of aggregators𝑛𝑇: Number of hours𝑛𝑗: Number of customers connected at bus 𝑗Δ 𝑖𝑗: = 1(0) if customer 𝑖 is connected (not
connected) to bus 𝑗Δ 𝑗𝑘: = 1(0) if bus 𝑗 is managed (not managed)
by aggregator 𝑘𝐻: Ising Hamiltonian𝛾𝑖: Flexibility for customer 𝑖𝑠𝑖: State of spin 𝑖𝐸: Energy of the spin system𝑇: Temperature of the spin system𝑇𝑐: Critical temperature𝐽: Spin-to-spin interaction strength𝑏: Magnetic external field𝑀: Magnetisation of the spin systemΓ: One configuration in the spin systemΩ: Set of possible spin configurations𝑙𝑖𝑡: Load of customer 𝑖 at time 𝑡𝑙𝑐𝑖𝑡: Expected load of customer 𝑖 at time 𝑡

𝑙𝑓𝑖𝑡 : Flexible proportion of load of customer 𝑖
at time 𝑡𝐿𝑐𝑗𝑡: Expected load in bus 𝑗 at time 𝑡

𝐿𝑓𝑗𝑡: Flexible proportion of load in bus 𝑗 at time𝑡𝑃𝑠𝑡 : Power at the source bus at time 𝑡𝐿max
𝑗 : Normalised expected load at bus 𝑗
𝑃L2A𝑗𝑡 : Power exchange for buy/sell between bus 𝑗

and aggregator 𝑡
𝑃RT𝑡 : Real-time power exchange between DSO

and RTM at time 𝑡
𝑃A2DSO𝑘𝑡 : Power exchange or buy/sell between

aggregator 𝑘 and aggregator DSO
𝑃DSO2L𝑗𝑡 : Power bought to DSO by demand at bus 𝑗

(customers connected to bus 𝑗)𝜓𝑗𝑡: Normalised power bought to DSO by
demand at bus 𝑗 at time 𝑡𝜂𝑗𝑡: Normalised power exchange for buy/sell
between bus 𝑗 and aggregator at time 𝑡𝜃𝑗𝑡: Fraction of power exchange between DSO
and RTM reaching bus 𝑗 in time 𝑡

𝜆L2A𝑘𝑡 : Price for buy/sell between demand at bus
and aggregator 𝑘 at time 𝑡

𝜆RT𝑘𝑡 : Real-time market price for DSO and RTM
power exchanges

𝜆DSO2L: Price for DSO and load power exchanges
𝜆A2DSO𝑘𝑡 : Real-time market price for DSO and

aggregator 𝑘 power exchanges
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𝛿𝑘𝑡: Profit guarantee factor of aggregator 𝑘 at
time 𝑡𝑓: Additional constraint imposed to the
Metropolis-Hastings algorithm

OF𝑗: Optimisation function for bus-load 𝑗
OF𝐿: Optimisation function for all buses
OF𝑘: Optimisation function for aggregator 𝑘
OF𝐴: Optimisation function for all aggregators
OF𝑊: Optimisation function in the social

welfare scenario𝑞: Slack threshold to relax constraints in (38).
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Advanced metering infrastructures such as smart metering have begun to attract increasing attention; a considerable body of
research is currently focusing on load profiling and forecasting at different scales on the grid. Electricity time series clustering
is an effective tool for identifying useful information in various practical applications, including the forecasting of electricity usage,
which is important for providing more data to smart meters. This paper presents a comprehensive study of clustering methods for
residential electricity demand profiles and further applications focused on the creation of more accurate electricity forecasts for
residential customers. The contributions of this paper are threefold: (1) using data from 46 homes in Austin, Texas, the similarity
measures from different time series are analyzed; (2) the optimal number of clusters for representing residential electricity use
profiles is determined; and (3) an extensive load forecasting study using different segmentation-enhanced forecasting algorithms
is undertaken. Finally, from the operator’s perspective, the implications of the results are discussed in terms of the use of clustering
methods for grouping electrical load patterns.

1. Introduction

Throughout the EU, there is considerable interest in smart
electricity networks, where increased control over electricity
supply and consumption is achieved by investments and
improvements in new technologies such as advanced meter-
ing infrastructure. Smart metering is part of this movement
and is perceived as a necessary step in achieving the EU’s
energy policy goals by the year 2020 (i.e., cut greenhouse gas
emissions by 20%, improve energy efficiency by 20%, and
ensure that 20% of the EU’s energy demand is supplied by
renewable sources) [1].

Clustering analysis is an unsupervised learning tech-
nique that has been widely used to identify different energy
consumption patterns, particularly among commercial cus-
tomers, individual industries, or large aggregations of resi-
dential customers [2]. Recently, the fast-growing stream of
meter data has motivated further research on the application
of clustering techniques to individual residential customers
[3]. By clustering time series of hourly load data, each cus-
tomer can be represented by a number of load patterns, thus

allowing variability information to be derived. Clustering can
therefore serve as a valuable preprocessing step, providing
fine-grained information on customer attributes and sources
of variation for subsequent modeling and customer segmen-
tation.

Many dissimilarity measures between time series have
been proposed in the literature.They can be grouped into four
categories [4, 5]:

(i) Shape: Minkowski distance, short time series dis-
tance, and dynamic time warping distance.

(ii) Editing: edit distance for real sequences and longest
common subsequence distance.

(iii) Features: autocorrelation-based distances, short time
series distance, Fourier coefficients-based distance,
TQuest distance, and periodogram-based distances.

(iv) Structure: Maharaja distance and Piccolo distance.

This study examines the first three categories, as they can
be used in the majority of cases. The fourth category requires
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some a priori assumptions that affect the obtained results.
For instance, they assume that the observed time series is
the result of a certain parametric base model, mainly the
autoregressive integrated moving-average (ARIMA) model.
This implies the need to prioritize the relevant parameters of
the model in advance.

Dissimilarity between time series can be also computed
using information theory. For instance, Kullback–Leibler
(KL) divergence is a measure of how one time series
probability distribution diverges from a second (expected)
probability distribution [6].Thismeasure is distribution-wise
and asymmetric and thus does not qualify as a statistical
metric of spread. In the simple case, a KL divergence of 0
indicates that we can expect similar, if not the same, behavior
of two time series distributions, while a KL divergence of
1 indicates that the two time series distributions behave in
such a different manner that the expectation given the first
distribution approaches zero. The second example is mutual
information (MI) of two time series which is a measure of
the mutual dependence between two investigated time series
[7]. Intuitively,mutual informationmeasures the information
that two time series share: it gives the idea of how one of these
time series reduces uncertainty about the other. For example,
if two time series are independent, then knowing the first time
series does not give any information about the second time
series and vice versa, so their mutual information is zero. At
the other extreme, if the first time series is a deterministic
function of the second one, then the mutual information is
maximal.

As their input, most clustering algorithms take parame-
ters such as the number of clusters, density of clusters, or,
at least, the number of points in a cluster. Nonhierarchical
procedures usually require the user to specify the number
of clusters before any clustering is accomplished, whereas
hierarchical methods routinely produce a series of solutions
ranging from 𝑞 clusters to only a single cluster [8]. As
such, the problems of determining a suitable number of
clusters for a dataset and evaluating the clustering results
have been considered by several researchers. The procedure
of evaluating the results of a clustering algorithm is known as
cluster validity analysis [9].

In general, there are three approaches for investigating
the cluster validity. The first, based on external criteria,
compares the cluster analysis results to some known results,
such as externally provided class labels.The second approach,
based on internal criteria, uses information obtained from
within the clustering process to evaluate how well the results
fit the data without reference to external information. The
third approach is based on relative criteria and consists
of evaluating a clustering structure by comparing it with
other structures given by the same algorithm using different
parameter values (e.g., the number of clusters). In this paper,
we consider this third class of measures [10].

Based on the selected time series similarity measures
and hierarchical clustering algorithms, this study developed
forecasting models for the aggregate electricity demand of
individual groups of households. The predictions given by
these models were compared with the results of a base model
built for all households (aggregate over 46 consumers for

WikiEnergy data [11]). In particular, using smart metering
data, we aim to answer the following research questions:

(1) To what extent is it possible to provide accurate 24-
hour load forecasting for the group of households?

(2) Which of the proposed time series similarity mea-
sures and the measures determining the relevant
number of clusters gives the greatest increase in
forecast accuracy?

(3) What kind of forecasting methods and algorithms is
appropriate to address highly volatile data?

The remainder of this paper is organized as follows. In
Section 2, various time series similarity measures, grouped
into three categories, are introduced. As different clustering
algorithms usually lead to different numbers of clusters, Sec-
tion 3 discusses severalmeasures for determining the relevant
number of clusters. In Section 4, based on WikiEnergy data
gathered from46households, various numerical experiments
regarding the clustering of these households are presented.
Section 5 describes the methods used in our forecasting
experiments, and Section 6 presents the results from a
number of numerical experiments that provide 24-hour
forecasts at different data aggregation levels. Finally, Section 7
concludes the paper.

2. Time Series Similarity Measures

The following subsections briefly describe three categories
of time series similarity measures. In the remainder of this
section, unless otherwise specified, 𝑧𝑔 = (𝑧1, 𝑧2, . . . , 𝑧𝑛)𝑇
and 𝑦𝑔 = (𝑦1, 𝑦2, . . . , 𝑦𝑛)𝑇 denote partial realizations from
two real-valued processes {𝑍𝑔, 𝑔 ∈ N} and {𝑌𝑔, 𝑔 ∈ N},
respectively. Note that serial realizations of the same length 𝑛
are initially assumed, although this limitation can be omitted
in some cases.

2.1. Measures Based on the Shape of Time Series. A simple
approach formeasuring the similarity between 𝑧𝑔 and 𝑦𝑔 is to
consider conventional metrics based on the closeness of their
values at specific points in time. Some commonly used raw-
values-based dissimilarity measures are introduced below.

2.1.1. Minkowski Distance. The Minkowski distance of order𝑝, where 𝑝 is a positive integer, is also known as the 𝐿𝑝-
norm distance [12].This measure is typically used with 𝑝 = 2,
giving the Euclidean distance, and is very sensitive to signal
transformations such as shifting or time scaling (stretching
or shrinking of the time axis). The proximity notion relies on
the closeness of the values observed at corresponding points
in time, so that the observations are treated as if they were
independent. In particular, 𝐿𝑝 is invariant to permutations
over time [4, 5].

2.1.2. Short Time Series Distance. The short time series (STS)
distance was introduced byMöller-Levet et al. [13] as ametric
that adapts to the characteristics of irregularly sampled series
[4, 5].
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2.1.3. Dynamic Time Warping Distance. The goal of dynamic
time warping (DTW) is to find patterns in time series
[14]. The DTW distance determines a mapping between the
series which minimizes a specific distance measure between
the coupled observations. This allows similar shapes to be
recognized, even in the presence of signal transformations
such as shifting and/or scaling, and ignores the temporal
structure of the values because the proximity is based on the
differences, regardless of the behavior around these values
[4, 5].

2.2. Measures Based on Editing the Time Series. The edit
distance, which was initially developed to calculate the
similarity between two sequences of strings, is based on the
idea of counting the minimum number of edit operations
(delete, insert, and replace) that are necessary to transform
one sequence into the other.Theproblemofworkingwith real
numbers is that it is difficult to find exact matching points in
two different sequences and, therefore, the edit distance is not
directly applicable.

2.2.1. Edit Distance for Real Sequences. The distance between
points in the time series is reduced to 0 or 1 [15]. If two points𝑧𝑔 and 𝑦𝑔 are closer to each other in the absolute sense than
some user-specified threshold 𝜀, they are considered to be
equal. On the contrary, if they are further apart, they are
considered to be distinct and the distance between them is
set to 1. As an additional property, the edit distance for real
sequences (EDR) permits gaps or unmatched regions in the
time series but penalizes them with a value equal to their
length values [4, 5].

2.2.2. Longest Common Subsequence Distance. In this metric,
the similarity between two time series is quantified in terms
of the longest common subsequence (LCSS), with gaps or
unmatched regions permitted [16]. As with EDR, the initial
mapping between the series uses the Euclidean distance
between two points, which is reduced to 0 or 1 depending on
some threshold 𝜀 values [4, 5].
2.3. Measures Based on the Time Series Features. Instead of
using the raw data values in the series, this category of
distance measures aims to extract a set of features from the
time series and calculate the similarity between these features.

2.3.1. Distance Based on the Cross-Correlation. This distance
is based on the cross-correlation between two time series.
The maximum lag considered in the calculation should not
exceed the length of the series values [4, 5].

2.3.2. Autocorrelation-Based Distances. Several researchers
have considered measures based on the estimated autocor-
relation functions [17]. These rely on the autocorrelation
between two time series with a maximum lag of 𝐿 values
[4, 5].

2.3.3. Periodogram-Based Distances. Most of the measures
discussed so far operate in the same domain, that is, the

time domain. However, the signal representation in the
frequency domain provides a good alternative for measuring
the similarity between time series. The key idea is to assess
the similarity between the corresponding spectral represen-
tations of the time series values [4, 5, 18].

2.3.4. Fourier Coefficients-Based Distances. This measure is
based on comparing the discrete Fourier transform coef-
ficients of the series [19]. The value of each coefficient
measures the contribution of its associated frequency to the
series. Based on this, the inverse Fourier transform provides
a means of representing the sequences as a combination
of sinusoidal forms. Note that the Fourier coefficients are
complex numbers that can be expressed as 𝑧𝑔𝑓 = 𝑎𝑓 + 𝑏𝑓𝑖.
In the case of real sequences such as time series, the discrete
Fourier transform is symmetric, and therefore it is sufficient
to study the first 𝑛/2 + 1 coefficients. Furthermore, it is
commonly considered that most of the information is found
within the first 𝑛 Fourier coefficients, where 𝑡 < 𝑛/2+1. Based
on this information, the distance between two time series is
given by the Euclidean distance between the first 𝑡 coefficients
[4, 5].

2.3.5. TQuest Distance. The fundamental idea of the TQuest
distance [20] is to define a set of intervals in a time series
in which the stochastic processes exceed a predetermined
threshold 𝜏. The final distance between two time series is
defined in terms of the similarity between sets of intervals
based on this threshold value. Intuitively, two time intervals
are said to be similar if they have similar start and end points.
TQuest is independent of the size of the individual time
series; this is important because time series exhibiting similar
properties can be converted into intervals of different lengths.
Another advantage is that this measure only takes into
account the local similarity, with the remaining (continued)
intervals not affecting the final result [4, 5].

3. Measures for Determining the Relevant
Number of Clusters

Different clustering algorithms usually lead to different clus-
ters of data; even for the same algorithm, the selection of
different parameters or the order in which data objects are
presented can greatly affect the final clustering partitions.
Thus, effective evaluation standards and criteria are critically
important to ensure confidence in the clustering results. At
the same time, these assessments providemeaningful insights
into how many clusters are hidden in the data. In most real-
life clustering situations, users face the dilemma of selecting
the number of clusters or partitions in the underlying data.
As such, numerous indices for determining the number of
clusters in a dataset have been proposed.

3.1. CH Index. The value of 𝑞 that maximizes CH(𝑞) specifies
the number of clusters [21].

3.2. C Index. The minimum value of 𝐶 [21] is considered to
be the relevant number of clusters in a given dataset.
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3.3. Duda Index. Reference [21] proposed the ratio Je(2)/
Je(1) as a criterion, where Je(2) is the sum of squared errors
within clusters when the data are partitioned into two clusters
and Je(1) is the squared error when only one cluster is
present. The optimal number of clusters is that which gives
the smallest value of this ratio.

3.4. Ptbiserial Index. This index [21] is simply a point-biserial
correlation between the raw input dissimilarity matrix and
a corresponding matrix consisting of 0s or 1s. A value of
0 is assigned if the two corresponding points are clustered
together by the algorithm; a value of 1 is assigned otherwise.
Given that larger positive values reflect a better fit between
the data and the obtained partition, the maximum value of
the index is used to select the optimal number of clusters in
the dataset.

3.5. DB Index. This index [21] is a function of the ratio of
within-cluster scatter to between-cluster separation. The 𝑞
value thatminimizes the index is considered to be the optimal
number of clusters in a given dataset.

3.6. Frey Index. The Frey index [21] can only be applied
to hierarchical methods; it is the ratio of difference scores
from two successive levels in the hierarchy. The numer-
ator is the difference between the mean between-cluster
distances from the two hierarchy levels (level 𝑗 and level𝑗 + 1), whereas the denominator is the difference between
the mean within-cluster distances of levels 𝑗 and 𝑗 +1.
3.7. Hartigan Index. The maximum difference between hier-
archy levels is taken to indicate the correct number of clusters
in the data [21].

3.8. Ratkowsky Index. Charrad et al. [21] proposed a cri-
terion for determining the optimal number of clusters
based on 𝑆/𝑞0.5. The value of 𝑆 is the average of the
ratios of (BGSS𝑗/TSS𝑗), where BGSS is the sum of squares
between the clusters (groups) for each variable and TSS
is the total sum of squares for each variable. The optimal
number of clusters is the value of 𝑞 that maximizes 𝑆/𝑞0.5.
3.9. Ball Index. Ball andHall [21] proposed an index based on
the average distance between data items and their respective
cluster centroids.The largest difference between levels is used
to indicate the optimal solution.

3.10. McClain Index. The McClain and Rao index [21] is the
ratio of the average within-cluster distance divided by the
number of within-cluster distances to the average between-
cluster distance divided by the number of cluster distances.
The minimum value of this index indicates the optimal
number of clusters.

3.11. KL Index. The value of 𝑞 that maximizes KL(𝑞) [21]
specifies the optimal number of clusters.

3.12. Silhouette Index. The maximum value of this index is
used to determine the optimal number of clusters in the data
[21].

3.13. Dunn Index. The Dunn index [21] is the ratio between
the minimal intercluster distance and the maximal intra-
cluster distance. If the dataset contains compact and well-
separated clusters, the diameter of the clusters is expected to
be small and the distance between the clusters is expected to
be large. Thus, the Dunn index should be maximized.

3.14. SD Index. TheSDvalidity index is based on the concepts
of average scattering for clusters and total separation between
clusters [21]. The number of clusters 𝑞 that minimizes this
index gives the optimal value for the number of clusters in
the dataset.

4. Splitting Households into Clusters

4.1. Data Characteristics. Numerical analyses were perform-
ed using data from 46 households taken from WikiEnergy.
The WikiEnergy dataset, constructed by Pecan Street Inc.,
is a large database of consumer energy information. This
database is highly granular, including usage measurements
collected from up to 24 circuits within the home. The house-
holds considered in the analysis are located in Austin, Texas,
USA. We extracted 14 months of data (March 2013–April
2014) from 46 households in nearby neighborhoods at a
granularity level of 1 hour. Thus, it was possible to aggregate
the hourly demand values and divide the consumers into
homogeneous groups [1]. From the aggregated data (Fig-
ure 1), we could see that the highest electricity consumption
takes place in summer, between June and August, most likely
due to air conditioning.

To analyze the volatility of the load, we prepared the
box and whisker plots, for each of the 24 hours over the
whole year, for two customers: one with quite stable load
profile and the second with highly volatile characteristics
(see Figures 2 and 3 for details). The whiskers show the
minimum and maximum value in a given hour and the box
encloses 50% of the total data (top edge represents the 75th
quartile and bottom edge the 25th quartile, and the line in
the middle is the median). For instance, the household, as
shown in Figure 2, on average consumes 1.5 kWh in each
hour while the volatility is rather low. The other household,
as shown in Figure 3, can be characterized as the one
using, on average, only 0.2 kWh in each hour; however,
the volatility of the load is very high, regardless of the
hour.

It should be noted that the source dataset was of relatively
high quality. The time series in the dataset had no missing
values. In some time series, few outliers were observed;
however, they were left in the dataset. Please refer to Table 1
for the descriptive statistics of the electric load observed
at each of the households. In the preprocessing step, only
normalization of the data was applied. Additionally, only
few features describing particular households were available
(i.e., structural and building specific data). Those were build-
ing type (apartment, single-family home, and town home),
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Figure 1: Hourly load data for 46 customers from 1 March 2013 to
28 February 2014.

construction year, total square footage, and incentive pro-
gram due to the installed photovoltaic systems [22].

The dataset was split into training, validation, and testing
samples. The training sample consisted of data from 365
days (8760 observations) between April 5, 2013, and February
28, 2014; the validation sample consisted of 28 days (672
observations) between March 1, 2014, and March 28, 2014;
and the testing sample consisted of 14 days (336 observations)
between March 29, 2014, and April 11, 2014 [1].

4.2. Determining the Similarity between Time Series. The
starting point for the process of partitioning households was
the selection of training samples for the period considered in
determining the similarity between the electricity consump-
tion time series.

In the second step, using the R-CRAN software, matrixes
of similarity measures were calculated between all 46 time
series. All measures were implemented in the following
libraries:

(i) TSdist [5]: the tsDatabaseDistances function was used
with arguments implementing the following similar-
ity measures:

(a) ccor: distance based on the cross-correlation.
(b) edr: EDR with a threshold value of 𝜀 = 0.2.
(c) dtw: DTW distance.
(d) euclidean: 𝐿𝑝 distance.
(e) fourier: Fourier coefficients-based distance.
(f) lcss: LCSS distance with a threshold value of 𝜀 =

0.2.
(g) sts: STS distance.
(h) tquest: TQuest distance with a threshold value

of 𝜏 = 1.

(ii) TSclust [4]: the diss functionwas usedwith arguments
implementing the following similarity measures:

(a) ACF: autocorrelation-based distances with a
maximum delay of 𝐿 = 50 and geometrically
decaying weights with 𝑝 = 0.05.

Table 1: Descriptive statistics for the electric load observed at each
of the households.

Household number Missing Min Max Mean CV
1 0 0.05 7.36 0.65 1.24
2 0 0.19 7.41 1.29 0.86
3 0 0.01 13.88 3.67 0.65
4 0 0.00 7.89 1.62 0.65
5 0 0.39 12.62 2.42 0.72
6 0 0.20 11.40 2.07 0.86
7 0 0.19 11.10 1.42 1.14
8 0 0.02 5.36 0.48 1.38
9 0 0.27 5.85 1.34 0.63
10 0 0.00 9.20 1.06 1.27
11 0 0.36 10.55 1.77 0.78
12 0 0.13 9.16 1.06 1.15
13 0 0.08 6.27 0.56 1.08
14 0 0.16 8.13 1.03 0.99
15 0 0.24 10.10 1.41 0.73
16 0 0.00 9.53 1.25 1.15
17 0 0.19 5.44 0.94 1,04
18 0 0.27 7,80 1,33 0,82
19 0 0.00 10.04 1.59 0.98
20 0 0.31 7.33 1.35 0.77
21 0 0.65 11.21 2.69 0.62
22 0 0.11 4.05 0.50 0.65
23 0 0.66 6.72 1.50 0.53
24 0 0.29 8.06 1.09 0.92
25 0 0.08 4.71 0.35 1.32
26 0 0.15 7.02 1.11 0.97
27 0 0.08 5.70 0.51 0.98
28 0 0.00 7.96 1.38 0.83
29 0 0.18 10.55 1.27 1.09
30 0 0.00 14.46 3.01 0.77
31 0 0.08 7.88 0.76 1.17
32 0 0.25 7.23 1.06 0.85
33 0 0.15 7.15 1.12 1.11
34 0 0.26 10.67 1.27 1.01
35 0 0.20 8.14 1.64 0.85
36 0 0.06 5.10 0.48 0.90
37 0 0.21 10.15 1.33 0.92
38 0 0.00 3.81 0.56 0.67
39 0 0.00 11.45 1.40 1.16
40 0 0,00 8,49 1,03 1,08
41 0 0,15 6,58 0,92 0,92
42 0 0.10 3.90 0.43 0.89
43 0 0.00 6.97 1.06 0.94
44 0 0.06 4.31 0.31 1.17
45 0 0.41 13.77 2.45 0.84
46 0 0.10 5.68 0.75 0.91

(b) INT.PER: periodogram-based distances in non-
standardized version.

The households were divided into clusters using theWard
method, contained in the hclust function. Each of the 10
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Figure 2: Customer with the least volatile consumption (in kWh) in the analyzed period (1 March 2013 to 28 February 2014).
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Figure 3: Customer with the most volatile consumption (in kWh) in the analyzed period (1 March 2013 to 28 February 2014).

resulting dendrograms was then divided into the following
groups by the cutree function:

(i) Partition 1 containing 2 clusters.
(ii) Partition 2 containing 3 clusters.
(iii) Partition 3 containing 4 clusters.
(iv) Partition 4 containing 5 clusters.
(v) Partition 5 containing 6 clusters.
(vi) Partition 6 containing 7 clusters.
(vii) Partition 7 containing 8 clusters.
(viii) Partition 8 containing 9 clusters.

The size of each cluster according to the type of partition
and the similarity of hourly time series is listed in Table 2. For
the same type of division, the number of households included
in the individual clusters varies depending on the similarity
measure. The quality of the proposed similarity measures
when splitting the data into two clusters is shown in Figure 4.

Themost unbalanced group sizes are given by the distance
based on cross-correlation (one very large cluster, the others
very small), STS distance (two large clusters, the others very
small), andTQuest distance (one very large cluster).Themost
balanced group sizes are given by autocorrelation-based dis-
tances (the smallest cluster contains three households), EDR
(only in the seventh division do groups with fewer than three
households appear), and periodogram-based distances (only

in the last split do groups with fewer than three households
appear). Other similarity measures generate clusters with a
similar number of customers, but small clusters are present
at some levels of division.

To determine the similarity between the results of time
series clustering (Table 3), Baker’s correlation coefficient
[23] (function cor bakers gamma) was implemented in the
dendextend library. This coefficient measures the similarity
between two dendrograms, that is, the results of a hierarchical
clustering, by calculating the highest possible value of q
(number of groups when cutting a tree) for which two time
series still belong to the same subtree. It is known that there
are exactly ( 462 ) = 1035 combinations of such pairs of time
series, based on hierarchical clustering. The same operation
is then performed on the basis of the second dendrogram. In
the next step, these two sets of values (for each dendrogram)
are paired according to the order of comparing elements.
Eventually, the similarity of the clustering results is assessed
on the basis of Spearman’s correlation coefficient.

Based on the results presented in Tables 2 and 3, it can
be observed that similar clustering results are related to
the DTW distance (dtw), 𝐿𝑝 distance (euclidean), Fourier
coefficients-based distance (fourier), and periodogram-based
distances (int.per) (denoted by italic font in Table 3). Dis-
tances carrying the most dissimilar dendrograms are the
autocorrelation-based distances and the longest common
subsequence distance.
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Table 2: Size of each cluster by the type of partition and time series similarity measure.

Partition
number Autocorrelation-based distances Partition

number Fourier coefficients-based distance

1 35 11 1 40 6
2 26 11 9 2 30 6 10
3 23 11 3 9 3 30 2 4 10
4 7 16 11 3 9 4 30 1 4 10 1
5 7 16 4 7 3 9 5 21 1 9 4 10 1
6 7 11 4 5 7 3 9 6 21 1 8 4 10 1 1
7 7 11 4 5 7 3 4 5 7 13 1 8 8 4 10 1 1
8 3 4 11 4 5 7 3 4 5 8 13 1 8 8 3 1 10 1 1
Partition
number Distance based on cross-correlation Partition

number Periodogram-based distances

1 40 6 1 37 9
2 40 5 1 2 26 9 11
3 40 1 4 1 3 26 3 6 11
4 39 1 4 1 1 4 10 3 16 6 11
5 39 1 2 1 2 1 5 10 3 11 6 11 5
6 36 3 1 2 1 2 1 6 5 3 11 6 5 11 5
7 35 3 1 2 1 2 1 1 7 5 3 11 3 5 3 11 5
8 35 3 1 1 1 2 1 1 1 8 5 2 11 3 5 3 1 11 5
Partition
number DTW distance Partition

number LCSS distance

1 40 6 1 40 6
2 30 6 10 2 38 2 6
3 24 6 6 10 3 9 29 2 6
4 24 2 6 4 10 4 9 12 2 17 6
5 24 1 6 4 10 1 5 4 12 2 17 6 5
6 15 1 6 9 4 10 1 6 4 12 2 16 6 5 1
7 15 1 6 9 1 3 10 1 7 4 7 2 5 16 6 5 1
8 6 1 9 6 9 1 3 10 1 8 4 6 2 5 16 6 5 1 1
Partition
number EDR distance Partition

number STS distance

1 24 22 1 25 21
2 24 7 15 2 24 21 1
3 18 7 15 6 3 23 1 21 1
4 14 7 15 6 4 4 22 1 21 1 1
5 14 3 15 4 6 4 5 21 1 21 1 1 1
6 12 3 15 4 2 6 4 6 19 1 21 2 1 1 1
7 12 2 15 4 2 6 1 4 7 19 1 21 1 1 1 1 1
8 12 2 7 4 8 2 6 1 4 8 18 1 21 1 1 1 1 1 1
Partition
number 𝐿𝑝 distance Partition

number TQuest distance

1 40 6 1 42 4
2 30 6 10 2 42 3 1
3 30 2 4 10 3 41 3 1 1
4 30 1 4 10 1 4 41 1 2 1 1
5 18 1 12 4 10 1 5 39 1 2 1 2 1
6 18 1 11 4 10 1 1 6 35 4 1 2 1 2 1
7 18 1 10 1 4 10 1 1 7 35 3 1 2 1 2 1 1
8 18 1 6 4 1 4 10 1 1 8 35 3 1 2 1 1 1 1 1
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Figure 4: Continued.
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Figure 4: Normalized average hourly load profiles for partition 1 containing 2 clusters.

Table 3: Baker’s correlation coefficient between clustering results on the basis of different measures of time series similarity.

acf ccor dtw edr euclidean fourier int.per lcss sts tquest
acf 1.000
ccor 0.038 1.000
dtw 0.150 0.099 1.000
edr 0.066 0.044 0.315 1.000
euclidean 0.132 0.121 0.948 0.292 1.000
fourier 0.158 0.116 0.951 0.337 0.965 1.000
int.per 0.050 0.110 0.667 0.232 0.715 0.699 1.000
lcss 0.024 −0.053 0.001 −0.039 −0.003 0.003 −0.060 1.000
sts 0.044 0 0.267 0.114 0.236 0.227 0.334 −0.043 1.000
tquest −0.021 0.350 0.148 0.084 0.174 0.139 0.135 −0.007 −0.024 1.000

4.3. Determining the Relevant Number of Clusters. Using the
NbClust library [21], the relevant number of clusters for all
46 time series was determined. The input arguments of this
package are the real-time values of the time series and a simi-
larity array.The optimumnumber of clusters was determined
on the basis of the eight different partitions defined earlier
(Table 2).The input parameters for theNbClust functionwere
as follows:

(i) ch: Calinski and Harabasz index.
(ii) duda: Duda index.
(iii) cindex: C index.
(iv) ptbiserial: Ptbiserial index.
(v) db: DB index.
(vi) frey: Frey index.
(vii) hartigan: Hartigan index.
(viii) ratkowsky: Ratkowsky index.
(ix) ball: Ball index.
(x) mcclain: McClain index.
(xi) kl: KL index.
(xii) silhouette: Silhouette index.
(xiii) dunn: Dunn index.
(xiv) sdindex: SD index.

The aggregated results for the relevant number of clusters
for hourly electricity demand are presented in Table 4.
Using a simple majority vote for the relevant number of
clusters (partitions in italic font denote the greatest number of
measures), it was observed that most measures of time series
similarity would split the households into two groups. The
LCSS distance gives a very different result, and the EDR and
TQuest distances give two equally applicable cluster numbers.

Additionally, it can be realized that Ball’s, Frey’s, and
McClain’s measures tend to indicate relatively few clusters.
For the remaining measures, some subgroups indicate a
similar number of clusters for particular time series simi-
larity measures [24]. For example, Silhouette’s, Ptbiserial’s,
Davies and Bouldin’s, Ratkowski’s, Dunn’s, and SD’s measures
indicate almost the maximum number of clusters for the
LCSS and STS distances, whereas they indicate the minimum
number of clusters for DTW, EDR, and the periodogram-
based distances.

5. An Approach to Forecasting

5.1. Short-Term Load Forecasting. Recently, with advances
in smart metering, there has been a lot of interest in resi-
dential power load forecasting and application of analytical
techniques to load forecasting on the individual household
level [1, 25–27]. However, such a level of granularity is
challenging due to the extreme load volatility which is
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Table 4: Voting results for the relevant number of clusters based on the partition type and the time series similarity measure.

Measure distance Number of clusters
2 3 4 5 6 7 8 9

Autocorrelation-based distances 5 2 3 1 0 0 0 2
Distance based on cross-correlation 4 1 1 1 2 0 1 3
DTW distance 7 5 1 0 1 0 0 0
EDR distance 6 6 0 0 0 1 0 0𝐿𝑝 distance 8 2 2 2 0 0 0 0
Periodogram-based distances 7 3 0 0 0 0 2 2
Fourier coefficients-based distance 8 3 1 2 0 0 0 0
LCSS distance 2 1 0 3 1 0 1 5
STS distance 5 1 0 1 1 0 1 4
TQuest distance 2 2 1 1 3 3 0 1

the result of many different dynamic processes observed at
individual households, including behavioral and sociodemo-
graphic components. Aggregation of individual and to some
extent stochastic components reduces the inherent variability
of electricity usage resulting in smoother load shapes, and,
as a result, the forecasting applied to the higher aggregation
levels (power stations or regions) can be achieved with quite
low errors.

Differentmethods have been proposed for forecasting the
electric load demand in the last decades. Several modeling
techniques are typically used for energy load forecasting.
These techniques can be classified into nine categories [28]:
(1) multiple regression, (2) exponential smoothing, (3) itera-
tive reweighted least squares, (4) adaptive load forecasting,
(5) stochastic time series, (6) ARMAX models based on
genetic algorithms, (7) fuzzy logic, (8) artificial neural net-
works, and (9) expert systems. However, the list is not closed
and new techniques are still being adopted and tested for
the purpose of accurate electricity load forecasting, including
support vector machines or random forests, just to name a
few.

Based on literature review, one can conclude that time
series analyses are not effective in highly volatile data [29],
and therefore time series methods such as regression models,
ARIMA models, GARCH, and hybrid models such as the
combination of ARIMA and GARCH using wavelet trans-
form are not considered for short-term forecasting when
dealing with volatile data [25, 27]. Rather than these, the
machine learning techniques like artificial neural networks,
support vector machines, or random forests are recently
applied in this area with positive outcome [30–33].

Therefore, for the forecasting experiments, we focused
on application of machine learning techniques including
artificial neural networks, support vector machines, random
regression forests, regression trees, and 𝑘-NN regression,
and as benchmark models, we have selected ARIMA models
and some simple techniques like stepwise regression, naive
forecast, and random forecasts.

5.2. Accuracy Measures. To assess the forecasting perfor-
mance of the model, three measures were used: precision,

resistant mean absolute percentage error (MAPE), and accu-
racy [34]. Precision is defined as howwell themodel is able to
forecast the actual load. To measure the precision, the mean
squared error (MSE) was used:

MSE = 1𝑛
𝑛∑
𝑖=1

(𝐿 𝑖 − 𝑃𝑖)2 , (1)

where 𝐿 𝑖 and 𝑃𝑖 denote the observed and forecasted load in
hour 𝑖, respectively [1].

The MAPE satisfies the criteria of reliability, ease of
interpretation, and clarity of presentation. However, it does
not meet the validity criterion, because the distribution of
the absolute percentage errors is usually skewed to the right
because of the presence of outliers. In these cases, MAPE
can be overinfluenced by some very bad instances, which
disrupt otherwise good forecasts [34]. Therefore, we propose
the alternative measure of resistant MAPE (r-MAPE) based
on the calculation of Huber’s M-estimator, which helps to
overcome the aforementioned limitation [35].

The M-estimator for the location parameter 𝜇 using the
maximum likelihood (ML) estimator is defined as a solution𝜃 to

min
𝜃

𝑛∑
𝑖=1

𝜌((𝐿 𝑖 − 𝑃𝑖) /𝐿 𝑖 − 𝜃𝜎 ) × 100%, (2)

or
𝑛∑
𝑖=1

𝜑((𝐿 𝑖 − 𝑃𝑖) /𝐿 𝑖 − 𝜃𝜎 ) × 100% = 0, (3)

where𝜑 = 𝜌 and𝜎 is the scale parameter. For a given positive
constant 𝑘, Huber’s estimator is defined by the following
function 𝜑 in (3):

𝜑 (𝑘) =
{{{{{{{{{

𝑘 𝑥 > 𝑘
𝑥 −𝑘 ≤ 𝑥 ≤ 𝑘
−𝑘 𝑥 < 𝑘,

(4)

where 𝑘 is a tuning constant that determines the degree of
robustness; in this study, we set 𝑘 = 1.5 [36]. The application
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Table 5: Feature vector used in forecasting.

Attribute number Description Formula
1–24 Hour indicator (dummy variable) 𝐺𝑖, 𝑖 = 1, . . . , 24
25–55 Day of the month indicator (dummy variable) 𝐷𝑖, 𝑖 = 1, . . . , 31
56–62 Day of the week indicator (dummy variable) 𝑇𝑖, 𝑖 = 1, . . . , 7
63–74 Month indicator (dummy variable) 𝑀𝑖, 𝑖 = 1, . . . , 12
75 Holiday indicator (dummy variable) 𝑆
76 Sunset indicator (dummy variable) 𝑁
77–100 Load of the previous 24 hours 𝑍𝑔−𝑖, 𝑖 = 1, . . . , 24
101–104 Minimum load of the previous 3, 6, 12, and 24 hours min{𝑍𝑔−1, . . . , 𝑍𝑔−𝑖}, 𝑖 = 3, 6, 12, 24
105–108 Maximum load of the previous 3, 6, 12, and 24 hours max{𝑍𝑔−1, . . . , 𝑍𝑔−𝑖}, 𝑖 = 3, 6, 12, 24
109–114 Load in the same hour of the previous week (6 days) 𝑍𝑔,𝑑−𝑖, 𝑖 = 2, . . . , 7
115–118 Load in the same hour of the same day in previous weeks (4 weeks) 𝑍𝑔,𝑑−𝑖, 𝑖 = 14, 21, 28, 35
119–122 Average temperature observed over previous hourly periods avg{𝑇𝑔−𝑖, . . . , 𝑇𝑔−𝑖[+1]}, 𝑖 = 1, 3, 6, 12, 24
123–128 Average temperature observed in the same hour over the previous 6 days 𝑇𝑔,𝑑−𝑖, 𝑖 = 2, . . . , 7
129–132 Average weekly temperature observed in the previous 𝑖-day periods avg{𝑇𝑔,𝑑−𝑖, . . . , 𝑇𝑔,𝑑−𝑖[+1]}, 𝑖 = 7, 14, 21, 28, 35
133–136 Average humidity observed over previous hourly periods avg{𝑊𝑔−𝑖, . . . ,𝑊𝑔−𝑖[+1]}, 𝑖 = 1, 3, 6, 12, 24
137–142 Average humidity observed in the same hour over the previous 6 days 𝑊𝑔,𝑑−𝑖, 𝑖 = 2, . . . , 7
143–146 Average humidity observed in the previous 𝑖-day periods avg{𝑊𝑔,𝑑−𝑖, . . . ,𝑊𝑔,𝑑−𝑖[+1]}, 𝑖 = 7, 14, 21, 28, 35
Notation [+1] stands for the next element from the set of indices 𝑖 {1, 3, 6, 12, 24}, for example, avg{𝑇𝑔,𝑑−1, . . . , 𝑇𝑔,𝑑−3}.

of this function is known as metric Winsorizing and brings
extreme observations into the range 𝜇 ∓ 𝑘. In practice, 𝜎 is
not known; thus, a MAD robust estimator is used:

MAD = median (𝑥𝑖 −median (𝑥𝑖)) . (5)

Finally, an accuracy measure was used to identify how
many “correct” forecasts the model makes. Correctness is
defined by the user, for example, forecasts within a percentage
range of the actual load. However, for low loads, a percentage
range may become insignificant [1]. For a load of 0.1 kWh, a
15% range would be 0.085–0.115, and a forecast of 0.2 kWh
will be considered wrong, whereas such a forecast would be
acceptable in practice. To address this false loss of accuracy,
we set a 15% range of error to define the general accuracy, but
if the load is smaller than 1 kWh, then a range of ±0.15 kWh is
considered acceptable [36]. Therefore, the accuracy for hour𝑖 is given by

Accuracy = ∑1 {𝐿 𝑖 > 1, 𝐿 𝑖 − 𝑃𝑖 < 𝑃𝑖 ∗ 0.15}
+∑1 {𝐿 𝑖 < 1, 𝐿 𝑖 − 𝑃𝑖 < 0.15} . (6)

5.3. Predictors. In this study, we focus on forecasting the
24-hour-ahead electricity usage. To forecast the load, we
constructed a feature vector with the attributes presented
in Table 5. These attributes were constructed based on time
series of the hourly electricity demand. Additional variables
such as temperature, humidity, and date were also collected.

Electricity demand varies depending on the time of
day (daily cycles), day of the week (weekly cycles), day of
the month (monthly cycles), season (seasonal cycles), and
occurrence of holidays.Therefore, we enriched the analysis by
considering 76 dummy variables describing the hour (1–24),

day of the month (31 variables), day of the week (seven
variables), month (12 variables), occurrence of holidays (one
variable), and sunset in a particular hour (one variable) [1].

The main variables in the forecasting process are those
derived directly from the time series, and they include the
maximum,minimum, and actual demand at certain intervals.
The features were created by decomposing the time series.

5.4. Implementation. Building predictive models involves
huge volumes of data and complex algorithms. Therefore,
an efficient computing environment with high-performance
computers is necessary. In our case, all the numerical cal-
culations were performed on computing clusters located at
the Interdisciplinary Center for Mathematical and Computa-
tional Modelling at the University of Warsaw. The HYDRA
engine with the Scientific Linux 6 operating system was used
with the following nodes and parameters [1]:

(i) Istanbul: AMD Opteron� 2435 2.6GHz, 2 CPU × 6
cores, 32GB RAM.

(ii) Westmere: Intel� Xeon� CPUX5660 2.8GHz, 2 CPU× 6 cores, 24GB RAM.

R-CRANwas used as the computing environment.This is
an advanced statistical package and an interpreted program-
ming language; it is licensed under the GNU GPL and based
on the S language [36].

The starting point for the numerical experiments was the
division of the WikiEnergy dataset into training (330 days,
instead of 365 days, due to up to 35-day time window for
attributes construction), validation (28 days), and testing (14
days) samples as described earlier.

The main criterion for training the models is the efficient
generalization of knowledge with the least error. The most
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commonly used measure to assess the quality of forecasts in
the electric power system isMAPE.Therefore, to find the best
parameters for all models and ensure their generalization, the
following function was minimized:

𝑓 (MAPE𝑈,MAPE𝑉) = 12 MAPE𝑈 −MAPE𝑉


+ 12MAPE𝑉,
(7)

where MAPE𝑈 and MAPE𝑉 denote the training and valida-
tion errors, respectively [36].

The experiments tested a broad set of machine learning
algorithms, including artificial neural networks, regression
trees, random forest regression, 𝑘-nearest neighbors regres-
sion, and support vector regression. In the following sub-
sections, these algorithms are briefly introduced along with
their settings. The proposed machine learning algorithms
were challenged against some typical approaches used for
forecasting (benchmarks), namely, naive forecast, random
forecast, the ARIMA model, and stepwise regression [1].

5.4.1. Artificial Neural Networks. Artificial neural networks
are mathematical objects in the form of equations or sys-
tems of equations, usually nonlinear, for analysis and data
processing. The purpose of neural networks is to convert
input data into output data with a specific characteristic or to
modify such systems of equations to read useful information
from their structure and parameters. On the statistical basis,
selected types of neural networks can be interpreted in
general nonlinear regression categories.

In studies related to forecasting in power engineering,
multilayer, one-way artificial neural networks with no feed-
back are most commonly used. Multilayer perceptron (MLP)
networks are one of the most popular types of supervised
neural networks. For example, the MLP network (3, 4, 1)
means a neural networkwith three inputs, four neurons in the
hidden layer, and one neuron in the output layer. In general,
the three-layerMLP neural network (𝑃,𝑀,𝐾) is described by
the expression

𝑓 (x𝑖,w) = ℎ2 (W2 [ℎ1 (W1x𝑖 + b1)] + b2) , (8)

where x𝑖 = (𝑥1, . . . , 𝑥𝑝)𝑇 represents the input data,W1 is the
matrix of the first layer weights with dimensions𝑀 × 𝑃,W2
is the matrix of the second layer weights with dimensions𝐾 × 𝑀, and ℎ𝑖(u) and b𝑖 are nonlinearities (functions of
neuron activation, e.g., logistic function) and constant values
in subsequent layers, respectively.

The goal of supervised learning of the neural network is to
search for such network parameters that minimize the error
between the desired values𝐿 𝑖 and those received at the output
of the network 𝑃𝑖. The most frequently minimized error
function is the sum of the squares of differences between the
actual value of the explained variable and its theoretical value
determined by the model, with the values of the synaptic
weight vector set:

𝐸 (w) = 12
𝐾∑
𝑘=1

e(𝑘) = 12
𝐾∑
𝑘=1

( 𝑛∑
𝑖=1

(𝑃(𝑘)𝑖 − 𝐿(𝑘)𝑖 )2) , (9)

where 𝑛 is the number of training samples, 𝑃(𝑘)𝑖 and 𝐿(𝑘)𝑖 are
the predicted and reference values, and 𝐾 is the number of
training epochs of the neural network.

The neural network learning process involves the iterative
modification of the values of the synaptic weight vectorw (all
weights are set in one vector), in iteration 𝑘 + 1:

w𝑘+1 = w𝑘 + 𝜂𝑘p𝑘, (10)

where p𝑘 is the direction of the minimization of the function𝐸(w) and 𝜂 is the magnitude of the learning error. The most
popular optimization methods are undoubtedly gradient
methods, which are based on the knowledge of the function
gradient:

p𝑘 = − [H (w𝑘)]−1 g (w𝑘) , (11)

where g andH denote the gradient and the Hessian of the last
known solution w𝑘, respectively.

In the practical implementations of the algorithm, the
exact determination of Hessian H(w𝑘) is abandoned, and
its approximation G(w𝑘) is used instead. One of the most
popularmethods of learning neural networks is the algorithm
of variable metrics. In this method, the Hessian (or its
reversal) in each step is modified from the previous step by
some correction. If by c𝑘 and r𝑘 the increments of the vector
w and the gradient g in two successive iterative steps are
marked, c𝑘 = w𝑘 − w𝑘−1, r𝑘 = g𝑘 − g𝑘−1, and by V𝑘 the
inverse matrix of the approximate Hessian V𝑘 = [G(w𝑘)]−1,
V𝑘−1 = [G(w𝑘−1)]−1, according to the most effective for-
mula of Broyden–Fletcher–Goldfarb–Shanno (BFGS) [37],
the process of updating the value of theV𝑘matrix is described
by the recursive relationship

V𝑘 = V𝑘−1 + (1 + r𝑇𝑘V𝑘−1r𝑘
c𝑇
𝑘
r𝑘

) c𝑘c𝑇𝑘
c𝑇
𝑘
r𝑘

− c𝑘r𝑇𝑘V𝑘−1 + V𝑘−1r𝑘c𝑇𝑘
c𝑇
𝑘
r𝑘

.
(12)

As a starting value, V0 = 1 is usually assumed, and the first
iteration is carried out in accordance with the algorithm of
the largest slope.

Artificial neural networks are often used to estimate or
approximate functions that can depend on a large number of
inputs. In contrast to the other machine learning algorithms
considered in these experiments, the ANN required the
input data to be specially prepared. The vector of continuous
variables was standardized, whereas the binary variables were
converted such that 0s were transformed into values of −1.
Finally, the dependent variable was normalized by zero uni-
tarization. To generate a forecast, the reverse transformation
of the dependent variable was applied [1].

To train the neural networks, we used the Broyden–
Fletcher–Goldfarb–Shanno (BFGS) algorithm, which is a
quasi-Newton optimization method (available in the nnet
library).Thenetwork had an input layer with 146 neurons and
a hidden layer with 10, 15, 20, . . . , 50 neurons (i.e., nine sets of
experiments).
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A logistic function was used to activate all of the neurons
in the network, and a regularization factor was introduced to
penalize weights that were too high in the network (to control
overfitting). Factor values of 0.01, 0.1, and 0.5 were considered
[1].

In each experiment, 27 neural networks were learned
with various parameters (the number of neurons in the
hidden layer multiplied by the number of penalties). To avoid
overfitting, after each learning iteration had finished (with a
maximum of 50 iterations), the models were checked using
the error measure defined in (7). Finally, out of the 27 learned
networks, that with the smallest error was chosen as the best
for delivering forecasts [36].

5.4.2. k-Nearest Neighbors Regression. The 𝑘-nearest neigh-
bors regression [38] is a nonparametricmethod,whichmeans
that no assumptions are made regarding the model that
generates the data. Its main advantage is the simplicity of the
design and low computational complexity.The forecast of the
value of the explained variable 𝐿 𝑖 on the basis of the vector of
explanatory variables x𝑖 is determined as

𝑃𝑖 = ∑𝐾𝑘=1 𝐿𝑘𝐼 (x𝑖, x𝑘)𝐾 , (13)

where

𝐼 (x𝑖, x𝑘)
= {{{

1, if x𝑘 is one of the 𝑘 nearest neighbors x𝑖
0, otherwise,

(14)

whereas x𝑘 is one of the 𝑘-nearest neighbors x𝑖, in the case
where the distance 𝑑(x𝑖, x𝑘) belongs to 𝑘 smallest distance
between the observations from the set X and x𝑘. The most
commonly used distance is the Euclid distance.

To improve the algorithm, we normalized the explana-
tory variables (standardization for quantitative variables and
replacement of 0 by −1 for binary variables). The normal-
ization ensures that all dimensions for which the Euclidean
distance is calculated have the same importance. Otherwise,
a single dimension could dominate the other dimensions [1].

The algorithm was trained with knnreg implemented in
the caret library. Different values of 𝑘were investigated in the
experiments: {5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70,
75, 80, 85, 90, 95, 100, 110, 120, 130, 140, 150, 160, 170, 180, 190,
200, 250, 300}. The optimal value, and thus the final form of
the model, was determined as that giving the minimum error
according to (7).

5.4.3. Regression Trees. Regression trees are popular machine
learning induction tools. They approximate target functions
in a discreet way and represent them in a tree structure
or alternatively in a set of decision rules. Characteristic for
decision trees is the division of a multidimensional space
of features into disjoint 𝑅𝑘 segments, within which a simple
model approximating locally the target function within the
segment is under consideration [39].

The regression tree in the CART version was used in this
work. This tree consists of intermediate nodes in which tests
are performed on explanatory variables, end nodes (leaves)
storing values of the dependent variable 𝐿 𝑖 (expressed as
the average value of objects belonging to a given segment),
and branches connecting nodes.The discussed type of model
is a binary tree, which means that each branch has two
branches (descendants). In the tree construction process, the
intermediate sets divide the set of examples into two subsets:
positive examples that meet the test assigned to the node and
negative examples that do not meet this test. The aim is to
ensure that the values of the target function of examples in
these subsets have the smallest possible variance:

𝑠2 (P) = 1𝑁𝑘 ∑𝑘∈𝑅𝑘 (𝐿𝑘 − 𝐿𝑅𝑘)
2 , (15)

where 𝑁𝑘 is the number of observations in the 𝑅𝑘 segment
and 𝐿𝑅𝑘 is the average value of the target function of the
examples in the set 𝑅𝑘. The variance (15) is a measure of the
inhomogeneity of the node (impurity).The division of the set
of examples in a node into two subsets as a result of the test is
justified if it leads to the reduction of heterogeneity; that is,

𝑁𝑃𝑠2 (𝑅𝑘𝑃) + 𝑁𝑁𝑠2 (𝑅𝑘𝑁) < 𝑠2 (𝑅𝑘) , (16)

where (𝑅𝑘), (𝑅𝑘𝑃), (𝑅𝑘𝑁) are sets of indexes of examples in
the parent node (parent) and in child nodes with positive or
negative examples. In addition 𝑁𝑃 and 𝑁𝑁 are numbers of
positive and negative examples in set 𝑅𝑘: 𝑁𝑃 = |𝑅𝑘𝑃|/|𝑅𝑘|,𝑁𝑁 = |𝑅𝑘𝑁|/|𝑅𝑘|.

Regression trees are usually built according to the
descending scheme. Starting from the start node (root) in
which the entire learning set is considered, it moves to the
next nodes as a result of dividing the examples into subsets𝑅𝑘𝑃 and 𝑅𝑘𝑁. The size of the tree depends on the complexity
of the problem under consideration. The size of the tree,
which implies the degree of its fit to the learning data, can
be controlled, for example, using the parameter cp. This
parameter indicates to the algorithm how much the general
model performance should be increased in each step, so that
a given decision node can be divided.

To train regression trees, the rpart package was used to
implement the CART algorithm. In the process of dividing
a multidimensional space, the dispersion (variance) around
the mean value of the dependent variable for observations
belonging to the same node (leaf) was minimized. At each
stage of node splitting, the variable value that minimized
the sum of squares was chosen. The minimum number of
observations in the node was set to 20, and the leaf was set
to at least six observations; otherwise, the node was split [1].

Instead of pruning the tree at the end of the algorithm,
we used pruning during the growth stage. Generally, this
approach prevents new splits from being created when the
previous splits provided only a slight increase in predictive
accuracy. The complexity parameter (cp) varied from 0 to
0.1 in increments of 0.001, meaning that if any split did
not increase the model’s overall coefficient of determination
by at least cp, then the split was decreed to be not worth
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pursuing. The tree was built up to a depth of 30 levels. Out
of 1000 regression trees that were tested, the final structure
was chosen based on the error measure defined in (7) [1].

5.4.4. Random Regression Forests. Random forests are an
ensemble learning method for regression that operate by
constructing a multitude of decision trees at training time
and outputting the prediction of the individual trees. Random
forests correct for decision trees’ habit of overfitting to their
training set [40].

The training algorithm for random forests applies the
general technique of bootstrap aggregating, or bagging, to
tree learners. Given a training setXwith responses L, bagging
repeatedly (𝐵 times) selects a random sample with replace-
ment of the training set and fits trees𝑇𝑖 to these samples. After
training, predictions for unseen samples X can be made by
averaging the predictions from all the individual regression
trees on X:

P = 1𝐵
𝐵∑
𝑖=1

𝑇𝑖 (X) . (17)

This bootstrapping procedure leads to better model per-
formance because it decreases the variance of the model,
without increasing the bias. This means that while the
predictions of a single tree are highly sensitive to noise in its
training set, the average of many trees is not, as long as the
trees are not correlated.

The above procedure describes the original bagging
algorithm for trees. Random forests differ in only one way
from this general scheme: they use a modified tree learning
algorithm that selects, at each candidate split in the learning
process, a random subset of the features. This process is
sometimes called feature bagging. The reason for doing this
is the correlation of the trees in an ordinary bootstrap
sample: if one or a few features are very strong predictors
for the response variable (target output), these features will
be selected in many of the 𝐵 trees, causing them to become
correlated. Typically, for a regression problemwith𝑝 features,𝑝/3 (rounded down) features are used in each split.

To train the random regression forest, an algorithm from
the randomForest library was used. Prior to the training, 𝑛-
element samples were selected with replacement, and these
accounted for approximately 63% of the population. The
samples were used to construct the CART tree. Each tree was
built to its maximum size (without pruning), preventing the
occurrence of five or fewer observations in a leaf [1].

A randomized subset of variables was used to construct
each tree.The total number of trees in the forest was 500.The
final forecast was defined based on Huber’s robust estimator
[35]. Finally, as in previous cases, the best forest structure was
chosen based on the error measure defined in (7).

5.4.5. Support Vector Regression. Support vector learning is
based on simple ideas which originated in statistical learning
theory [41]. The simplicity comes from the fact that support
vector machines (SVMs) apply a simple linear method to
the data but in a high-dimensional feature space nonlinearly
related to the input space. Moreover, even though we can

think of SVMs as a linear algorithm in a high-dimensional
space, in practice, it does not involve any computations in that
high-dimensional space.

SVMs use an implicit mapping Φ of the input data into a
high-dimensional feature space defined by a kernel function,
that is, a function returning the inner product ⟨Φ(x𝑖), Φ(xi )⟩
between the images of two data points x𝑖, xi in the feature
space. The learning then takes place in the feature space, and
the data points only appear inside dot products with other
points [42]. More precisely, if a projection Φ : X → H is
used, the dot product ⟨Φ(x𝑖), Φ(xi )⟩ can be represented by a
kernel function 𝑘:

𝑘 (x𝑖, xi) = ⟨Φ (x𝑖) , Φ (xi)⟩ , (18)

which is computationally simpler than explicitly projecting x𝑖
and xi into the feature spaceH.

Training an SVM regression involves solving a quadratic
optimization problem. Using a standard quadratic problem
solver for training an SVM would involve solving a big QP
problem even for a moderate sized dataset, including the
computation of an 𝑛×𝑛matrix inmemory (𝑛 training points).
In general, predictions correspond to the decision function

𝑃𝑖 = sign (⟨w, Φ (x𝑖)⟩) , (19)

where solution w has an expansion w = 𝛼𝑖∑iΦ(x𝑖) in terms
of a subset of training patterns that lie on the margin.

Using a different loss function called the 𝜀-insensitive loss
function ‖𝐿 𝑖 − 𝑓(x𝑖)‖𝜀 = max{0, ‖𝐿 𝑖 − 𝑓(x𝑖)‖ − 𝜀}, SVMs can
also perform regression.This loss function ignores errors that
are smaller than a certain threshold 𝜀 > 0, thus creating a tube
around the true output. The primal optimization problem
takes the form

minimize (𝑡,w)
= 12 ‖w‖2
+ 𝐶𝑛
𝑛∑
𝑖=1

(𝜉𝑖 + 𝜉∗𝑖 ) ,
subject to (⟨Φ (x𝑖) ,w⟩ + 𝑏) − 𝐿 𝑖

≤ 𝜀 − 𝜉𝑖,
𝐿 𝑖 − (⟨Φ (x𝑖) ,w⟩ + 𝑏)
≤ 𝜀 − 𝜉∗𝑖 ,

𝜉∗𝑖 ≥ 0, (𝑖 = 1, . . . , 𝑛) ,

(20)

where 𝐶 is the cost parameter that controls the penalty paid
by the SVM for misclassifying a training point and thus the
complexity of the prediction function. A high cost value 𝐶
will force the SVM to create a complex enough prediction
function to misclassify as few training points as possible,
while a lower cost parameter will lead to a simpler prediction
function.

To construct the support vector regression model, 𝜀-SVR
from the kernlab library with sequential minimal optimiza-
tion (SMO) was used to solve the quadratic programming
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problem. A linear kernel function was used, and 𝜀 (which
defines themargin width for which the error function is zero)
was arbitrarily taken from the following set: {0.01, 0.05, 0.1,
0.25, 0.5, 0.75, 1} [1].

The regularized parameter𝐶 that controls overfitting was
arbitrarily set to one of the following values {0.0001, 0.0005,
0.001, 0.005, 0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 1}. Finally, as in all
previous cases, the model that minimized the error function
(7) was chosen [1].

5.4.6. Naive Forecast. The naive forecast was constructed in
the followingmanner. For the forecasting horizon of 24 h, the
value recorded on the previous day at that hour was taken as
the forecast [1].

5.4.7. Random Forecast. The random forecast was construct-
ed in the following way. Given the electricity consumption
in a given hour on a particular day of the week, empirical
distribution functions were computed. Using a runif func-
tion, a value between 0 and 1 was then drawn from a uniform
distribution (𝑝 probability). This value was used to estimate
the quantile of the empirical distribution (the final value of
the forecast) according to a weighted averaging of the order
statistic 𝐿 𝑖 (quantile function):

𝑄𝑝 = (1 − 𝛾) 𝐿 𝑖 + 𝛾𝐿 𝑖+1, (21)

where 𝛾 = 𝑛𝑝 + 𝑚 − 𝑔, 𝑛 is the number of observations, 𝑔 =
floor(𝑛𝑝 + 𝑚), and𝑚 = 1 − 𝑝 [1].

5.4.8. ARIMA Model. Autoregressive integrated moving-
average model provides a description of a stationary stochas-
tic process in terms of two polynomials, one for the autore-
gression and the other for the moving average that is applied
in some cases where data show evidence of nonstationarity,
where an initial differencing step (corresponding to the
integrated part of the model) can be applied one or more
times to eliminate the nonstationarity [43]. For a given time
series of data 𝐿 𝑖, an ARIMA(𝑝, 𝑑, 𝑞) model is given by

(1 − 𝑝∑
𝑗=1

𝜑𝑗𝐵𝑗)(1 − 𝐵)𝑑 𝐿 𝑖 = 𝛿 + (1 + 𝑞∑
𝑗=1

𝜃𝑗𝐵𝑗)𝜀𝑗, (22)

where 𝑝 is the order (number of time lags) of the autoregres-
sive model, 𝑑 is the degree of differencing (the number of
times the data have had past values subtracted), 𝑞 is the order
of the moving-average model, 𝐵𝑗 is the lag operator, 𝜑𝑗 are
the parameters of the autoregressive part of the model, 𝜃𝑗 are
the parameters of themoving-average part, 𝜀𝑗 are error terms,
and finally 𝛿 is a drift factor 𝛿 = 𝜇(1 − 𝜑1 − ⋅ ⋅ ⋅ − 𝜑𝑝), where𝜇 is the mean of (1 − 𝐵)𝑑𝐿 𝑖. The error terms 𝜀𝑗 are generally
assumed to be independent, identically distributed variables
sampled from a normal distribution with zero mean.

To determine the order of an ARIMA model, a useful
criterion is the Akaike information criterion (AIC) written
as

AIC = −2 log (𝐿) + 2 (𝑝 + 𝑞 + 𝑘 + 1) , (23)

where 𝐿 is the likelihood of the data; the parameter 𝑘 in
this criterion is defined as the number of parameters in the
model being fitted to the data. Therefore, this part uses the
auto.arima function implemented in the forecast library. The
function identifies and estimates the model by minimizing
Akaike’s information criterion.

In this model, the maximum values for the AR and MA
orders were arbitrarily set to 𝑝 = 14 and 𝑞 = 14. The
degree of differencing was tested with the Kwiatkowski–
Phillips–Schmidt–Shin (KPSS) test, which examines the null
hypothesis that an observable time series is stationary around
a deterministic trend [1].

5.4.9. Stepwise Regression. Stepwise linear regression of the
form

𝐿 𝑖 = x𝑇𝑖 𝛽 + 𝜀𝑖 (24)

was used as an automated tool to identify a useful subset of
predictors (where x𝑖 denotes vector of independent variables,
𝛽 is the vector of the models’ parameters, and 𝜀𝑖 is the
error variable). Two procedures were tested: the first adds
the most significant variable (forward selection) and the
second removes the least significant variable during each step
(backward elimination). The forward approach stops when
all variables not in the model have 𝑝 values that are greater
than the specified alpha-to-enter value (5% significance level
was used).The backward elimination stops when all variables
in the model have p values that are less than or equal to the
specified alpha-to-remove value (5% significance level was
used) [1].

6. Forecasting Aggregated Electricity Demand

6.1. Forecasting Electricity Demand for the Entire Population.
In the first step of the forecasting stage, the hourly (𝑔) values
of electricity demand were aggregated by summing all 𝑛
values of 𝑧(𝑖)𝑔 in the entire population:

𝑧population𝑔 = 𝑛∑
𝑖=1

𝑧(𝑖)𝑔 . (25)

For the clarity of the presented results, the following
notation is introduced: 𝑍24, naive forecast; 𝐹𝑔, random fore-
cast; ARIMA, ARIMA model; 𝐿 𝑓, stepwise regression with
forward selection; 𝐿 𝑏, stepwise regression with backward
elimination; k-NN, 𝑘-nearest neighbors regression; RPART,
regression trees; RF, random regression forests; NNET, arti-
ficial neural network; and SVR, support vector regression
[1].

Forecasting results for hourly models with a forecast
horizon of 24 h are presented in Table 6. The best results
for the test set were obtained by SVR, NNET, and the two
comparative methods (𝐿 𝑓 and 𝐿 𝑏). After examining each
of the separate subsets (training, validation, and test) and the
error metrics, it is clear that the machine learning models
(except for random forests) exhibit good stability. There is
also no difference between the MAPE and r-MAPE metrics,
which indicates that the forecasts are largely inaccurate.
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Table 6: Forecasting results for aggregate models of the entire population.

Model MAPE (%) r MAPE (%) Acc (%) MSE MAPE (%) r MAPE (%) Acc (%) MSE MAPE (%) r MAPE (%) Acc (%) MSE
Learning sample Validation sample Test sample𝑍24 16.05 14.77 57.60 158 16.06 15.40 54.38 75 20.17 18.82 46.43 152𝐹𝑔 41.17 36.68 25.98 1059 52.30 44.96 29.87 917 49.19 44.30 25.60 814

ARIMA 9.48 9.01 79.71 45 19.33 18.89 45.77 103 26.28 25.08 39.00 186𝐿 𝑓 14.76 13.74 61.31 118 18.85 18.80 41.60 91 17.38 16.45 56.85 102𝐿 𝑏 14.70 13.68 61.74 118 19.96 19.91 36.85 101 17.85 16.91 56.55 103
KNN 14.64 13.39 62.12 131 14.63 14.20 60.77 56 20.41 19.41 47.02 127
RPART 15.58 14.39 59.60 133 16.55 15.48 56.61 72 20.46 19.30 49.40 153
RF 0.50 0.42 100.00 0 14.07 13.69 63.15 49 19.46 18.31 49.70 117
NNET 13.65 12.69 65.34 103 13.62 13.35 61.66 65 17.50 16.76 52.98 110
SVR 14.82 13.62 61.78 126 14.40 14.17 55.42 58 17.03 16.04 57.14 100

6.2. Forecasting Electricity Demand within Clusters. The
hourly (𝑔) values of electricity demand were then aggregated
by summing all 𝑛𝑘 values of 𝑧(𝑖)𝑔 in the 𝑘th cluster:

𝑧𝐶𝑘𝑔 = 𝑛𝑘∑
𝑖=1

𝑧(𝑖)𝑔 . (26)

Similar to the previous experiment, the aggregate explan-
atory variables were determined based on Table 5. For each
of the 10 similarity measures and eight possible partitions
of household aggregates (total 80 combinations), forecasting
models based on machine learning algorithms were devel-
oped, as described in Section 5. A total of 440 different
“definitive” forecasting models have been developed. Taking
into account the number of indirectmodels developed during
the optimization process, the number of models increases to
328680 (32(RPNN) + 102(RPART) + 12(RF) + 27(NNET) +
77(SVR) = 249).

In the next step, the forecasted demand for the whole
population was determined as the sum of all 𝑞 predicted
values 𝑝(𝑘)𝑔 for the 𝑘th cluster:

𝑝population𝑔 = 𝑞∑
𝑘=1

𝑝(𝑘)𝑔 . (27)

For example, let the actual aggregate value of the hourly
electricity demand for the entire population at time 𝑔 be𝑧population𝑔 = 46 kWh. Taking into account the second split
of households into clusters in terms of the autocorrelation-
based distances, the predicted aggregates for these clusters
are 𝑝(1)𝑔 = 25 kWh, 𝑝(2)𝑔 = 12 kWh, and 𝑝(3)𝑔 = 10 kWh. By
aggregating the above values in accordance with (11), the final
forecast for the whole population is 𝑝population𝑔 = 47 kWh.

To identify situations in which partitioning households
into clusters improved the final forecast, we introduced a
percentage point sensitivity range and denoted different cases
using the following fonts [1]:

(i) Italic font: forecast improves in terms of Acc and
MAPE/r-MAPE when determining the final forecast
according to (11); for example, for a model with

20% error, the improvement should be at least 0.5
percentage points, so the model error should be less
than 19.5%.

(ii) Bold font: forecast worsens in terms of Acc and
MAPE/r-MAPE when determining the final forecast
according to (11); for example, for a model with 20%
error, an increase of at least 0.5 percentage points
should be expected, so the model error is greater than
20.5%.

(iii) Roman font: neutral cases in which Acc andMAPE/r-
MAPE remain at similar levels; for example, for a
model with 20% error, we define a 1 percentage point
range (19.5–20.5%) over which no improvement is
observed when determining the final forecast accord-
ing to (11).

Forecasts for the hourly demand models developed in
this study, with a 24-hour forecast horizon, are presented in
Table 7. This table compares the results of the forecasts for
a particular partition against the results of the base model
developed for the aggregate of all households (see Table 6).

In the majority of cases, application of k-NN and RPART
leads to a deterioration with respect to the baseline mod-
els developed for the aggregate population and the same
forecasting methods (for the second partition of the TQuest
distance and the RPARTmodel, there is some improvement).
The RF approach gives improved predictions using EDR,
STS, and TQuest. However, the results with RF and SVR
are often neutral. The NNET forecasting method generally
improves the results for each time series similarity measure
(worsening results in only 5% of cases), as presented in
Figure 5. Using the distance based on cross-correlation,
EDR, 𝐿𝑝, LCSS, and TQuest, the forecast accuracy increased
by nearly 1.5 percentage points. In general, the following
pattern is observed: the MAPE error decreases when the
number of clusters increases (please refer to Average and
BASE NNET labels in Figure 5). This observation suggests
that the underlying population was very heterogeneous and
splitting it into a number of clusters leads to improved
forecast accuracy.

To provide a quantitative summary of the experiments,
we tested whether there are statistically significant differences



Complexity 17

Table 7: Forecasting results in terms of MAPE error for grouped households using the test set.

Partition number Autocorrelation-based distance Partition number Fourier coefficients-based distance
KNN RPART RF NNET SVR KNN RPART RF NNET SVR

1 21.45 20.04 19.28 17.20 17.19 1 21.10 20.08 19.36 18.01 16.88
2 22.52 20.83 19.77 16.67∗ 17.22 2 22.23 21.70 19.50 17.32 17.02
3 23.39 21.05 19.73 17.24 17.10 3 22.46 21.93 19.16 17.01 16.86
4 24.51 21.85 19.77 17.14 16.88 4 22.48 21.88 19.19 16.88 16.79
5 26.00 22.66 19.95 16.90 16.70 5 23.54 22.78 19.28 17.41 16.39
6 26.50 22.32 19.44 16.49∗ 16.64 6 23.99 21.98 19.28 16.69∗ 16.56
7 27.26 22.09 19.28 16.05∗ 16.51 7 25.53 22.23 19.18 16.94 16.71
8 28.68 21.96 19.13 16.25∗ 16.55 8 25.72 22.49 19.00 17.33 16.63

Partition number Distance based on cross-correlation Partition number Periodogram-based distance
KNN RPART RF NNET SVR KNN RPART RF NNET SVR

1 21.19 20.24 19.74 17.20 16.88 1 20.94 20.87 19.47 17.61 17.42
2 21.45 20.43 19.52 17.58 17.02 2 22.34 21.23 19.59 16.75 16.81
3 21.78 20.64 19.24 17.32 17.06 3 23.30 21.62 19.37 17.11 16.81
4 21.64 20.77 19.19 16.99 16.90 4 24.08 20.61 19.15 17.09 16.74
5 21.73 20.56 19.26 15.65∗ 16.84 5 25.50 21.22 19.48 16.59∗ 16.30∗

6 22.21 21.00 18.90 16.32∗ 16.92 6 27.19 21.90 19.57 16.86 16.16∗

7 22.51 20.30 19.21 16.99 16.90 7 27.53 21.69 19.46 16.67∗ 16.07∗

8 22.48 20.42 19.15 15.50∗ 16.87 8 27.73 21.81 19.60 17.31 16.09∗

Partition number DTW distance Partition number LCSS distance
KNN RPART RF NNET SVR KNN RPART RF NNET SVR

1 21.10 20.08 19.36 18.01 16.88 1 20.92 21.09 19.18 19.35 17.57
2 22.23 21.70 19.50 17.32 17.02 2 21.19 21.17 19.08 17.24 17.45
3 23.34 21.58 19.44 16.52∗ 17.06 3 22.79 22.36 18.91 16.81 17.07
4 23.57 21.85 19.44 16.22∗ 16.90 4 23.44 21.04 19.06 17.31 16.95
5 23.59 21.82 19.44 17.36 16.84 5 24.26 20.99 19.18 15.95∗ 16.72
6 24.88 22.66 19.30 16.84 16.92 6 25.09 21.07 19.08 16.58∗ 16.66
7 24.95 22.51 19.28 17.27 16.90 7 26.38 20.70 19.15 16.40∗ 16.47
8 26.68 22.78 19.14 16.47∗ 16.87 8 27.06 20.61 19.32 16.32∗ 16.41

Partition number EDR Partition number STS distance
KNN RPART RF NNET SVR KNN RPART RF NNET SVR

1 20.85 21.00 19.06 16.95 17.30 1 20.92 21.52 19.44 17.24 17.49
2 22.15 21.02 18.73∗ 17.31 17.29 2 21.32 21.62 19.22 16.90 17.17
3 23.39 21.08 18.96 16.57∗ 16.94 3 21.80 21.06 18.81 16.92 17.00
4 24.26 21.31 18.99 15.98∗ 16.78 4 22.15 22.77 18.99 17.17 17.05
5 24.67 21.51 18.98 16.53∗ 16.71 5 22.10 22.30 18.88 17.01 17.18
6 25.95 21.99 18.69∗ 16.57∗ 16.77 6 22.41 21.78 18.92 16.76∗ 16.83
7 25.92 21.77 18.50∗ 16.54∗ 16.76 7 22.44 21.80 18.79 16.56∗ 16.79
8 27.86 22.02 19.01 16.83 16.68 8 23.12 21.41 18.85 16.26∗ 16.73

Partition number 𝐿𝑝 distance Partition number TQuest distance
KNN RPART RF NNET SVR KNN RPART RF NNET SVR

1 21.10 20.08 19.36 18.01 16.88 1 21.08 20.15 19.27 17.29 16.99
2 22.23 21.70 19.50 17.32 17.02 2 21.48 19.78 18.88 16.36∗ 16.54
3 22.46 21.93 19.16 17.01 16.86 3 21.70 20.01 19.09 16.58∗ 16.41
4 22.48 21.88 19.19 16.88 16.79 4 21.88 20.04 18.86 16.48∗ 16.32∗

5 23.74 22.43 19.26 17.03 16.34 5 22.55 20.84 18.85 17.44 16.35
6 24.35 22.03 19.23 16.02∗ 16.50 6 23.02 21.60 18.57∗ 15.77∗ 16.60
7 24.59 22.61 19.32 16.38∗ 16.56 7 23.09 21.65 18.64∗ 16.03∗ 16.55
8 26.33 22.41 19.05 15.85∗ 16.61 8 23.19 21.69 18.41∗ 16.05∗ 16.47
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Figure 5: MAPE errors for NNET with respect to the number of
clusters and the similarity measure.

in terms of the MAPE errors when forecasting the usage of
the entire population against forecasting in segments. The
Kolmogorov-Smirnov (K-S) test was used to compare two
empirical error distributions with respect to the datasets.The
differences were found to be significant at 𝑝 < 0.05 and
marked as ∗ in Table 7.

Considering all the partitions that improve the results for
NNET (the choice of this forecasting method results from
generating the smallest errors), somemeasures of the optimal
number of clusters give the partitions leading to the optimal
improvement in prediction quality. The accuracy of these
measures is as follows:

(i) Calinski and Harabasz index: 20%.
(ii) Duda index: 40%.
(iii) 𝐶 index: 50%.
(iv) Ptbiserial index: 40%.
(v) DB index: 80%.
(vi) Frey index: 0%.
(vii) Hartigan index: 20%.
(viii) Ratkowsky index: 20%.
(ix) Ball index: 20%.
(x) McClain index: 10%.
(xi) KL index: 10%.
(xii) Silhouette index: 50%.
(xiii) Dunn index: 40%.
(xiv) SD index: 70%.

The above percentages were calculated according to
the number of well-defined subpartitions giving a quality
improvement for each similarity measure. For example, the
Duda index using the distance based on the cross-correlation,
EDR, periodogram-based distances, and LCSS distance gives

the optimal number of clusters as 8, 7, 8, and 6, respec-
tively (please refer to Table 8). By applying these values to
Table 7 (underlined italic font), it can be seen that they
overlap with an improvement in forecasts (four correct cases
divided by 10 time series similarity measures).

7. Conclusions

The main objective of this article was to develop an effective
method for dealing with short-term forecasts of electricity
demand for the whole population and for clusters of house-
holds over 24-hour forecasting horizons based on hourly
data. To achieve this goal, we investigated the following:

(i) Partitioning of households into disjoint clusters using
a hierarchical algorithm based on ten time series
similarity measures.

(ii) Determination of the optimumnumber of clusters for
each time series similarity measure.

(iii) Application of different techniques for short-term
forecasting using aggregated data and within the
groups of homogenous households (segments).

Experiments were designed to answer the research ques-
tions concerning load forecasting for a group of customers.
In particular, it can be concluded that:

(i) the number of households included in each cluster
is very diverse, taking into account the same type of
partition and among different time series similarity
measures;

(ii) the distances based on cross-correlation, STS, and
TQuest give the most unbalanced cluster sizes;

(iii) the results of time series clustering can be divided
according to the degree of similarity; we can distin-
guish a group of four measures with a high degree
of similarity (DTW, 𝐿𝑝, Fourier coefficients, and
periodogram-based distances) and very low (auto-
correlation-based distances and LCSS distance) simi-
larity;

(iv) the optimal number of groups based on the majority
vote indicated that the households should be divided
into two groups;

(v) there are groups of measures for optimal clustering,
indicating a similar number of groups for particular
groups of time series similarities;

(vi) models developed based on machine learning algo-
rithms show good stability and can be used in practice
to forecast aggregates for the entire population;

(vii) of all the developed methods, neural network models
are characterized by the best results for aggregates of
the entire population for hourly data;

(viii) the use of artificial neural networks for group fore-
casting offers, in most cases, increased accuracy of
forecasts in relation to the aggregate population;

(ix) for neural networks, the following general pattern is
observed: the forecasting error decreases when the
number of clusters increases;
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(x) there are groups of measures that select the optimal
number of clusters more often than others, with
partitions leading to improved forecast quality.

Finally, note that this researchwas carried out on a sample
of 46 households. The conclusions serve as an indication
of how the specific measures of time series similarity and
optimal clustering, as well as forecasting methods, could
behave on a much larger scale.

When load shape clustering is used as a preprocess-
ing step for subsequent household-level segmentation, the
requirement for a low number of clusters, which is practical
for tariff purposes, should be relaxed to capture the diverse
time-of-use behavior in residential hourly consumption. In
addition, regarding the size distribution and visual exami-
nation conducted in the postcluster checking, future work
should evaluate the broader validation of the robustness of
the identified clusters using additional data sources, such
as household demographic and socioeconomic information
and rate structures. In particular, the sources of variability
in the identified hourly patterns need to be established and
better understood to support more effective demand-side
management and behavior-based programs [44].
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cluster analysis methods by cophenetic correlation,” Journal of
Inequalities and Applications, vol. 1, p. 203, 2013.

[24] T. Zabkowski, K. Gajowniczek, and R. Szupiluk, “Grade analysis
for energy usage patterns segmentation based on smart meter
data,” in Proceedings of the 2nd IEEE International Conference
on Cybernetics (CYBCONF ’15), pp. 234–239, June 2015.

https://dataport.pecanstreet.org/


Complexity 21

[25] F. Javed, N. Arshad, F. Wallin, I. Vassileva, and E. Dahlquist,
“Forecasting for demand response in smart grids: an analysis
on use of anthropologic and structural data and short term
multiple loads forecasting,”Applied Energy, vol. 96, pp. 150–160,
2012.

[26] U. Dent, U. Aickelin, and T. Rodden, “The application of a
data mining framework to energy usage profiling in domestic
residences using UK data,” in Proceedings of the Research
Students Conference on Buildings Dont Use Energy, People Do?
Domestic Energy Use and CO2 Emissions in Existing Dwellings,
pp. 1–10, Bath, UK, 2011.

[27] Y. G. Yohanis, J. D.Mondol, A.Wright, and B. Norton, “Real-life
energy use in the UK: how occupancy and dwelling character-
istics affect domestic electricity use,” Energy and Buildings, vol.
40, no. 6, pp. 1053–1059, 2008.

[28] H. K. Alfares and M. Nazeeruddin, “Electric load forecasting:
literature survey and classification of methods,” International
Journal of Systems Science, vol. 33, no. 1, pp. 23–34, 2002.

[29] G. E. P. Box, G. M. Jenkins, and G. C. Reinsel, Time Series
Analysis: Forecasting and Control, Prentice Hall, Englewood
Cliffs, NJ, USA, 3rd edition, 1994.

[30] Z. Aung, J. Williams, A. Sanchez, M. Toukhy, and S. Herrero,
“Towards Accurate Electricity Load Forecasting in Smart-
Grids,” in Proceedings of the The 4th International Conference
on Advances in Databases, Knowledge and Data Applications,
DBKDA, SaintGilles, pp. 51–57, Reunion Island, France, 2012.

[31] K. Amasyali and N. El-Gohary, “Building lighting energy con-
sumption prediction for supporting energy data analytics,”
Procedia Engineering, vol. 145, pp. 511–517, 2016.

[32] G. Mitchell, S. Bahadoorsingh, N. Ramsamooj, and C. Sharma,
“A comparison of artificial neural networks and support vector
machines for short-term load forecasting using various load
types,” in Proceedings of the 2017 IEEE Manchester PowerTech
(Powertech ’17), pp. 1–4, IEEE, Manchester, UK, June 2017.

[33] W. Kong, Z. Y. Dong, D. J. Hill, F. Luo, and Y. Xu, “Short-
term residential load forecasting based on resident behaviour
learning,” IEEE Transactions on Power Systems, vol. 33, no. 1, pp.
1087-1088, 2018.

[34] K. Gajowniczek and T. Zabkowski, “Short term electricity fore-
casting based on user behavior from individual smart meter
data,” Journal of Intelligent & Fuzzy Systems: Applications in
Engineering and Technology, vol. 30, no. 1, pp. 223–234, 2016.

[35] M. Huber, M. Lechner, and C. Wunsch, “The performance of
estimators based on the propensity score,” Journal of Economet-
rics, vol. 175, no. 1, pp. 1–21, 2013.

[36] K. Gajowniczek and T. Zabkowski, “Two-stage electricity de-
mand modeling using machine learning algorithms,” Energies,
vol. 10, no. 10, article 1547, 2017.

[37] N. Andrei, “An adaptive scaled BFGSmethod for unconstrained
optimization,”Numerical Algorithms, vol. 77, no. 2, pp. 413–432,
2018.

[38] B. Nguyen, C. Morell, and B. De Baets, “Large-scale distance
metric learning for k-nearest neighbors regression,” Neurocom-
puting, vol. 214, pp. 805–814, 2016.

[39] R. A. Berk, “Classification and regression trees (CART),” in Sta-
tistical Learning from A Regression Perspective, pp. 129–186,
Springer, 2016.

[40] J. Huo, T. Shi, and J. Chang, “Comparison of RandomForest and
SVM for electrical short-Term load forecast with different data
sources,” in Proceedings of the 7th IEEE International Conference
on Software Engineering and Service Science (ICSESS ’16), pp.
1077–1080, IEEE, August 2016.
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The control of consumption in homes and workplaces is an increasingly important aspect if we consider the growing popularity of
smart cities, the increasing use of renewable energies, and the policies of the European Union on using energy in an efficient and
clean way. These factors make it necessary to have a system that is capable of predicting what devices are connected to an electrical
network. For demand management, the system must also be able to control the power supply to these devices. To this end, we
propose the use of a multiagent system that includes agents with advanced reasoning and learning capacities. More specifically,
the agents incorporate a case-based reasoning system and machine learning techniques. Besides, the multiagent system includes
agents that are specialized in themanagement of the data acquired and the electrical devices.The aim is to adjust the consumption of
electricity in networks to the electrical demand, and this will be done by acting automatically on the detected devices.The proposed
system provides promising results; it is capable of predicting what devices are connected to the power grid at a high success rate.
The accuracy of the system makes it possible to act according to the device preferences established in the system. This allows for
adjusting the consumption to the current demand situation, without the risk of important home appliances being switched off.

1. Introduction

As De Baets et al. [1] report in their paper, European Union
member countries made an agreement in October of 2014
in which they set a number of goals for 2030. These goals
are related to reducing pollution and obtaining cleaner and
more efficient energy. This means that the use of renewable
energies should increase in the next years. However, such
changes also imply certain challenges; one of them is the
adjustment of electrical production to demand. That is why
consumptionmanagement plays a very crucial role in electric
networks and it is becoming an important facet in Smart
Grids.The sources of production are very diverse and they are
distributed geographically, so it is more complicated to keep
an electric network in stable conditions. For these reasons,
it is necessary to create a system that will allow for managing
consumption automatically, adjusting the generated energy to
the requirements of each moment, since the management of
short-term production is not feasible. The need for an auto-
matic consumptionmanagement systemhas been reflected in

the variety of devices that have been proposed in recent years
for the analysis of consumption in electrical networks.We live
in an information age where data is highly valuable because
of the knowledge that can be extracted from it. For example,
a system can obtain the consumption data of a house and
analyze it in order to detect behaviour patterns and identify
the devices that are connected to that house’s electric network.
To be able to manage the data of a measurement device a
multiagent system has to be implemented.

Up until now several studies addressing this topic have
been published. They all focus on identifying the devices
connected to an electric network by employing a range of
techniques based onNonIntrusive LoadMonitoring (NILM);
the majority of them are improved versions of standard
algorithms. While NILM techniques are used in other works,
we use a variety ofmeasuring devices in our proposal in order
to extract the consumption data from each line connected to
an electric network, and this simplifies the identification of
electrical appliances and optimizes the system’s performance.
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For this reason, we propose a distributed system which
will be able to connect with the different measurement
systems and obtain the consumption data read by them. By
analyzing and extracting important characteristics from the
data provided by these measurement systems, the system will
be capable of identifying the devices or appliances connected
to the electric network. Simultaneously, the system will be
able to act on each of the lines connected to the measuring
devices.

Furthermore, the proposed system makes use of multia-
gent technology which provides the distributed architecture
with agents who carry out different and specific tasks in the
final system. The multiagent system allows creating auto-
nomous entities that work in a coordinated way, providing
features such as mobility, dynamic behaviour (the system is
capable of creating agents dynamically; this feature makes
it possible to modify the goals and behaviour of the sys-
tem), federation of services, and high-level communication
through the transparent management of message queues.
This architecture makes it possible to perform different tasks
in a coordinated way, improving the system’s learning and
adaptation capacities.There are numerous agents with differ-
ent roles; one of the agents, for example, is in charge of com-
municating with the measuring devices and the acquirement
of measurement data. There is also an agent that extracts the
home appliances’ activation periods from the data obtained
by a different agent and another that extracts themain charac-
teristics of activation periods. In addition, one of the agents
identifies the home appliances that are connected to the gird.
Finally, we have an agent who is responsible for acting on
the different lines connected to the measuring systems.These
agents act on smart-meter lines or smart plugs in order to
interrupt the power supply to these devices; in this way de-
mand can be managed.

The system will identify home appliances by using dif-
ferent supervised machine learning algorithms. To verify the
proposal, the system will use several algorithms based on
decision rules, decision trees, neural networks, and algo-
rithms based on the Bayes theorem and case-based learning.
These methods are tested with a dataset that has been created
for the purposes of this study. In order to create the dataset,
the principles of the fingerprint algorithm were followed.
Fingerprint methods make use of the distances between
the maximus of a sound since at these points the sound is
purer. When creating the dataset, the maximus of activation
periods have been used to extract someof their characteristics
and to identify the different algorithms. This allows us to
obtain knowledge about the behaviour of the devices. This
knowledge is stored on a database in order to subsequently
apply advanced reasoning and learning techniques to it.

The article is divided into the following sections. In the
background section, we describe some of the studies related
to this line of research. The proposed system is outlined in
the architecture section. The case study section focuses on
particular situations that have been considered during the
research. In the results section, the system’s performance will
be described and analyzed.The last section draws conclusions
on the different technological solutions that we had consid-
ered for our system; furthermore we discuss future lines of
work related to the proposed study.

2. Background

This section is focused on literature that is related to the
aims of the present research. All the related works make
use of techniques based on NonIntrusive Load Monitoring,
described byHart [12] and by Zoha et al. [13]. Below, themost
noteworthy works have been described.

In the year 2014, Belley et al. [2] had already used a smart
meter to obtain a house’s consumption data. The authors
made use of the activation periods of appliances that were in
the house. In this study, the authors used the equality between
the cases stored in the database and the appliances they
analyzed.Thismethodology entails a high computational cost
due to the process of comparing an element with each of the
instances stored in the database. In [3] the same authors pro-
posed an improved version of their system using the same
algorithm for the identification of devices; however, in the
new proposal the system was capable of identifying erratic
behaviours related to possible cognitive problems experi-
enced by the users.

Other authors like Lin et al. [4] proposed a new strategy
for NILM systems. They suggested that devices should be
identified using quadratic programming rules. The results of
this research proved that this methodology is effective. The
work of De Baets et al. [1] proposed two new algorithms
applied to NILM techniques for the identification of devices
in electronic networks.The two newmethodswere as follows:
amodified version of the chi-squared goodness-of-fit test and
an event detection method based on cepstrum smoothing.
Besides, the authors explained that both methods can be
optimized using surrogate-based optimization.

Other lines of research focus on improving NILM tech-
niques.The researchers Tang et al. [5] suggested that the state
of the building must be taken into account; it can be either
occupied or unoccupied.Thus, a system that is capable of con-
sidering these two situations will not operate when there are
no people in the building. On the contrary, when the building
is occupied the system will decide to identify the connected
devices in the household. This methodology allows for
improving the accuracy of classifiers and reducing com-
putational costs at times when the building is not occupied.

The study conducted by Brown et al. [6] also considers
the state of the building. In this work, ultrawideband radar
technology was used to determine whether a building is
occupied or not. This was done by comparing its results with
the data that the system receives from the power monitoring
system. Apart from establishing the state of the building, this
technique also detects the devices connected to the grid. In
addition, this methodology examines the users’ behaviour.

The research conducted by Liang et al. in [7] is focused
on the construction of a new platform that would provide a
better understanding of electrical consumption patterns and
that would successfully identify the devices connected to the
electrical network. For this purpose, the different activation
periods of the devices were analyzed and a number of math-
ematical programming and pattern recognition techniques
were applied to unbundle the load.

A similar task is tackled in the study presented by Lee
et al. [8]. In this case, the article leverages already existing



Complexity 3

methods for measuring and representing the characteristics
of electricity consumption. Moreover, the article considers
signal processing as a method of identifying the devices con-
nected to the network by means of disaggregation and filter-
ing techniques.

There are also researches that focus on slightly different
aspects, such as electrical demand forecasts for a few days
ahead. Examples of works that address this issue are Chen et
al. [9] and Chen and Tan [10]. In the first work, daily demand
is predicted for each hour using a hybrid clustering algorithm.
The second one fulfils the same function but it uses a hybrid
algorithm based on support vector regression. Both techni-
ques render great results.

Finally, it is important to list an open source tool that
implements several NILM techniques. This tool is called
NILMTK (NonIntrusive Load Monitoring ToolKit). It has
been developed by Batra et al. [11]. This tool is designed to
employ several techniques and shows the results rendered by
each of them. It also includes public datasets.

The studies presented above make use of NILM tech-
niques or use a newmethod to identify the devices connected
to an electric network. However, none of them consider the
use of smart deviceswhichwill be present in our future homes
and buildings, and these can measure the consumption of
home appliances. In our article, we also propose a new
method for the identification of electronic appliances con-
nected to the grid. This new technique makes use of a com-
bination of characteristics of the fingerprint algorithm and
NILM techniques. Hence, this proposal sets forth a new
methodology for the analysis of data that allows for identify-
ing the devices connected to electric networks. In conclusion,
this section summarizes the novel aspects of the work and the
main contributions of the work: (a) a management platform
that allows for adapting consumption in a network. (b) The
identification of household appliances using NILM tech-
niques and their integration with fingerprint algorithm prin-
ciples. (c) The use of smart meters and relevant communi-
cation protocols for obtaining consumption data and switch
household appliances on/off in order to adapt consumption.
In order to clearly show the features of this proposal, we
include a comparison between the proposal and the state of
the art (Table 1).

3. Proposed Architecture

The adaptive consumptionmanagement system for satisfying
demand in electrical networks has to work with different
measuring devices in order to read information from them
and act accordingly. Information is extracted for the purpose
of processing and extracting the knowledge contained in it.
The system needs this knowledge in order to identify the
household appliances connected to the electric network.

The system works according to the principles of NILM
techniques. The NonIntrusive Load Monitoring or NILM
systems use a technique that disintegrates the data extracted
from meters. Meters are located outside of homes; this is
where the name nonintrusive comes form. So, according to
a definition proposed by Hart [12], the consumption of a
network is composed of the consumption of all the devices

connected to it; therefore the goal is to identify as many
devices as possible.

In mathematical terms, we could say that, in an instant of
time 𝑡, the energy is consumed by all the devices 𝑛

𝑖
, connected

to an electric network 𝑁 in the instant 𝑡, as formulated by
Zoha et al. [13]:

𝑁(𝑡) = 𝑛1 (𝑡) + 𝑛2 (𝑡) + ⋅ ⋅ ⋅ + 𝑛𝑛 (𝑡) . (1)

The appliances that are connected to a network are identified
by their activation period. Usually, every device has a singular
activation period that makes it distinguishable from the rest.
So, it can be said that these activation periods are like a
signature or a fingerprint; a similar idea is proposed in the
work of Haitsma and Kalker [14].

However, we should stress that not all devices behave in
the same way; as explained by Kaustav in [15] this makes
their identification and distinction easier. Some groups of
appliances have amore continuous performance in time than
others. Other devices can only have two possible states—on
or off. Some appliances, such as a microwave, have a more
variable behaviour; this is related to their program or the role
they are performing.However, there are alsomany appliances
that have almost infinite behavioural patterns; this depends
on the role they perform and on a specific moment in time,
such as an LED printer.

Commonly, systems based on NILM techniques can
be divided into three successive stages, consisting of three
modules: a data acquisition module, a feature extraction
module, and finally a learning module. The NILM process is
illustrated in Figure 1.

(i) Data Acquisition. In this stage, the system obtains the
data that allow identifying the different behaviours in
an electric network; a meter system is used for this
purpose.

(ii) Feature Extraction. In thismodule, the systemextracts
the connected devices and differentiates between
active and inactive devices. That is, it is capable of
detecting and extracting the activation periods of
household appliances. Diverse techniques are used
to extract activation periods; one of them is event-
based extraction.These so-called events are the on/off
transactions of the different devices. On the contrary,
extraction that is not based on events uses sample
times to determine whether an appliance is active.

(iii) System Learning. This stage consists of training and
learning. Learning can be supervised or unsuper-
vised. The systems with supervised learning need
a labelled dataset in order to learn and identify
devices correctly. Moreover, these systems can also be
identified as on-line or off-line systems.

Consequently, to achieve the aim of this work, the system
is operated by the different agents. Agents carry out all the
subprocesses in the global system. The agents that form part
of the system can be divided into two large groups, as shown
in Figure 2. These two groups are environmental agents and
processing agents.
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Data acquisition Feature extraction System learning

NILM process

Figure 1: NILM process.

Environment agents

Processing agents

Measuring
devices

Data acquiry agents

Action agents

Processing agents

Period extraction agent

Classification agent

Preprocessing agent

Control agent Knowledge database

Multiagent system

Figure 2: Proposed multiagent system architecture.

(i) Environmental Agents. These agents communicate
with the measuring systems that are connected to the
global system. Their task is to obtain data and work
with the measuring system. The agents that acquire
data have to communicate with the meters through
the required protocols, in order to obtain them,
whereas the agents acting on the meters are responsi-
ble for turning on/off the different lines of themeasur-
ing devices. By acting on the smart meter and the
smart plug it is possible to manage demand according
to requirements. For efficient demandmanagement, it
is necessary to identify the connected devices before-
hand. This identification is done in the processing
agents organization. In order to determine the order
of priority in which these devices have to be switched
off, the agent has a prioritized list of how important
a device is for daily use and it proceeds to the inter-
ruption of supply according to these preferences, until
the demand is adjusted.

(ii) Processing Agents. They are in charge of the internal
processing of information. They carry out a number
of actions, such as the pretreatment of data. They are
responsible for all the important actions in the system.
The processing agent controls the rest of the agents in
the same group. The period extraction agent extracts
activation periods from the raw data it receives.

This agent will extract the consumption values of
every activation period, in a way that there are as
many groups with consumption values as there are
activation periods. These activation periods are de-
tected when the consumption changes in a consider-
able way. In Figure 3 we can see the agent will extract
four activation periods. The preprocessing agent is
in charge of extracting the necessary information for
identifying the appliances. The extracted features are
outlined below.
(a) Mean (𝑚): this characteristic indicates the mean
of the consumption values for each activation period;
therefore it is the arithmetic mean of consumption of
a device in its activation periods:

𝑚 =
∑𝑛
𝑡=0
𝑤 (𝑡)

𝑛
, (2)

where 𝑤(𝑡) is the set of consumption values in the
instant of time 𝑡 and 𝑛 indicates the total time instants
that compound the activation period.
(b) Maximum (𝑚

𝑥
): this value indicates the device’s

highest consumption value during the activation
period:

𝑚
𝑥
= max𝑊, (3)
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Figure 3: Line connected to a fridge.

where𝑊 is the set of consumption values of the acti-
vation period.
(c) Minimum (𝑚

𝑛
): this feature indicates the mini-

mum consumption value in the activation period of
an appliance:

𝑚
𝑛
= min𝑊, (4)

where𝑊 is the set of consumption values of the acti-
vation period.
(d) First step (𝑠

1
): this value indicates the difference

between the first value of the activation period (𝑤(0))
and the maximum value (𝑚

𝑥
). This “leap” is taken

into account:

𝑠
1
= 𝑚
𝑥
− 𝑤 (0) . (5)

(e) Second step (𝑠
2
): in this case, the value represents

the difference between the maximum value of con-
sumption (𝑚

𝑥
) and the last value of the period (𝑤(𝑛)),

so that the second “leap” is also taken into account:

𝑠
2
= 𝑚
𝑥
− 𝑤 (𝑛) . (6)

(f) Time (𝑇): it refers to the time during which the
device has been active, that is, switched on:

𝑇 = 𝑡 (𝑛) − 𝑡 (0) , (7)

where 𝑡(𝑛) is the final instant of the activation period
and 𝑡(0) is the initial instant.

The classification agent is in charge of determining what kind
of devices it is dealing with. This agent is able to predict what
kind of a device exhibits the determined features. In this case,
to identify the appliance, case-based reasoning is applied.
There are several algorithms that agents can execute (some
of them are defined in [16–20]); the process that is followed
to determine which of them renders better results will be
described in the Results.

Once we obtain a model that is capable of identifying
home appliances with a certain level of accuracy, this model
will be included in the case-based reasoning system. Every
one of those cases will contain all of the features explained
before. So, the cases will have the following structure:

𝐶 = {𝑚,𝑚
𝑥
, 𝑚
𝑛
, 𝑠
1
, 𝑠
2
, 𝑇, 𝑐𝑙𝑎𝑠𝑠} . (8)

The nomenclature of a case is composed of the following
values: mean, maximum, minimum, first step, second step,
time, and the tag class which refers to the device that is
represented by the characteristics of 𝐶. Thus, the CBR (case-
based reasoning) will go through a phase in which it will
recover the composedmodel.TheCBR also has a reutilization
phase where the recovered model will be used to classify new
cases. If themodel correctly classifies a new case in the review
stage, we move on to the learning stage in which the new
case is added to the database. If the user decides it has been
incorrectly classified, the model is reconstructed taking into
account the new instance added to the database.

(i) Control agent: it is in charge of monitoring the rest of
the agents in the system that are found in any of the
groups described previously.

The agents from different groups communicate with each
other in order to achieve a common goal in the system. This
communication between agents is illustrated in Figure 2.

As explained before, the accuracy of several machine
learning methods in the identification of appliances was
tested. These methods are data mining algorithms based on
decision rules, decision trees, case-based learning, neural net-
works, and the Bayes theorem.

These algorithms can be combined with the fingerprint
algorithm for the identification of home appliances. The
fingerprint algorithm is used to identify music/songs by their
sound wave. Wang [21] and Haitsma and Kalker [14] talk
about this in their works. This technique is based on the cal-
culation of hiddenMarkov models; however the main idea of
this technique is the use of distances between themaxims of a
sound, since at these points the sound is purer and there is less
ambient noise. By finding maximum values and calculating
the distances between them, the algorithm can compare these
values with the ones stored in a database in order to identify
a song; the system then provides the user with an answer
containing all the information on the predicted song.

In this way, the relative sound wave maximums allow
the algorithm to form a single fingerprint that would be
contrasted with those stored in the system database. This
algorithm can therefore be used to identify the appliances
that are connected to a network once the periods of activation
of the consumption network are extracted. The idea is quite
similar; themaximums of these activation periods are used to
identify the device. However, there is a possibility that diffi-
culties occur in the extraction of relativemaxims that contain
information; this is because some devices have a continuous
or constant activation.Other devices have a variable perform-
ance which is what makes them less predictable than others.
All this suggests that the task of collating those “fingerprints”
with records in the database would be complicated.We there-
fore have to study and analyze whether using the fingerprint
algorithm is practical for this study.

4. Case Studies

For the case study consumption data from different buildings
and different users and therefore from different lines of
several electric networks were obtained.
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Nowadays, there is a great variety of tools that allow
measuring the amount of consumed energy in a particular
electric network or by a specific appliance that is connected
to that network.

Before the study of these technologies, it is important to
clarify how they will be integrated in the intelligent system.
Thefirst aspect to consider is that thismeasuring systemmust
offer information in real time; that is to say, the proposed
system must be able to communicate with the measuring
devices using some kind of protocol that establishes a con-
nection between them. This will allow the intelligent system
to communicate with themeasuring system, extract informa-
tion from it, and send it at specific moments.

The intelligent system must be able to manage the
information it receives, and this information must regard the
consumption of the electric grid or on the consumption of
a particular electronic device. This is very important since
the extraction of information is necessary for identifying the
connected electronic device(s).

Another important feature that this intelligent system
must possess is the ability to turn on/off the different devices
connected to an electrical grid. Considering the total amount
of consumption in a network, at times it may be advisable
to turn off devices that are not being used but that continue
to consume electricity. That is, the intelligent system must be
able to act on the devices using the required communication
protocol.

The following measuring and/or actuator devices make
communication with the system possible thanks to special-
ized agents developed for each of them.

(i) Smart Meter. Intelligent meters or smart meters are
used to measure consumption levels in a home, but
in a more detailed and precise way than a traditional
electric meter. In addition, these types of counters
are capable of communicating the data that they read
through some type of a protocol (usually a standard
protocol) and in this way consumption can be moni-
tored at all times. If necessary they can interrupt the
power supply from a number of lines without inter-
rupting electricity provided by the rest of the lines.
This feature allows for the automatic management of
demand, suited to the energy needs.

In this study, the German-made “EMH LZQJ XC”
smart meter has been used. This device is manufac-
tured by the “EMH metering” company. This smart
meter has all of the functions that have been described
in the previous paragraph and for this reason it can
easily be integrated with any intelligent system. In
Figure 4, we can see one particular model.

This model, in particular, communicates through a
protocol that uses “TCP/IP” type connections. So, the
information stored andmanaged by this meter can be
accessed remotely. It is common for these meters to
use standard communication protocols, and specif-
ically the presented model uses the IEC 62056 pro-
tocol. Moreover, this smart-meter model has already
been installed in many homes in Germany.

Figure 4: Smart-meter LZQJ XC.

(ii) Smart Plugs. Smart plugs can be plugged into a stan-
dard wall socket and the consumption of any elec-
tronic device that is plugged into it can be controlled.
Figure 5 shows an example of a smart plug.

These devices allow controlling consumption remote-
ly and in real time.We can operate these devices either
through the official developer applications or through
third-party APIs that allow establishing a connection
with smart plugs.

In this way, smart plugs allow users to obtain con-
sumption data remotely and in real time. It is essential
for the intelligent system proposed in this article to
be provided with the necessary information. It also
allows acting on the devices connected to them, al-
lowing the intelligent system to switch them off or on
when necessary or convenient.

With these devices, the necessary information can be ex-
tracted and consumption data can be obtained for different
electrical devices. To carry out this study ten different home
appliances have been used; we have extracted sufficient
samples from them to form a dataset. This dataset has been
used to test supervised machine learning algorithms and
helped us create a classification model that will enable us
to identify the behaviour of future appliances. The following
devices have been selected to validate the proposed system:
a refrigerator, a water pump, a television, a dishwasher, an
electric gas heater, a washing machine, a kettle, a freezer, a
microwave, and an LED printer. Figure 6 shows an example
of the distribution of different devices in a house.

The activation periods of some of these appliances are
illustrated on the graphs found in the appendix, where it
can be seen that in all cases the appliances have waveform
characteristics. Once the characteristics of each activation
period are extracted, the identification of devices is, a priori,
performed easily. However, given that the behaviour of some
of the appliances varies depending on their use over time,
identifying them may be more complicated.
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Figure 5: Edimax smart plug.

5. Results

This section will analyze the function of the agent organi-
zations illustrated in Figure 2. Furthermore, it will examine
the architecture’s capability to acquire data from the devices
andmanage demand. Also, it will evaluate the performance of
the processing organization in identifying devices connected
to smart plugs. This automatic identification performed by
the processing organization is necessary due to the dynamic
variations in smart plugs.

The first step is the monitoring and control of the actua-
tors. Firstly, in order to obtain consumption data, we must
communicate with the different measurement systems that
provide it. To do this, it is necessary to establish a connection
with the meters through the specific protocols belonging to
each of the meters. In Figure 7, you can see an example
of how communication is established with the smart meter
to obtain real-time information on energy consumption.
Figure 8 shows a fragment of the response to the request
for real-time consumption data. The real-time consumption
information is located in row seven. Relevant data is then
extracted from this information and it is used by the system.

The system uses the same communication protocol to
manage the smart meter (Figure 7), thus communication
allows for both, the acquirement of data and its management.
This scheme is followed in order to reduce energy consump-
tion whenever this is necessary, by acting on the different
lines.

The second step is the evaluation of the processing orga-
nization. This organization includes the Automatic Device
Identification System which uses an algorithm to classify dif-
ferent measuring devices. To choose the most accurate clas-
sifier, several supervised machine learning algorithms have
been tested and their performance was compared. The
following classifiers were used: RIPPER algorithm, PART,
C4.5, RandomForest, RandomTree, REPTree, 𝑘-NN, KStart,
Bayesian networks, and neural networks. These algorithms
are provided by the machine learning libraryWeka. Different
databases were used when comparing the algorithms, each
database varied in the number of classes and each had one

hundred instances per class. Tests have been performed with
datasets of four, seven, and ten classes, respectively. Each
of the classes is associated with a type of appliance, so
that the instances belonging to the same class belong to
different models of the same appliance. In order to evaluate
the functioning of the identification system, the classifiers
were included in the case-based reasoning system’s reuse
stage and the performance of each of them was analyzed in
order to assess the effectiveness of the fingerprint algorithm
in the detection of household appliances. After verifying the
different algorithms and their classification accuracy, the final
systemmakes use of a dataset of ten classes and one thousand
instances, one hundred for each of the classes.

The created dataset has the same characteristics as those
described in the architecture section. At the time of tests
and experiments, this dataset will help to determine which
algorithms offer better results and are the most suitable for
the device identification system in a power grid.

In this part of the article we are going to describe the
process that we followed to verify and create the final model.
Initially a dataset was created, and it contained a total of
400 instances divided among four classes, each contain-
ing 100 instances.Therefore, the four classes in the dataset are
balanced and represent four different appliances: a refrigera-
tor, a water pump, a television, and a dishwasher. Tests were
performedwith this dataset, using the 10-fold cross validation
method with each of the algorithms mentioned above.

Table 2 shows the results of the tests that were performed
on the dataset.

As we can observe, all the proposed algorithms, with the
exception of neural networks, offer excellent results. More-
over, the algorithms that work best are the algorithms whose
behaviour is based on decision rules: rule algorithms and tree
algorithms.

From these results, we can infer that all algorithms render
very good results, but we wanted to see how these algorithms
would behave if they had to identify more classes. So, three
more appliances were introduced to the dataset: a washing
machine, a kettle, and a gas heater. For each of these devices
100 new instances were introduced.

Again, we submitted the algorithms to a series of tests
with the objective of seeingwithwhat precision they classified
the seven appliances. After validating the different models
shown in Table 2, we could see that the algorithms that
provided the best outcomeswere those based on rules. Specif-
ically, the RandomForest algorithm offered the best results
and its validation is shown in Table 2, although this time with
lower success rate, which is logical since the number of classes
and instances has increased. However, if we look at the results
of neural networks, their success rate has increased con-
siderably in the second case, from around 0.89 to about 0.925.
The improvement in the performance of this algorithm can be
caused by a greater number of instances and classes and this
leads the weights and the bias assigned to each of the simple
neurons to adjust better to the characteristics of the problem.
Furthermore, we decided to check if by adding three more
appliances—a freezer, a microwave, and an LED printer—the
neural network would exhibit further improvement. We also
wanted to check if the accuracy of the rest of the classifiers
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Figure 6: Distribution of the smart meter and smart plug in a house.

Connect to the device

Answer

Send the request

Answer

Close connection

Figure 7: Smart-meter communication sequence.
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Table 2: Datasets results.

Algorithm Four classes’ dataset Seven classes’ dataset Ten classes’ dataset
Accuracy Kappa Accuracy Kappa Accuracy Kappa

RIPPER 0.9775 0.97 0.967143 0.9617 0.928 0.92
PART 0.9875 0.9833 0.975714 0.9717 0.959 0.9544
C4.5 0.9875 0.9833 0.974286 0.97 0.958 0.9533
RandomForest 0.9925 0.99 0.987143 0.985 0.98 0.9778
RandomTree 0.975 0.9667 0.977143 0.9733 0.96 0.9556
REPTree 0.99 0.9867 0.978571 0.975 0.945 0.9389
𝑘-NN 0.97 0.96 0.967143 0.9617 0.952 0.9467
kStart 0.9575 0.9633 0.972857 0.9683 0.966 0.9622
Bayesian networks 0.9575 0.9434 0.94 0.93 0.927 0.9189
Neural networks 0.8875 0.85 0.924286 0.9117 0.853 0.8367

Figure 8: Smart-meter response.

continued to decline as new appliances were introduced to
the dataset.The results of this validation are shown in Table 2.

Interestingly, what we observe in Table 2 is that the
accuracy of neural networks lowers significantly with three
more classes. The performance of the other algorithms also
decreased but to a lesser extent. For the third time, the algo-
rithms that have the greatest accuracy are those that formu-
late decision rules, specifically RandomForest, which has an
accuracy of 98%.

Good results are rendered by techniques that use decision
rules and decision trees. We can therefore infer that this
kind of algorithms performs well when determining what
electronic devices are connected to an electrical network. For
this reason, the graph in Figure 9 compares them on the basis
of each of the experiments in which they had been tested.

From the graph, we can conclude that all these techniques
have very similar behaviour; when the number of instances
and classes increases the precision of the classifiers decreases.
However, the RandomTree algorithm is an exception because
its accuracy increased in the second test, which contained
seven classes. Although RandomForest gave outstanding
results, it is clear that all the rule-based classifiers performed
very well and can be used to predict what devices are
connected to an electrical network.

This statement could be confirmed with an ROC analysis.
Various techniques can be used to carry out this analysis:
the area under the ROC curve or the distance to the point
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Figure 9: Results of rule-based classifiers in different test.

Table 3: ROC analysis of the best algorithms.

Algorithm Distance to point
(0, 1)

Area under the ROC
curve

RIPPER 0.0724 0.98
PART 0.0413 0.987
C4.5 0.0423 0.984
RandomForest 0.02 0.998
RandomTree 0.0402 0.978
REPTree 0.0553 0.988

(false positive rate, sensitivity) of each classifier to the point
(0, 1); this technique is explained by Fawcett [22].The second
technique has been selected because it allows distinguishing
the different classifiers better. In Figure 10, the points of each
classifier were represented in a two-dimensional space.

At first sight, the results we see here for the tested algo-
rithms are the same that we saw in the previous plots and
tables. However, they are nearer to the point (0, 1). To verify
this, we illustrate the results in Table 3, with the distance of
each of the points, as shown in the graph in Figure 10, as well
as the area under the ROC curve of each algorithm.

In these types of analyses, the distance is closest to 0 and
the area under the ROC curve is the closest to 1. In cases
where a classifier has these values, it could be considered
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Table 4: Attribute selection results.

Attribute Info gain Correlation
Mean 2.565 0.261
Maximum 2.333 0.248
Minimum 1.005 0.198
First step 2.21 0.289
Second step 2.197 0.289
Time 1.889 0.178

the most suitable classifier for that problem. In the analyzed
algorithms, the two values obtained are very close to the
objective values, so it can be said that the methods employed
are very well coupled to the problem that arises.

However, there is no doubt that the success of these
classifiers in the conducted experiments is largely due to the
great quality of the dataset.The performance of instances and
especially the selection of attributes from the dataset cause
the difference in results when executing themachine learning
algorithms, as we can see in the tables and the previous
plot. For this reason, it would be worthwhile if we made
an attribute selection with different techniques, in order to
see which of these characteristics are more important when
classifying a new instance.

To carry out these studies two different techniques have
been used—the info gain and the correlation of attributes
in connection with the class. Table 4 and Figure 11 show a
comparison of the two techniques mentioned before. The
results of these analyses have been normalized with the vari-
able scaling formula, in order to make a clearer comparison
between the results of the two techniques.

As can be seen in Figure 11, in the two techniques the
most important characteristics that have to be considered
in an algorithms’ classification of instance are the mean,
the maximum value, the first step, and the second one. The
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Figure 11: Results of attribute selection with normalized results.

minimum value and time are less important than the other
attributes in the classifiers’ classification task; however, they
are the main reason for which the accuracy of the tested
techniques is so high.

6. Conclusions

This work presented the developed adaptive consumption
management system, capable of identifying devices con-
nected to an electrical network. In caseswhere the production
of energy is scarce or when excessive energy is being con-
sumed, the user can choose to disconnect some of the devices
that are not necessary, in homes, offices, and so forth.

Theproposed systemhas amultiagent architecture, where
different types of agents are in charge of carrying out different
functions in the process. The agent system also includes the
use of case-based reasoning systems.

Different techniques and methods have been studied in
order to consider the possibility of implementing them in
the proposed system. Above all, we examined the different
machine learning techniques that were the most appropriate
for the type of problem presented in this work. Specifically,
the Results demonstrates that there is a variety of algorithms
that offers a more satisfactory behaviour, and for this reason
any of these techniques could be used in the proposed system.

Moreover, the work studied the performance of existing
devices developed for measuring electrical networks, as well
as the home appliances connected to the network itself. The
system presented in this work has been developed to act and
communicate with two types of devices—smart meters and
smart plugs. Thus, the system can obtain data from each of
them.

Accordingly, the objectives set forth in the Proposed
Architecture have been achieved. The designed platform
adapts the consumption of electricity in the networks by
interacting with intelligent devices. The purpose of the
proposed method is the extraction of knowledge from the
electrical network, which allows us to obtain a network’s
consumption data. It employs NILM techniques to identify
the connected household appliances. Subsequently, a method
based on the principles of the fingerprint algorithm is used
to form a dataset with the identified devices. This dataset
allows obtaining excellent results in adapting the electrical
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Figure 12: Washing machine activation period.
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Figure 13: Dishwasher activation period.

consumption of the devices.Thus, the proposed platformuses
a new method that leverages modern technologies for the
control of the consumption in the network.

Making our system more effective is an important goal
for the coming years. Therefore, future lines of research will
include improving the system by adding more devices and
appliances to it.This would allow identifying new devices and
make the system more complete. The more the appliances in
the system’s database are, the more robust the system will be.

In addition, a new technique could be added for extract-
ing the activation periods of the devices connected to the
network. Some techniques allow withdrawing activation
periods, as proposed by Serrà and Arcos [23]. Thus, the
effectiveness of this type of techniques for the extraction of
patterns in time series could also be verified in a future work.

Security is another aspect that certainly should be consid-
ered. The communications established between meters and
the system connected to them could be provided with secu-
rity. The reason for which this improvement is crucial is that
transmitted information can be considered important and
the privacy of users’ data must be guaranteed in intelligent
systems.

Appendix

In this appendix we introduce the activation periods of the
different devices used in the study (see Figures 12–21).
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Figure 14: TV activation period.
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Figure 15: Kettle activation period.
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Figure 16: Fridge activation period.
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Figure 17: Microwave activation period.
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Figure 18: LED printer activation period.
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Figure 19: Electrical boiler activation period.
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Figure 20: Freezer activation period.
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Figure 21: Water pump activation period.
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Smart grids evolve rapidly towards a system that includes components from different domains, which makes interdisciplinary
modelling and analysis indispensable. In this paper, we present a cosimulation architecture for smart grids together with a
comprehensive datamodel for the holistic representation of the power system, the communication network, and the energymarket.
Cosimulation is preferred over amonolithic approach since it allows leveraging the capabilities of existing, well-established domain-
specific software. The challenges that arise in a multidomain smart grid cosimulation are identified for typical use cases through
a discussion of the recent literature. Based on the identified requirements and use cases, a joint representation of the smart grid
ecosystem is facilitated by a comprehensive datamodel.Theproposed datamodel is then integrated in a software architecture, where
the domain-specific simulators for the power grid, the communication network, and the market mechanisms are combined in a
cosimulation framework. The details of the software architecture and its implementation are presented. Finally, the implemented
framework is used for the cosimulation of a virtual power plant, where battery storages are controlled by a novel peak-shaving
algorithm, and the battery storages and the market entity are interfaced through a communication network.

1. Introduction

The increase of distributed energy resources (DERs) in power
systems and the resulting bidirectional power flows are driv-
ing changes in the associated communication infrastructure
andmarket mechanisms. For instance, the ongoing extension
of measuring infrastructure in lower voltage layers requires a
concurrent deployment of a capable communication network
in order to provide for a reliable communication among con-
trol centers, substations, and measurement devices. Hence,
the planning of electrical grid operation and the underlying
communication network should be considered simultane-
ously, in order to enable the analysis of the impact of
interactions between the two domains as it is already shown
in [1]. Meanwhile, new market models are developed to
support customers taking amore active role in their exchange
of power with the grid [2] in such a way that their behavior
will also be taken into account in the grid operation [3]. For
example, individual users can contribute to a more efficient

operation of the grid by putting their battery storage at
the disposal of the grid operators, which would require a
communication network for the data exchange. Bearing this
development in mind, it is interesting to include a market
simulation in the analysis as well.

This integration of market mechanisms, the communica-
tion network, and the power system complicates studies on
future power systems’ behavior since a common modelling
approach that encompasses the three domains has not been
established yet and there are few tools that enable a joint sim-
ulation.The comprehensive data model and the cosimulation
architecture presented in this work tackle these challenges,
enabling the investigation of dynamic interactions between
the electrical grid, communication network, and market.
These interactions could be technical constraints to the grid
that require actions on the market side, communication
failures that affect the control loop between the grid and the
market, and market decisions that change the behavior of a
generation unit or energy consumers connected to the grid.
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Therefore, we propose a data model based on the IEC Com-
mon Information Model (CIM) [4] that is able to describe
an entire smart grid topology including communication and
market entities. Besides, the proposed data model allows
users to store the whole network topology with components
from the three domains in a single well-defined data model,
therefore hiding the complexity of the cosimulation from the
users. Topology descriptions compliant with this data model
can be processed by the presented cosimulation architecture.
This architecture and implementation example combines
dedicated simulators for the power system, communication
network, and energy market whereas previous approaches
known to the authors only considered a subset of these three
domains or monolithic concepts.

The main contributions of this paper can be summarized
as follows:

(i) Analysis of the requirements of a cosimulation com-
bining the three domains and definition of the cosim-
ulation specifications

(ii) Identification of technical challenges of interconnect-
ing the simulators

(iii) Development and the implementation of the cosimu-
lation architecture and the interfaces that implement
the specifications

(iv) Validation of the proposed cosimulation environment
by simulation results.

The paper is structured as follows: Section 2 gives an
overview of the related work on integrated modelling and
simulation of smart grids. In Section 3, we identify and
describe the use cases for which the proposed cosimulation
environment can be used. The challenges for the realization
of the cosimulation environment are discussed in Section 4,
whereas we present our solutions regarding the designed data
model and the software architecture but also its limitations
in Section 5. The integrity of the cosimulation environment
is validated by the results of a cosimulation in Section 6,
where an optimal management of distributed battery storage
systems is simulated to improve the voltage stability of
a distribution network. We conclude the paper with final
remarks in Section 7.

2. Related Work

2.1. Architecture and Data Model. The evolution of tradi-
tional power systems towards intelligent power grids has
recently triggered efforts for comprehensive modelling and
standardization, which aim to include various aspects of
a smart grid ecosystem. One major contribution in this
context is the Smart Grid Architecture Model (SGAM), which
provides a basis for the representation of relationships
between entities, functionalities, and subsystems in smart
grids [5]. SGAM framework models a smart power grid in
five interoperability layers which cover physical components
in the network (component layer), protocols for exchange
of information between services or systems (communication
layer), data models which define the rules for data structures

(information layer), functions and services (function layer),
and business and market models (business layer). The model
further divides the component layer to hierarchical electrical
energy conversion and transmission domains from generation
to customer premises and to component zones such as field
and station. This architectural view aims to accelerate and
standardize the development of unified datamodels, services,
and applications in industry and research. In this context, our
data model and cosimulation framework in this work build
upon the fundamental concept of SGAM,where our focus lies
in the following aspects of SGAM:

(i) The unified data model which is presented in Sec-
tion 5.1 formally defines the structure for data
exchange in alignment with the concept of the infor-
mation layer of SGAM.

(ii) The domain-specific simulators of our cosimulation
environment include models of power system and
communication network components as well as mar-
ket actors in the component layer of SGAMwithin the
distribution, DER, and customer premise domains.

(iii) The communication layer is abstracted by a cosim-
ulation interface and the extensions in the domain-
specific simulators in order to enable the data
exchange between the components.

(iv) The example use case presented in Section 6, regard-
ing the optimal management of distributed battery
storage systems, is an example of a system func-
tion which would fall on the function layer in the
SGAM framework. Besides, the business model that
motivates the provision of such a system function,
for example, an incentive by the system operator, is
defined within the business layer.

For the realization of the unified data model in alignment
with the SGAM concept, we identify the IEC Common
Information Model (CIM) [4] as a well-established basis for
extensions in Section 5.1 as it is a widely accepted format to
exchange grid data in power systems. Although it includes
an extensive list of electrical grid components as well as
market-related objects, the communication infrastructure of
a power system is hardly included except for a few classes
regarding supervisory control and data acquisition (SCADA)
links. However, CIM can easily be extended as demonstrated
for the market in [6, 7].

2.2. Simulation of Smart Grids. There have been several
attempts to build a cosimulation environment with the focus
on power grids and communication networks, for example,
[1, 8–10]. However, the proposed approaches so far do not
account for the market because they focus more on short-
term effects caused by limitations of the communication
network.

AlthoughMOCES [3] attempts to take a holistic approach
tomodel distributed energy systems, this results in the imple-
mentation of a monolithic simulation instead of a cosimula-
tion, with a hybrid simulation for the physical part and an
agent-based simulation for the behavioral part which could
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represent the market. Therefore, this approach hinders the
use of existing domain-specific tools and requires substantial
development effort. Instead, in this work, we aim to take
advantage of the capabilities that existing tools offer which (i)
enhances the credibility of the results and (ii) decreases the
effort that is needed to replicate their functionalities.

The proposed simulation framework consists of several
simulators, each responsible for a specific domain. The
advantage is the possibility of using the best tool for each
domain. Besides, the vision is to be able to replace simulators
with reasonable effort if the simulation requirements change.
For example in Section 6, it is mentioned how [11] could be
used to implement amore comprehensivemarket simulation.

2.3. Classification of Simulations. Schloegl et al. [12] provides
a clear classification scheme for energy-related cosimulations.
Because our cosimulation environment shall provide holistic
simulations, all four categories of simulation elements or
models (i.e., continuous processes, discrete processes and
events, roles, and statistical elements) defined by Schloegl et
al. have to be considered.

In our implementation, the power system is modelled
in Modelica as it can be used for physical systems in gen-
eral [3] and has already proven its capabilities for thermal
systems [13] and power systems in particular [14]. Modelica
models consist of continuous processes, discrete processes,
and events, which makes the power system simulation a
hybrid simulation.The communication network is simulated
with the available discrete event simulation (DES) tools, such
as ns-3. In a DES, the simulation time proceeds with the
execution of single events, such as packet arrival and time
expiry [15]. The energy market simulation is implemented in
Python asDES. Pythonwas chosen as programming language
because of its suitability to implement and test different
optimization methods [16]. Each market participant aims at
optimizing the schedule for its assets, for example, minimiz-
ing energy costs and maximizing its profit. Depending on
the simulation scenario, the behavior or role of the market
participants changes. Examples for statistical elements are
wind farm models of the energy grid simulator and commu-
nication link models which consider packet losses and the
reliability metrics of the communication network simulator.

Furthermore, the proposed cosimulation environment
can be formalized as a coupled Discrete Event System Specifi-
cation (DEVS) as defined in [17] which is why a classification
of our architecture in terms of DEVS is given in Section 5.5.

3. Use Cases of the Cosimulation Environment

Our cosimulation solution including the three domains can
be used to evaluate different scenarios. To address the physi-
cally relevant dependencies, we divide the dynamic interac-
tions between the simulators into two groups:

(i) Fast phenomena in the range of microseconds to
seconds, between highly dynamic power system com-
ponents, for example, power electronics and commu-
nication network

(ii) Slow phenomena in the range of minutes to hours
which include market entities, power system, and
communication network.

In recent literature, the most prominent fast dynamic
interactions occur in wide area measurement and control
applications as well as remote power electronics devices
[10]. Compared to slow phenomena, the simulation of fast
phenomena requires relatively smaller simulation time steps
due to switching events of electronic components and the fact
that the market interactions are not considered.Therefore, in
a cosimulation of the fast phenomena, the focus should be
more on the efficiency of the cosimulation interface rather
than a simplification of the coupling with multiple simula-
tors. The proposed cosimulation environment is intended to
support the investigation of fast dynamics but should not be
limited to them. This has an influence on our design of the
communication interface between the simulators as can be
seen in Section 5.4.

On the other hand, slow phenomena are created by
closing the loop between the power system and market
by means of the communication network. The behavior of
market entities may cause changes in the usage of power
system components which has an impact on the grid and vice
versa and this loopmight be impaired by the communication
network.The cosimulation environmentmight be used either
to verify the functioning of the control loop given a specific
communication network or to plan a communication net-
work that fulfills the requirements of the control mechanisms
in power system and market.

Based on this classification of use cases, it can be con-
cluded that all three simulators do not necessarily have to be
active at the same time for all scenarios. In this paper, we will
focus on the requirements and the implementation for the
cosimulation of slow phenomena and confine our discussion
on fast phenomena to a description of the adaptions needed
for fast phenomena investigations since there already exist
several cosimulation environments proposed for these stud-
ies [1].

An example use case for slow phenomena is the optimal
management of distributed storage systems for peak-shaving
to support the grid operation. The proposed cosimulation
environment including the communication network allows
testing the effects of communication failures on the operation
strategy and eventually on the electrical grid, which can
provide valuable insights for decision-making. Simulation
results for this example are provided in Section 6.

Before the cosimulation is initiated, it is necessary to
define and store the topology under investigation along with
the scenario-specific parameters. For example, the scenarios
can be investigated in which the failures in the commu-
nication network are stochastically or deterministically set
by the user in the data model. From a user perspective it
would be advantageous if all components, their links, and
parameters could be defined in one environment rather
than splitting this information between different software
solutions and formats. Then, the data model for the topol-
ogy needs to include components that couple different
domains.
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From these use cases, the following challenges can be
identified:

(i) Common data model that includes components of all
domains and their interconnections

(ii) Interaction of simulators with different simulation
types, for example, event-driven for the communica-
tion network and continuous processes for the power
system

(iii) Choice of the cosimulation time step which is limited
by the synchronization method connecting the simu-
lators.

4. Challenges of the Cosimulation

4.1. CommonDataModel. A common datamodel that covers
the electrical market, communication infrastructure, and
grid does not exist to the best of our knowledge even
though these components are integral part of smart grids.
Not only would the user of a simulation software benefit
from a common data model during the specification of
the simulation scenario but the data exchange would also
be simplified. A system description that encompasses all
components of smart grids as shown in Figure 1(a) could
be either used directly by holistic smart grid simulators or
divided into subsystems for a cosimulation as in Figure 1(b).

For many components, this division is straightforward
since their parameters are only needed by one domain-
specific simulator. For example, electrical lines exist only in
the power system domain and have connections only to other
power system components. Some components, on the other
hand, constitute natural coupling points between the power
system, the market, and the communication network. These
components are called interdomain components in the follow-
ing. For instance, a battery storage device connected to the
grid can act as a market participant that offers its capability
to charge or discharge. In order to enable its participation
in the energy market, the battery storage needs an interface
which is a communication modem in this case. The modem
can be seen as a part of the battery storage. Therefore, the
data model class associated with the battery storage device
has to be able to hold or reference to data on the properties of
the battery storage in electrical, market, and communication
domains. For a cosimulation, the information on interdomain
components have to be split into several parts since their
parameters are needed by the simulators and each simulator
has to simulate a dedicated part of these components.

4.2. Cosimulation Time and Synchronization. A remaining
and major issue in such a cosimulation, in which simulators
of different categories are combined, is the selection and
implementation of a proper synchronization mechanism
which must ensure the proper progress of the simulation
time and a timely data exchange between the domain-specific
simulators. This selection is of crucial significance in order
to minimize the error propagation in the cosimulation and
the synchronization overhead in terms of simulation time.
In [1], three main synchronization methods for cosimulation

have been specified: time-stepped, global event-driven, and
master-slave. There are two different considerations related
to the simulation time [12]:

(i) Time resolution: a challenge of the cosimulation
is the highly diverse time resolutions of the three
simulators. The time steps of power grid simulator
reach from milliseconds (electromagnetic processes)
to subseconds and above (steady-state and electrome-
chanic processes). The time steps of communication
network simulations can even vary from tens of
microseconds (e.g., latencies in LANs) to seconds
(e.g., latencies in WANs). On the other hand, in
energy market simulations, a time step of several
minutes can be sufficient as it is the case forGermany’s
control power market with price calculations on 15-
minute basis.

(ii) Time ratio: time ratio describes the relation between
simulation time and wall clock time [12].With appro-
priate use cases, we want to show how holistic cosim-
ulations with our approach can be used for planning
and decision-making. Therefore, it is important to
run the scenarios much faster than wall clock time
and for time intervals of days as well as of weeks, so
thatmanymodelswith different configurations can be
simulated.

The problem is that a very small time step or a high resolution
in time impedes short simulation times. Therefore, it is
necessary to adjust the time step according to the phenomena
that are under investigation. At the same time, it may be
feasible to aim at a higher integration of the simulators and
sacrifice flexibility and increase the efficiency if both time
resolution and time ratio need to be optimized. In Section 5.3,
we discuss our design choices regarding the synchronization
of the simulators in detail. The approach for an optimization
of time resolution and time ratio is further discussed in the
Section 5.4.

5. Concept of the Cosimulation Environment

5.1. Data Model for Power System, Communication Network,
and Market. As explained in Section 2, one possibility is
to extend the cosimulation topology format on CIM, which
leads to a superset of CIM. New classes, which are introduced
for completing CIM in its representation of smart grids, are
linked to theCIMclasses using the terminology of theUnified
Modeling Language (UML). The proposed format can be
structured in four packages:

(i) Original CIM (IEC61970, IEC61968, IEC62325)
(ii) Communication
(iii) Market
(iv) EnergyGrid.

Whenever possible, the CIM classes are used. However,
some components might not have an associated class in the
standard yet. Then, these components are represented as
classes in one of the other three packages. The reason for
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Figure 1: Exemplary topology including components of all domains (a) and domain-specific topologies (b).

this approach is that this way it is easier to update to a new
version of CIM without losing the newly added classes and
their interconnections.

The most important feature of our model format
is the interconnection of domains. In order to accom-
plish this, we have identified possible interdomain com-
ponents. Some examples of interdomain components,
namely, BatteryStorage, SolarGeneratingUnit, and
MarketCogeneration, are shown in Figure 2, which is
an excerpt from our data model. According to the UML
diagram, the energy market components are associated
with the power system components, whereas power system
components have an aggregation relationship to com-
munication devices. This means that parameters specific
to the market, communication network, and power system
which relate to the same device are linked with each other.
Therefore, all information on one device is easily accessible
but at the same time there is a separation according to
the domains. The connections between classes of different
domains are defined in a logical and not a topological way.
Instead, topological connections exist to connect power
system components, for instance.

Coming back to the battery storage device example, the
datamodel is as follows: the device is a part of the grid and has
electrical parameters. Furthermore, the battery storagemight
participate in the market, for example, as part of a virtual
power plant (VPP). Market-specific information can be
stored in the MarketBatteryStorage class which is associ-
atedwith the electrical representationBatteryStorage.The
data on the class for a communicationmodem ComModwhich
could be used to communicate with the VPP is aggregated to
the BatteryStorage class.

In the following, we briefly mention the domain-specific
considerations for the three domains.

(1) Power System Package. The purpose of the EnergyGrid
package is to group models for power system components
that are not already part of the CIM standard. For the simula-
tion scenario that is presented later, it was necessary to create

a new model for electrical energy storages like stationary
batteries. A battery storage is a conducting equipment that
is able to regulate its energy throughput in both directions.
Therefore, the class BatteryStorage is a specialization of
a CIM RegulatingConductingEquipment since it can
influence the flow of power at a specific point in the network.

(2) Market Package. The key component of the market
package for the scenarios that we would like to investigate
is a VPP since the aggregation of small DER units enables
their participation at electricity markets. In case the DERs
are not owned by the operator of the VPP, they can be seen
as customers that offer their energy in exchange for share of
the VPP operators profits. Besides, a VPP might support the
Distribution System Operator (DSO) in ensuring a safe grid
operation which results in an association between the DSO
and the VPP.

(3) Communication Package. This package includes all addi-
tionally defined classes that are related to the communication
network model, such as classes for communication links
and technologies, modems, network nodes along with their
parameters and their relations with the classes in CIM,
power system package, and market package. In this way,
the user can model the communication network layer and
its specifications in the simulation tool. The communication
network topology and its parameters are then used by the
communication network simulator for the cosimulation.

Figure 3 shows an excerpt from the communication data
model with an aggregation to a WindGeneratingUnit. By
means of the associated classes for modems, communication
requirements, and channels, the model enables a description
of network parameters and topology. Furthermore, the com-
munication network data model integrates the flexibility to
enable the planning of the communication network under
communication and power system requirements even before
the beginning of the cosimulation. The topological parame-
ters will be used for an optimal design of the communica-
tion network with the desired objective, such as minimum
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cost, while required conditions are satisfied, such as given
reliability metric. An example of this approach is presented
in [18] for an integrated design of a wide area measurement
system. Eventually, the optimized communication network
solution can be evaluated against different scenarios using the
cosimulation environment.

5.2. Model Data Processing and Simulation Setup. The overall
information flow for the simulation setup is depicted in
Figure 4. After the topology is created or modified in a
graphical Topology Builder and includes the three domains,
the input file, which complies with the common data model
of Section 5.1, is sent to the cosimulation interface. The
cosimulation interface incorporates a component, based
on CIM++ [19], which parses the CIM XML-RDF file
and generates a container of C++ objects that contain
the topological data. In order to execute a simulation,
the Modelica solver requires a Modelica model, whereas

Modelica models

Power system
simulation

Modelica (Dymola,
OpenModelica)

Topology builder

Extended CIM

Cosimulation interface
mosaik, CIM++,

Objects2Modelica,
Objects2Comm. Net.

Block diagram of
topology

XML representation
of topology

C++ objects & simulator
specific text formats

Communication networkPython objects topology

CommunicationMarket simulation simulation
python ns-3, etc.

Figure 4: Overall architecture for simulation setup.

the communication network topology can be given to the
communication network simulator in JSON or XML for-
mat, which includes the components in the network, their
connections, and parameters. Since the topology will be
available as an XML-RDF file and a container of C++
objects, the relevant information for the power system and
communication network is extracted during a deserialization
step. In the subsequent transformation step, a component,
which we call Objects2Modelica/CommunicationNetwork,
generates Modelica and communication network files with
the topology and parameters. In contrast, the Python based
market simulation relies on a C++/Python interface, which
could be realized using one of the common libraries for
Python to wrap C++ data types and functions, to retrieve the
market relevant information from the C++ objects and store
them in Python objects.

The following paragraph explains the translation on the
basis of a CIM to Modelica example. The loads are defined
in the extended CIM data model described in Section 5.1 as
PQ-loads with a characteristic power demand as follows:

<cim:SvPowerFlow rdf:ID="PQ1-sv">
<cim:SvPowerFlow.p>1000</cim:
SvPowerFlow.p>
<cim:SvPowerFlow.q>329</cim:
SvPowerFlow.q>
<cim:SvPowerFlow.Terminal

rdf:resource="#E-1229789360"/>
</cim:SvPowerFlow>

The cosimulation interface extracts the corresponding com-
ponent parameters from the CIM XML-RDF file and intro-
duces them in the Modelica model of the grid. The latter
is done by the Objects2Modelica component explained in
Section 5.2 which iterates through the list of C++ objects pro-
vided by CIM++. Thus, the specification of the parameters 𝑃
and𝑄 in the CIMmodel generates two attributemodification
equations in the declaration of the PQ-load in Modelica:



Complexity 7

ModPowerSystems.PhasorSinglePhase.Loads.

PQLoad CIM PQ1 (Pnom = 1000, Qnom = 329)

These values are applied during the quasistationary simula-
tion of the single-phase representation of the grid.

5.3. Synchronization. The synchronization of all three sim-
ulators will be performed in fixed time steps. Fixed syn-
chronization time steps have been chosen because of the
resulting flexibility to integrate more simulators easily and its
comparatively high speed in terms of time steps per simula-
tion time [1]. An event-driven approach as it is implemented
in [10] for two simulators requires a deeper integration of
the cosimulation framework and the simulators. Apart from
that, it was shown in [10] that the cosimulation error can be
reduced for fixed time steps by reducing the global time step
size.

The synchronization between all simulators for slow
phenomena scenarios is performed with mosaik, a well-
established cosimulation framework [20] which was devel-
oped for stationary simulations with time steps of one second
or greater [21]. It allows combining the three simulators in a
simple manner as explained in Section 5.4. VILLASnode, a
software project for coupling real-time simulations in LANs
[22, 23], is a suitable alternative for mosaik in the case of
synchronizations with very short intervals.

In Modelica, the synchronization data exchange is
achieved by integrating Modelica blocks of the Modelica
DeviceDrivers library, which was originally developed for
interfacing device drivers to Modelica models. This con-
veniently allows the definition of a fixed interval for data
exchange. Modelica DeviceDrivers were chosen instead of
the FMI approach shown in [21] because it allows more
flexibility in picking the desired simulation variables and
choosing the required cosimulation step size independently
from the Modelica simulator time step. At synchronization
steps between all simulators, the step function of the energy
market simulator is called synchronously from the mosaik
Python API. After the market simulator has finished the
simulation step, the results are retrieved by mosaik.

The simulation time in the DES of the communication
network advances with the execution of the generated events,
which are stored in an event-list. The execution of events
is controlled by a scheduler, which determines the next
event and its execution time. Whereas the default scheduler
executes the events sequentially without any interruptions,
the available simulation environments offer the flexibility to
integrate external control inputs to receive external control
messages, which can be used to manipulate the simulation
flow by changing the module parameters during the simula-
tion. In order to realize this, the event-driven nature of DES
tools can be used to generate new events, called flow control
events, which stop the communication simulation, exchange
data, and use the input data to manipulate the following
simulation steps. Furthermore, the execution of events can
be controlled and the simulation can be stopped after the
execution of the last event before a synchronization point, so
that the simulation runs in fixed steps and a data exchange is
possible at the end of each step.
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Figure 5: Synchronization scheme of simulators at cosimulation
time steps.

Figure 5 depicts the flow of time for the cosimulation
and each simulator. It can be seen that the power system and
market simulators compute in parallel, whereas the commu-
nicationnetwork iswaiting for their inputs. In amathematical
notation, the interactions between the simulators in each
cosimulation step can be defined by

𝑢𝑝 (𝑛 + 1) = 𝐹𝑐 (𝐹𝑚 (𝑢𝑚 (𝑛))) ,

𝑢𝑚 (𝑛 + 1) = 𝐹𝑐 (𝐹𝑝 (𝑢𝑝 (𝑛))) ,
(1)

where 𝑢𝑚 and 𝑢𝑝 are the corresponding input values of
the simulators for the power system, energy market, and
communication network for each time step. Therefore, it is
required to set initial values, 𝑢𝑝(0), 𝑢𝑚(0), at the beginning
of the cosimulation. 𝑛 denominates the current cosimulation
time step. 𝐹𝑐 (communication), 𝐹𝑚 (market), and 𝐹𝑝 (power
system) are the functions describing the calculation of the
next time step.

5.4. Cosimulation Runtime Interaction. In Figure 6, the cou-
pling of the power system, communication, and market sim-
ulator for their cosimulation runtime interaction is shown. In
the following, we briefly introduce the individual parts of the
cosimulation environment:

(i) Mosaik: as already mentioned, mosaik is used for
the coordination during the synchronization steps
of several minutes (in simulation time) regarding all
simulators [24]. mosaik has two different APIs for
simulator coupling. It provides handlers for different
simulator types, allows modelling of different simula-
tion scenarios, and schedules the step-wise execution
of the connected simulators with the aid of SimPy
[25]. The two mosaik APIs are

(a) the low-level API which uses common TCP/IP
network sockets for exchanging messages en-
capsulated in JSON, an open-source and hu-
man-readable data format;

(b) the high-level API which can be directly used
by a simulator and communicate with mosaik
through sockets but also handle their creation,
events, and message (de)serialization.
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Figure 6: Scheme of runtime interaction between cosimulation
components.

(ii) Market simulator: implemented in Python, it can
make use of the high-level API as illustrated in
Figure 6.Theuse of the sockets allows the desired flex-
ibility of running all simulators on different computer
systems and environments.

(iii) Communication network simulator: based on avail-
able DES tools, their network simulation modules are
extendedwith interprocess communication function-
alities for JSON message exchange with mosaik.

(iv) Power system simulator: the integration of so-
called TCPIP Send/Recv IO blocks from Modelica
DeviceDrivers into the Modelica models, allows the
exchange of simulation data via sockets but in the
form of Modelica variables as bitvectors instead of
JSON messages. Therefore, the MODD Server is
implemented.

(v) MODD server: it receives commands from the socket
connected with mosaik. Based on these commands
it starts, for example, the power system simulator or
receives the bitstream from Modelica DeviceDrivers
and encapsulates it into JSON messages before trans-
ferring them to mosaik. Besides the synchronization
steps controlled by mosaik, there will be also more
fine-grained synchronization steps of fractions of sec-
onds between the power system and communication
network simulator. That is why a VILLASnode server
is included.

Root-coordinator

Top
coordinator

subcoordinator

simulator simulator

simulator
C

MP

Figure 7: Cosimulation environment as a hierarchical simulator.

(vi) VILLASnode: instead of TCP (Transmission Control
Protocol), it makes use of UDP (User Datagram
Protocol) sockets for data exchange between real-
time simulators, for which it was designed.The use of
UDP leads to less overhead and consequently to lower
synchronization time steps but with the disadvantage
of an unreliable connection.Our solution for avoiding
any datagram losses is the usage of Reliable UDP
(RUDP) to keep a low overhead in comparison with
TCP with the benefit of a reliable connection.

5.5. DEVS Formalization. As explained in Section 5.3, a
discrete time base is chosen for the synchronization between
the domain-specific simulators. Therefore, the simulators
can be formalized by Discrete Time System Specifications
(DTSS). Since the time steps are fixed, the DTSS can be
simulated by DEVS [17]. The abstraction level of the DEVS
has not been considered for the mosaik framework for
different reasons [26] and is not needed for the definition
of cosimulation scenarios. Therefore, a formal definition of
the whole simulation as coupled DEVS is beyond the scope
of this paper. However, a so-called hierarchical simulator
for the three atomic simulators 𝑃, 𝑀, and 𝐶 (for energy,
market, and communication) is shown in Figure 7 as leaves
of the hierarchical simulator (i.e., tree) [17] and described
in the following. The root-coordinator sends an initialization
message (𝑖, 𝑡), which is propagated to all atomic simulators in
the tree at simulation start and initiates the simulation steps
with state transition messages (∗, 𝑡). The coordinators handle
the levels of coupled simulators up to the root of the tree.
The scheduling of an event is performed by a (∗, 𝑡) message
forwarded by each receiver coordinator to its imminent child.
The imminent child is the simulator which shall perform its
next internal transition or the coordinator being the root of
the subtree containing the simulator which performs the next
internal transition.
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In case of our cosimulation architecture, the first (∗, 𝑡)
message is forwarded by the top and the subcoordinator
to the first component in the event-list (here. 𝑃 simulator)
computing the new output 𝑦𝑃 = 𝜆(𝑠) and sending it as output
message (𝑦𝑃, 𝑡) to the subcoordinator. The subcoordinator
then recognizes an internal coupling and therefore sends an
x-message (𝑥𝑀, 𝑡), with 𝑥𝑀 = 𝑍𝑃,𝑀(𝑦𝑃), to the 𝑀 simulator,
whereby 𝑍𝑃,𝑀 : 𝑌𝑃 → 𝑋𝑀 is the translation function from
the output events of the 𝑃 simulator to the input events of the
𝑀 simulator. Although the computations of the𝑀 simulator,
within the same transition, donot dependon the output of the
𝑃 simulator, its output message (𝑦𝑀, 𝑡) includes the output of
both simulators. This output is translated and forwarded by
the subcoordinator to its parent (top coordinator), because
of the external coupling, as output message (𝑦𝑁, 𝑡) of the
belonging Discrete Event Specified Network (DEVN). After-
wards, the top coordinator translates the message to an input
message (𝑥𝐶, 𝑡) of the𝐶 simulator which computes the output
of the whole cosimulation step. This output is transformed
by the top coordinator, because of its internal coupling, to
an input message for the subcoordinator which translates
and sends the message down to the 𝑃 simulator, because of
the external input coupling, and the next cosimulation step
begins.

An improvement of this formalization based on the
hierarchical simulator could be accomplished by a formal-
ization of the 𝑃 and 𝑀 simulator as a conservative parallel
discrete event simulation [17]. Nevertheless, the described
communication pattern between the components of the
hierarchical simulator shows that the chosen cosimulation
synchronization scheme, depicted in Figure 5, is valid,
when causality violations between the energy and market
simulation within one time step of the cosimulation are
avoided which is guaranteed for the considered simulation
scenarios.

5.6. Limitations. Due to the communication overhead caused
by the cosimulation environment, the simulation time might
increase significantly for large network sizes. Currently, real-
time simulations are not possible, but the available framework
can be extended for real-time and hardware-in-the-loop
simulations, for example, by using VILLASnode instead of
mosaik.

Furthermore, the synchronization step size cannot be
changed during simulation runtime, whereas the domain-
specific simulators support variable simulation time steps.
To enable a variable step size for an optimized cosimulation
through more sophisticated algorithms, modifications of the
mosaik framework would be necessary as it allows fixed time
steps only.The cosimulation flowmanaged by mosaik, which
allows parallel and sequential progress of simulators, might
introduce inaccuracies in the simulation results with respect
to the synchronization step size.

Moreover, the simulation of heterogeneous communi-
cation networks and standards is possible. However, the
abstraction level of the communication protocols influ-
ences the simulation time of the communication network
simulator and thus the simulation time of the cosimu-
lation.

6. Verification of the Cosimulation Interfaces

In this section, we aim to show that the implemented
cosimulation infrastructure does not impair the accuracy
of the simulation results. As an exemplary application, we
consider a scenario where a VPP operator aims at gaining
profits by reducing the VPP’s peak power. Thus, a peak-
shaving algorithm is employed for an optimal management
of distributed battery storage systems. Financial incentives for
the peak-shaving behavior might originate from agreements
withDSOs regarding themaximumpower feed-in of theVPP.
Starting from results without the cosimulation framework,
we successively include the cosimulation environment and
domain-specific simulators to demonstrate that the results do
not change under the assumption of an ideal communication
network in the same scenario. Eventually, a slightly different
scenario is presented where the communication network is
supposed to impair the control loop between the power
system and themarket due to communication device failures,
thereby, showing an exemplary use case for the cosimulation
architecture presented in this paper.

6.1. Simulation Scenarios andModels. The investigated power
system is a part of the IEEE European Low Voltage Test
Feeder. The loads in the test feeder are replaced with build-
ings, each incorporating a PQ-load. Furthermore, several
of these buildings feature stationary batteries and solar
generation. The battery storages are controlled by a peak-
shaving algorithm which is implemented in the market sim-
ulator. The peak-shaving algorithm is supposed to represent
a VPP operator that utilizes its aggregated storage in a grid
supporting way. That is why in a real world application it
needs to exchange measurement and control values with the
battery storages through the communication network.

In the first simulation scenario, the communication
between batteries and the peak-shaving algorithm is ideal
and not subject to any communication network failures. This
scenario is used to verify the correct exchange of simulation
data between the simulators involved in the cosimulation.
For this reason, the simulation is first executed without
cosimulation framework, connecting the peak-shaving algo-
rithm directly to the power system simulation. Then, the
cosimulation environment is introduced and afterwards the
communication network simulator.The results of these three
simulation cases are presented in Section 6.2.

The second simulation scenario, analyzed in Section 6.3,
features a communication network failure in order to show a
possible use case of the complete cosimulation environment.

The following equations are implemented in Modelica
to simulate the power system components in the buildings.
The PQ-loads in the buildings are modelled as ideal constant
power loads, which means that the load current is directly
dependent on the voltage at the grid connection point.

The implemented Modelica model of the solar generator
determines the active power output 𝑃sg by

𝑃sg
3 = 𝑉oc ⋅ 𝐼sc ⋅ 𝐹𝐹 ⋅

𝑃sg,inst
𝑃0

, (2)
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under the assumption that the plant is operating at its
maximum power point and where 𝑉oc and 𝐼sc are the open-
circuit voltage and the short-circuit current, respectively.
They vary with temperature and solar radiation, which can be
modelled according to [27]. The term 𝑃sg,inst/𝑃0 in (3) adapts
the magnitude of the output power to the installed power of
a specific solar generating unit, given that 𝑃0 represents the
installed power of the solar panel used in [27].

The model of the battery storages consists of a simple set
of equations describing the derivative of the state of charge
(SOC) as

𝑑
𝑑𝑡SOC =

{{{{
{{{{
{

𝜂ch𝑃𝐵
𝐶𝐵

, 𝑃𝐵 ≥ 0,

𝑃𝐵
𝜂disch𝐶𝐵

, 𝑃𝐵 < 0.
(3)

In addition, the battery model limits the SOC to be in the
range between zero and one.The values specifying the battery
capacity 𝐶𝐵, the charging efficiency 𝜂ch, and the discharging
efficiency 𝜂disch are extracted from the extended CIM classes;
see Section 5.1.

The VPP algorithm aims at stabilizing the voltage profile
by reducing the power exchange between the grid and
the buildings using a model predictive control approach.
Therefore, the battery charging power 𝑃𝐵 is set according to
an optimal scheduling which is based on forecasts for solar
radiation and load demand. To compensate for inaccuracies
in the forecasts, the algorithm receives measurements of
actual load demand, generated solar power, and battery state
of charge from the power system simulator.

6.2. Comparison of Results with and without Cosimulation
Environment. At first, both measurements and set points
are neither passed through the communication network
simulator nor the cosimulation framework. Instead, the
control signals for the battery storages are directly supplied
by the peak-shaving algorithm before each power system
simulation step. Following this reference case, both simula-
tors are connected through the cosimulation environment as
described in Section 5.4. Still, the communication network
simulator is not involved. The results depicted in Figure 8
present the voltage profile over time at one node in the
test feeder and it can be seen that the results with and
without the cosimulation environment are consistent. If the
communication network had altered the exchanged data,
control values, and measurements, the voltage profile would
have changed. Next, we take this one step further and
also introduce the communication network simulator. The
communication network simulator acts as mediator between
the power system and market simulators. Any data that is
exchanged between the power system and market has to pass
through the former. The communication network simulator
is added to the cosimulation as presented in Sections 5.3
and 5.4. To verify that the three simulators are synchronized
properly, we include an ideal communication network; that is,
all messages are transmitted without any latencies. Evidently,
an ideal communication should not affect the information
exchange between power system and market, so that the
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Figure 8: Comparison of simulation results of power system and
market with and reference case without cosimulation environment.
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Figure 9: Comparison of simulation results with cosimulation
environment and ideal communication network and reference case
without cosimulation environment.

implemented scheduling for battery charging should perform
equally.

In Figure 9, it is visible that the simulation results incor-
porating the ideal communication network do not deviate
from the ones obtained without the communication network
even though all messages are now passing through the
communication network simulator.Thus, the results confirm
a correct synchronization of the three simulators and the
consistency of the implemented cosimulation environment.

6.3. Exemplary Cosimulation with Communication Network
Failure. In this subsection, the three simulators are exchang-
ing data in the sameway as described at the end of Section 6.2.
Only this time, the communication network simulator emu-
lates a fault in the communication network which leads
to a communication failure of one hour at the site of the
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Figure 10: Comparison of voltage KPI for cosimulation with and
without communication network fault.

VPP control algorithm.This represents slow phenomena case
where the loop between power system and market simulator
is affected.

To assess the impact of the communication fault on the
whole network section, a voltage key performance indicator
(KPI) as defined in (4) is applied to the results:

KPIV =
1
𝑁 ⋅ ∑
𝑖∈N


V𝑖 − 1
ΔVmax


. (4)

Here,𝑁 is the number of considered voltage nodes, V𝑖 denotes
the voltage at one node in per unit, andΔVmax is themaximum
allowed voltage deviation. Thus, the KPI is representing the
average absolute deviation at all network nodes in relation
to the maximum allowed deviation. Figure 10 shows that a
communication failure between hours five and six clearly
affects the voltage profile of the power system.The application
of the latest control values during the communication failure
results in a charging of the batteries, while after the fault
clearance the reactivated control discharges the batteries
again. Hence, the entire battery capacity is being made
available again for peak-shaving during themidday time.Due
to the compensation behavior, the system returns back to a
state with completely discharged batteries and consequently
the same voltage profile as for ideal communication occurs
some time after the fault. By modifying the communication
network simulator input, it is also possible to emulate other
faults such as faults at single buildings or package loss.

The applied market simulator focuses on the representa-
tion of VPP operators which manage as market participants
their assets in a peak-shavingmanner based onmathematical
optimization.The operators schedulingmay additionally take
into account price trends at wholesale markets, for example,
given as historical time series. An enhanced consideration
of market dynamics can be obtained by an agent-based sim-
ulation of market participants and customers, for example,
carried out with the Power TAC platform [11] integrated with
the market simulator.

7. Conclusion

The contributions of this paper are a data model that includes
three domains, power system, communication network, and
market, and the architecture of a software environment
to simulate multidomain scenarios for smart grids. The
proposed data model facilitates the use of the software envi-
ronment since the domain-specific smart grid component
parameters and their interconnections can be modified and
stored in a self-contained topology description. Due to our
cosimulation approach we are able to take advantage of
established domain-specific simulators for each domain. The
proposed cosimulation environment covers use cases which
are commonly investigated in literature and relate to power
systems in conjunction with communication networks and
use cases including the former two domains and the market.
Simulation results of our cosimulation environment accord-
ing to the proposed architecture confirm the consistency of
the approach.
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for modular simulation of active components in Smart Grids,”
in Proceedings of the IEEE 1st International Workshop on Smart
Grid Modeling and Simulation, SGMS 2011, pp. 55–60, October
2011.

[21] S. Rohjans, E.Widl,W.Müller, S. Schütte, and S. Lehnhoff, “Co-
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This research is focusing on optimal placement and sizing of multiple variable passive filter (VPF) to mitigate harmonic distortion
due to charging station (CS) at 449 bus distribution network.There are 132 units of CS which are scheduled based on user behaviour
within 24 hours, with the interval of 15minutes. By considering the varying ofCS patterns andharmonic impact,Modified Lightning
Search Algorithm (MLSA) is used to find 22 units of VPF coordination, so that less harmonics will be injected from 415V bus to
the medium voltage network and power loss is also reduced. Power system harmonic flow, VPF, CS, battery, and the analysis will
be modelled in MATLAB/m-file platform. High Performance Computing (HPC) is used to make simulation faster. Pareto-Fuzzy
technique is used to obtain sizing of VPF from all nondominated solutions. From the result, the optimal placements and sizes of
VPF are able to reduce the maximum THD for voltage and current and also the total apparent losses up to 39.14%, 52.5%, and
2.96%, respectively. Therefore, it can be concluded that the MLSA is suitable method to mitigate harmonic and it is beneficial in
minimizing the impact of aggressive CS installation at distribution network.

1. Introduction

The vision to have less carbon dioxide (CO2) emissions
and less dependency on natural resources has encouraged
Electric Vehicle (EV) to become an important option com-
pared to conventional vehicle. Based on report in 2015,
around 56.4% global crude oil is used for transportation
sector [1]. Furthermore, the unstable price for crude oil
has also influenced EV to become suitable alternative. The
demand on EV, indirectly, has increased the number of CS
installation in the distribution system [2]. However, power
losses will increase when a large number of unplanned CS
are installed. Furthermore, it will also introduce harmonic
distortion due to the power electronic devices that convert
alternating current (AC) to direct current (DC) at CS [3,
4]. This harmonic distortion will cause negative impact
such as increment heating losses, shorter insulation lifespan,
increased temperature and insulation stress, decreased power
factor, and lower efficiency [5, 6].

Currently, most of the researchers focus on strategies to
reduce loss by coordinating the charging of EVs. Alonso et al.
[7] have developed an optimization algorithm to coordinate
the charging of EVs using Genetic Algorithm (GA). The
charging schedule is based on optimal load pattern for EV
charging-based reliability which takes into consideration the
thermal line limits, the load on transformers, voltage limits,
and parking availability patterns. The proposed method is
able to reduce the cost for power systemnew investment. Fur-
thermore, Bharati and Paudyal [8] have proposed framework
to coordinate EVs in the distribution system using bilevel
hierarchical vehicle-grid (VG) optimization.This framework
requires information exchange among EV aggregators and
grid controller and then the EV charging can be scheduled
based on the minimum losses to the distribution network.
Next, Masoum and Nabavi [9] have also proposed online-
overnight PEV coordination using metaheuristic technique
which is particle swarm optimization. This method intro-
duces high priority and low priority customer that indicate
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Figure 1: Single-line diagram for 449 bus radial distribution system.

the willingness of customer to be charged. High priority
customer will get faster charging services with high tariff and
the low priority customer will only charge their vehicle after
power loss control in the distribution system is done. Even
though many approaches have been introduced to minimize
the EV impact, the focus is more towards minimizing the
power loss. However, beside power loss, the harmonic injec-
tion to the distribution system when many CS are connected
must also be taken into consideration in ensuring that the
network can operate optimally.

In general, there will be two types of harmonic that will
be mitigated in distribution network, which are voltage and
current harmonic. Voltage harmonic is measured at the bus,
while current harmonic is measured at the lines and cables.
Passive filter is the common component used to eliminate
these harmonics. Passive filters can provide a low-impedance
path to harmonic currents and hence prevent it from flowing
into the systems. There are many papers that utilized passive
filter to mitigate harmonics in power system using filter
devices [10–14] and the most common ones are single tuned
filters. Single tuned filters are designed to eliminate or reduce
single frequency from the system depending on the design
resistance, capacitance, and inductance value [15]. Sakar et
al. [16] have suggested a hosting capacity determination for
a distorted distribution system due to Photovoltaic connec-
tion. In their research, passive filter is used to increase the
harmonic-constrained hosting capacity which then improves
the voltage, power factor, and filtering the harmonics. Author
in [17] proposed an Asymmetric Synchronous Reference
Frame Control scheme and harmonic voltage compensator
with a Static Var Compensator connected to the grid to
mitigate the harmonic. The author used harmonic voltage
compensator to reduce voltage THD. Even though many
researchers have used passive filter to mitigate the harmonic,
very few researchers considered both voltage and current
harmonics in their analysis especially for CS.

Therefore, this research proposes a coordination of 22
VPF when 132 unit of CS is adopted in a 449 bus radial

DT
s o

a b

r n hl

c d e g i
km j

f

p
q

Figure 2: Single-line diagram for 415V buses.

distribution system. Section 2 presents the modelling of load
profile, CS, battery, passive filter, harmonic, CS scheduling,
and radial load flow used in this study. The introduction of
MLSA technique will also be covered in this section. The
methodology of the proposed coordination will be discussed
clearly in Section 3. Result and discussion for 22 units of filter
coordination in 449 bus are presented in Section 4. Lastly,
conclusion of this research is in Section 5.

2. Problem Modelling and Formulation

A typical 449 bus radial distribution system is used in this
research to determine the optimal placement and sizing
of VPF. Furthermore, forward/backward sweep method is
chosen due to the accuracy of this load flow analysis in
solving distribution load flow [18–21]. The harmonic pattern
for individual EV charger is modelled based on actual single
phase charger impact as measured in [22].

2.1. IEEE 31 Bus with 22 Low Voltage 415 V Bus System. Fig-
ures 1 and 2 show a single-line diagram for 23 kV IEEE 31 bus
radial system with low voltage 415V buses residential feeder
that consist of several CS, respectively. The total number of
buses in the network (medium and low voltages) is 449 buses.
There are 6 units of CS installed at one residential area which
add up to 132 units for overall CS in this distribution system.
Line data for low voltage 415V buses is shown in Table 1.

2.2. Harmonic Load Flow Analysis. Many techniques can be
used to perform harmonic analysis such as in [23–25] and the
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Table 1: Line data for 415V buses.

Line Line resistance 𝑅 (Ω) Line reactance𝑋 (Ω)
Bus A Bus B
a b 0.0415 0.0145
b c 0.0424 0.0189
c d 0.0444 0.0198
d e 0.0369 0.0165
e f 0.0520 0.0232
f g 0.0524 0.0234
g h 0.0005 0.0002
g i 0.2002 0.0199
g j 1.7340 0.1729
f k 0.2607 0.0260
f l 1.3605 0.1357
d m 0.1400 0.0140
c n 0.7763 0.0774
b o 0.5977 0.0596
a p 0.1423 0.0496
p q 0.0837 0.0292
q r 0.3123 0.0311
a s 0.0163 0.0062
DT 0.0000 0.0654

most typical and simplest one is by using current injection
analysis method [26]. The electrical parameters that affected
the harmonic existence are the line impedances, load varia-
tion impedances, and filter impedances values. Equations (1)
and (2) represent the line impedance formulation and the
impedance for single-tuned filter at harmonic ℎ, respectively,
which indirectly caters for resonance impact. Equations (3),
(4), and (5) show the impedance formulation for the load
used in setting up the harmonic admittance matrix. The
harmonic flow is calculated using (6), which consists of
harmonic admittance matrix and harmonic current injection
as per (7) and (8).

𝑍𝑙,ℎ = 𝑅𝑙 + 𝑗ℎ𝜔𝐿 𝑙, (1)

𝑍Filter,ℎ = 𝑅Filter + 𝑗ℎ𝜔𝐿Filter − 𝑗 1
ℎ𝜔𝐶Filter

, (2)

𝑍𝐿,ℎ = 𝑅𝐿 + 𝑗𝑋𝐿,ℎ, (3)

𝑅𝐿 = 𝑉2𝐿𝑃𝐿 , (4)

𝑋𝐿,ℎ = 𝑉2𝐿ℎ𝑄𝐿 , (5)

𝐼ℎ = 𝑌ℎ ⋅ 𝑉ℎ, (6)

𝑌ℎ =
[[[[[[
[

𝑦11,ℎ 𝑦12,ℎ ⋅ ⋅ ⋅ 𝑦1𝑁,ℎ
𝑦21,ℎ 𝑦22,ℎ ⋅ ⋅ ⋅ ...... ... ⋅ ⋅ ⋅ ...
𝑦𝑁1,ℎ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ 𝑦𝑁𝑁,ℎ

]]]]]]
]
, (7)

𝐼ℎ =
[[[[[[[
[

𝐼1,ℎ
𝐼2,ℎ
...

𝐼𝑁,ℎ

]]]]]]]
]
. (8)

2.3. Modelling of CS and Battery. CS is typically divided into
three categories which are level 1, level 2, and level 3.The level
of the CS is based on the power consumed by the charging
station. Level 1 takes 6–8 hours, while level 3 requires 30
minutes for fully charging the EV’s battery. In this research,
level 1 CS is selected since this research focuses on residential
area which normally involves single-phase supply. The main
different in this work is on CS modelling and its behaviour.
The CS modelling in this research has considered the worst
harmonic value achievable by individual CS based on the
battery characteristic and State of Charge (SOC) state. The
initial and final (plug-in and plug-out) battery SOC value
depended on customer request, while the current produced
by CS to the EV battery is calculated based on that SOC state.
SOC state will be updated in every 15 minutes (Δ𝑡) and can
be calculated using (9), while the current produced by CS can
be calculated using (10).

SOC (Δ𝑡𝑘+1, 𝑖) = SOC (Δ𝑡𝑘, 𝑖) + (Δ𝑡
𝑄𝑖 𝐼 (Δ𝑡𝑘, 𝑖)) × 100, (9)

𝐼 (Δ𝑡𝑘, 𝑖)

= √(4 ⋅ Δ𝑡 ⋅ 𝑅𝑖 ⋅ 𝑃CS (Δ𝑡𝑘, 𝑖) ⋅ 𝜂 ⋅ CR𝑖(Δ𝑡𝑘,𝑖)) + 𝑉2oc,𝑖 − 𝑉oc,𝑖

2𝑅𝑖 ⋅ CR𝑖(Δ𝑡𝑘,𝑖) , (10)

where 𝑉oc,𝑖 is open circuit voltage for th node (V), 𝑄𝑖 is
rated battery ampere hour for the 𝑖th PEV (Ah), 𝑅𝑖 is
battery equivalent internal resistance for the 𝑖th node (ohm),
CR𝑖(Δ𝑡𝑘,𝑖) is maximum charging rate for the 𝑖th PEV (A),
SOC(Δ𝑡𝑘, 𝑖) is state of charge of the 𝑖th PEV at 𝑘th time slot
(%), SOC(Δ𝑡𝑘+1, 𝑖) is state of charge of the 𝑖th PEV at next 𝑘th
time slot (%), 𝐼(Δ𝑡𝑘, 𝑖) is charging current for the 𝑖th PEV at
current time slot (A), and 𝑃CS(Δ𝑡𝑘, 𝑖) is consumed power for
the 𝑖th PEV (kW).

Figure 3 shows the open circuit voltage (OCV) for lithium
iron phosphate (LFP) batteries based on the SOC of battery
[27] that can also be presented using (11). Thus, the relation
between SOC and 𝑉OCV will influence the total current
injected during charging process.

𝑉OCV = 3.135 − 0.685 (− ln (SOC))0.478
− (1.342 ⋅ SOC) + (1.734 ⋅ 𝑒0.4(SOC−1)) . (11)

Since there is conversion fromAC to DC during charging
process, the harmonic impact to the network is considered in
this study. The harmonic injection is basically based on SOC
state, which depended on battery SOC status and is being
modelled based onpractical data from [18]. Since there are 132
CS units installed within the 22 low voltage residential areas
(6 units for every residential area) it might have significant
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Table 2: CS and battery data.

Type Battery capacity (kW) Charging rate (A) Power usage (kW) CS efficiency
1 10 0.052 0.52 0.93
2 15 0.125 1.875 0.93
3 10 0.235 2.35 0.93
4 15 0.15 2.25 0.93
5 10 0.215 2.15 0.93
6 20 0.102 2.04 0.93
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Figure 3: Relationship between open circuit voltage and SOC for
LFP battery.
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Figure 4: Load produced by CS over time.

impact on THD𝑉 and THD𝑖 value when all CS operated
simultaneously. All CS and battery data in the residential area
are presented as per Table 2.

2.4. Modelling of Load Profile and Charging Station Operation.
The load profile for 449 bus system is design based on
typical load consumption in residential area during normal
day. The peak demand in the system is occurring at the
afternoon due to the several usages of electrical appliances,
while the lowest demand is at the night when majority of
people are asleep. However, the new electrical load CS is
normally being charged at the night time. In this study, it is
assumed that harmonic produced in the distribution system
is coming from CS. Figure 4 shows the loading produced
by all CS in the distribution system based on design of
CS operation as in Table 3. CS operation is designed based
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Figure 5: Load profile before and after CS operation.

on random behaviour and will penetrate at the night hour.
Figure 5 shows the summation of original load profile with
CS load. Even though most of the CS is operating during low
loaded condition at distribution system, it will cause higher
impact on the total harmonic distortion as well as power
losses.

2.5. Assumptions and Constraints. There are few assumptions
and constraints are considered in this research as shown
below:

(i) CS can be plugged in/plugged out at any time accord-
ing to the customer’s request. Customers will input
their requested plug-out time and requested final
SOCs at the time of plug-in. Once SOC reaches
requested SOC, CS will be switched to a standby
mode.

(ii) The time slot is 15min (Δ𝑡) or equal to 96 slots for one
day.

(iii) The aggregator has access to CS information includ-
ing their bus locations, harmonic distortion informa-
tion, charger types, battery sizes, plug-in time, and
plug-out time.

(iv) CS are controllable and have variable charging func-
tions. During the charging process, each CS is
assumed as a variable active load. The power that is
used to charge the battery is based on calculation that
is done by the aggregator.
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Table 3

Bus Plug-in Plug-
out

SOC
initial

SOC
Req Type

33 18 64 28 58 1
37 21 64 11 80 2
39 23 65 10 82 3
46 21 64 1 78 4
48 19 63 1 69 5
49 22 65 4 85 6
52 15 61 28 58 1
56 18 61 11 80 2
58 20 62 10 82 3
65 18 61 1 78 4
67 16 60 1 69 5
68 19 62 4 85 6
71 23 69 28 58 1
75 26 69 11 80 2
77 28 70 10 82 3
84 26 69 1 78 4
86 24 68 1 69 5
87 27 70 4 85 6
90 13 59 28 58 1
94 16 59 11 80 2
96 18 60 10 82 3
103 16 59 1 78 4
105 14 58 1 69 5
106 17 60 4 85 6
109 17 60 4 85 6
113 14 58 1 69 5
115 16 59 1 78 4
122 18 60 10 82 3
124 16 59 11 80 2
125 13 59 28 58 1
128 26 69 4 85 6
132 23 67 1 69 5
134 25 78 1 78 4
141 27 82 10 82 3
143 25 80 11 80 2
144 22 58 28 58 1
147 33 76 4 85 6
151 30 74 1 69 5
153 32 75 1 78 4
160 34 76 10 82 3
162 32 75 11 80 2
163 29 75 28 58 1
166 18 64 28 58 1
170 21 64 11 80 2
172 23 65 10 82 3
179 21 64 1 78 4
181 19 63 1 69 5
182 22 65 4 85 6

Table 3: Continued.

Bus Plug-in Plug-
out

SOC
initial

SOC
Req Type

185 15 61 28 58 1
189 18 61 11 80 2
191 20 62 10 82 3
198 18 61 1 78 4
200 16 60 1 69 5
201 19 62 4 85 6
204 23 69 28 58 1
208 26 69 11 80 2
210 28 70 10 82 3
217 26 69 1 78 4
219 24 68 1 69 5
220 27 70 4 85 6
223 13 59 28 58 1
227 16 59 11 80 2
229 18 60 10 82 3
236 16 59 1 78 4
238 14 58 1 69 5
239 17 60 4 85 6
242 17 60 4 85 6
246 14 58 1 69 5
248 16 59 1 78 4
255 18 60 10 82 3
257 16 59 11 80 2
258 13 59 28 58 1
261 26 69 4 85 6
265 23 67 1 69 5
267 25 78 1 78 4
274 27 82 10 82 3
276 25 80 11 80 2
277 22 58 28 58 1
280 33 76 4 85 6
284 30 74 1 69 5
286 32 75 1 78 4
293 34 76 10 82 3
295 32 75 11 80 2
296 29 75 28 58 1
299 18 64 28 58 1
303 21 64 11 80 2
305 23 65 10 82 3
312 21 64 1 78 4
314 19 63 1 69 5
315 22 65 4 85 6
318 15 61 28 58 1
322 18 61 11 80 2
324 20 62 10 82 3
331 18 61 1 78 4
333 16 60 1 69 5
334 19 62 4 85 6
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Table 3: Continued.

Bus Plug-in Plug-
out

SOC
initial

SOC
Req Type

337 23 69 28 58 1
341 26 69 11 80 2
343 28 70 10 82 3
350 26 69 1 78 4
352 24 68 1 69 5
353 27 70 4 85 6
356 13 59 28 58 1
360 16 59 11 80 2
362 18 60 10 82 3
369 16 59 1 78 4
371 14 58 1 69 5
372 17 60 4 85 6
375 17 60 4 85 6
379 14 58 1 69 5
381 16 59 1 78 4
388 18 60 10 82 3
390 16 59 11 80 2
391 13 59 28 58 1
394 26 69 4 85 6
398 23 67 1 69 5
400 25 78 1 78 4
407 27 82 10 82 3
409 25 80 11 80 2
410 22 58 28 58 1
413 33 76 4 85 6
417 30 74 1 69 5
419 32 75 1 78 4
426 34 76 10 82 3
428 32 75 11 80 2
429 29 75 28 58 1
432 18 64 28 58 1
436 21 64 11 80 2
438 23 65 10 82 3
445 21 64 1 78 4
447 19 63 1 69 5
448 22 65 4 85 6

(v) The requested time for each CS must be greater than
the minimum charging time required to charge the
battery.

Since 22 variable filters will be placed in the network,
the total unknown variables will become 44, which are 22
locations and 22 optimal sizes. All these parameters will have
their own constraints that need to be considered. In general,
the parameters can be divided into 2 categories which are as
follows:

(i) Filter location: the filter will be placed in low voltage
bus to avoid any harmonic injection to upper feeder.
There are 22 locations in 449 bus radial distribution
system. Furthermore, only one VPF will be placed at

M
VA

r

L2 L3L1 L4

C2 C3 C4C1

R1 R2 R3 R4

≡

Figure 6: 1 set of filter.

every low voltage 415 buses system. The constraints
are as follows:

𝑎𝑖 ≤ Filter𝑖 ≤ 𝑠𝑖, 𝑖 = 1 . . . 22. (12)

(ii) Filter reactive value: each individual variable filter
reactive value is limited to

0 kVAr ≤ 𝑄𝑖 ≤ 40 kVAr, 𝑖 = 1 . . . 22. (13)

2.6.Modelling of Passive Filter. Themain function of a passive
filter is to sink the harmonic current that flows in the
system based on a selected frequency. The filter impedance
will become very low to allow the harmonic to sink. Single
tuned filter is the most popular type of filter which is used
widely in dealing with harmonic pollution especially in the
industrial area [28, 29]. In this research, four units of single
tuned filters are considered as one set of filter which can
eliminate four frequencies as shown in Figure 6. Equation in
[26] is used to calculate capacitor, inductance, and resistance
components, respectively, as per (14). Capacitor is calculated
based on injected reactive power (𝑄) and voltage (𝑉) at that
bus; meanwhile, inductance and resistance are based on the
chosen harmonics (𝑛) that need to be reduced. Four sets of
filter will be used to eliminate 3rd, 5th, 7th, and 9th harmonic
order in the network.

𝐶Filter = 𝑄
2𝜋𝑓𝑉2 ,

𝐿Filter = 𝑉2
2𝑛2𝑄2𝜋𝑓,

𝑅Filter = 𝑉2
𝑛𝑄2 .

(14)

2.7. Multiobjective MLSA with Pareto Optimization. In this
research, the optimization technique is used to identify
optimized locations and sizes for 22 sets of filters in 449 bus
radial distribution system. The Lightning Search Algorithm
(LSA) is a metaheuristic optimization method inspired by
lightning propagation from cloud to ground [30]. The LSA
process basically starts with generation of randompopulation
before fitness calculation. The worst step leader will be
eliminated every 10th iteration before the direction of the
step leader is updated. Next, step leadermovement is updated
based on direction, shape parameter, and scale parameter.
Lastly, forking phenomenon is taken place as per (7) for
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1% of the better step leader. Since the problem faced in
this research is too complicated with many local minima,
modification on the existing LSA is needed. In this research,
the MLSA is proposed with better convergence for this
application compared to existing LSA. MLSA basically is the
improvement of LSA method which is proven beneficial for
this research.

The placement and sizing of variable filter will be based
on five parameters, which are maximum THD𝑉, maximum
THD𝑖, THD𝑖 summation, average THD𝑖, and apparent power
losses for overall system. The three parameters that involve
THD𝑖 are to ensure that the THD𝑖 at all buses is within
acceptable range. These parameters are then normalized to
get the most accurate solution as defined by (15)–(19). The
weight summation with normalized fitness function is shown
in (20) after several manual trials are done in order to get
the best optimal result. Last but not least, basic equations to
calculate THD𝑖 and THD𝑉 are as shown by (21) and (22).

fit1 = max (THD𝑉) , 𝑛 = 1 . . . 449, (15)

fit2 = max (THD𝑖) , 𝑛 = 1 . . . 30, (16)

fit3 =
30∑
𝑖=1

THD𝑖, (17)

fit4 = ∑30𝑖=1 THD𝑖30 , (18)

fit5 =
449∑
𝑖=1

𝑠𝑖−loss, (19)

Fit = 0.1fit1 + 0.2fit2 + 0.2fit3 + 0.2fit4 + 0.3fit5, (20)

THD𝑉 = √∑9ℎ=2 𝑉2ℎ𝑉1 × 100%, (21)

THD𝑖 = √∑9ℎ=2 𝐼2ℎ𝐼1 × 100%. (22)

In order to reduce computational time in this research,
bus location is gathered fromMLSA with weight summation
approach; meanwhile, Pareto optimization is used to deter-
mine size of VPF. Normally, Pareto technique will produce
a “nondominated” solution which has more than a single
solution [31]. Thus, fuzzy satisfying approach is adopted in
this research to get the best solution from the “nondomi-
nated” solutions. Equation (23) is the weight membership
function used in fuzzy approach for all “nondominated”
solutions in the fuzzy set.The fitmax in the formula represents
the existing fitness value before implementing the filters,
while 𝑚 represents the number of solutions listed in the
“nondominated” list. The highest 𝜇𝑗 value indicates the best
solution for this research.

𝜇fit 𝑗 =
{{{{{{{{{{{

1,
fitmax − fit𝑗

fitmax
,

0,

fit𝑗 ≤ 0
0 < fit𝑗 < fitmax

fit𝑗 ≥ fitmax,

Harmonic load flow calculation

Place 132 units CS

Place 22 sets of variable passive filter

Data

Calculation for maximum THDv, maximum THDi, 
average THDi, THDi summation, and Sloss 

Fitness

Figure 7: Flowchart to evaluate fitness.

𝜇𝑗 = ∑51 𝜇fit 𝑗
∑𝑚1 ∑51 𝜇fit 𝑗 .

(23)

3. Methodology

The variable filter is used to minimize the impact of harmon-
ics due to large-scale deployment of CS in the big distribution
system. The numbers of filter are based on how severe
the harmonic distortion and power losses on the existing
system. By placing 132 CS units (6 units for every low voltage
residential area) at specific locations, MLSA will be used to
determine optimal placement and size for 22 sets of filters
(1 set for every low voltage residential area). The THD𝑉,
THD𝑖, and 𝑆loss will be recorded based on specify CS and filter
locations.The overall process to evaluate system performance
is as shown in Figure 7.

There are four modifications on MLSA that are made to
improve LSA method. The first modification is on channel
time; the original channel time is not suitable when dealing
with the problems that have many local minima. The second
modification is the updating approach; a new updating
approach able to check the forward or backward direction is
proposed. The third modification is on the scale parameter;
in LSA, it is based on exponential distribution, which will
cause the step leader movement to be active at 20% of the
early iterations as per (24). Thus, in MLSA, the Laplacian
distribution equation is used to increase themovement of the
step leader during 30%until 70% iterations. Last but not least,
the learning factors which make the movement of the step
leader more active is implemented in the fourth modification
as per (25).

𝑃𝐿𝑖 new = 𝑃𝐿𝑖 ± normrand (𝜇𝑖, 𝜎𝑖) , (24)

𝜇𝑖 = 𝑅 (𝑥𝑖 − 𝑥best) , (25)
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Figure 8: Flowchart for MLSA method to get minimum fitness with weightage summation approach.

where 𝜎𝑖 is the scale parameter at 𝑖th iteration (1/3)𝑒−(𝑡−50/15),𝑅 is learning factor (2.0 in this research), 𝑃𝐿𝑖 new is new
position in lead projectile at 𝑖th iteration, 𝑃𝐿𝑖 is position in
lead projectile at 𝑖th iteration, 𝜇𝑖 is shape parameter at 𝑖th
iteration, 𝑥𝑖 is the position at 𝑖th iteration, and 𝑥best is the best
individual during minimum.

Figure 8 shows the flowchart forMLSA optimization pro-
cess using weightage summation approach for this research.

In this process, simulation involves 500 iterations and 50
populations. Next, the bus location results will be used in
the next stage by the MLSA-Pareto-Fuzzy combination tech-
nique. Figure 9 shows the flowchart for MLSA optimization
process with Pareto-Fuzzy technique. In this stage, Pareto
technique will be adopted in finding the best solution, while
fuzzy approach will be used at the end of process to find the
best solution among nondominated solutions.
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Figure 9: Flowchart for MLSA method to get minimum fitness with Pareto-Fuzzy technique.

4. Result and Discussion

The simulation on this research was done based on the
scenario where 132 CS units are installed in low voltage 415V
buses for 24 hours (96 states, 1 state = 15 minutes). The
schedule for CS operation can be referred to in Table 3. The
THD𝑉 and THD𝑖 for all medium voltage buses and lines
are shown in Figures 11 and 12, respectively, for sampling

time at 30 and 63. Sampling time 63 is chosen due to
the worst harmonic recorded in 24 hours, while sampling
time 30 is chosen due to the lowest harmonic injection.
From the result, without VPF, maximumTHD𝑉 for sampling
time 30 is recorded at bus 15 with 0.8750% and maximum
THD𝑖 is recorded at lines between buses 26 and 27 (line
number 27) with the value 0.6780%. For sampling time 63,
maximumTHD𝑉 is 0.9032% at bus 15, whilemaximumTHD𝑖
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Table 4: Bus location and filter size after 500 iterations.

Number Bus location Filter size (kVAr)
(1) 42 28.007
(2) 56 16.494
(3) 85 22.724
(4) 105 1.018
(5) 119 1.777
(6) 145 24.54
(7) 161 28.731
(8) 168 27.679
(9) 193 29.999
(10) 217 8.927
(11) 222 2.109
(12) 254 1.024
(13) 275 27.391
(14) 282 17.989
(15) 305 14.646
(16) 322 24.733
(17) 337 26.043
(18) 367 24.758
(19) 387 29.863
(20) 407 21.946
(21) 424 26.069
(22) 447 28.156

Table 5: Result using MLSA with multiobjective function.

Function Existing After multiobjective function
Max THD𝑉 1.258004 0.74478
Max THD𝑖 2.019816 1.16256
THD𝑖 average 0.474635 0.322456
THD𝑖 sum 14.71369 9.996144
𝑆loss 0.04175 0.043149
Fitness 1 0.75612

is recorded at lines between buses 12 and 13 (line number 17)
with the value 1.4166%. Apparent losses for both sampling
times are 90.3 kVA and 40.4 kVA, respectively.

Next, 22 sets of VPFs are placed at low voltage 415V buses
using MLSA optimization with multiobjective function. The
optimal location and size for all filters are tabulated in
Table 4, while the parameter value is shown at Table 5.
From the results in Table 5, there is a significant reduction
for maximum THD𝑉 from 1.258004% to 0.74478% and
maximum THD𝑖 from 2.019816% to 1.16256% after MLSA get
the optimal placement for VPF. However, the total apparent
losses in the network are increased. Thus, a Pareto-Fuzzy
approach is used to cater this issue at the next step.

The results from Pareto consist of multiple set solutions
where the possible solution is the best solution as long as one
of their objectives functions is dominant compared to other
solutions. Fuzzy approach will be used to find the best among
solutions in Pareto set. In this study, the solution consists
of THD𝑉, THD𝑖 (minimum, average, and summation), and
power loss. From the analysis, the total Pareto result for
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Figure 10: THD𝑉 at medium voltage for times 30 and 63 with and
without passive filter.
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Figure 11: THD𝑖 at medium voltage for times 30 and 63 with and
without passive filter.

sampling time at 63 in MLSA is 137 sets. The fuzzy approach
is used in order to get the best single solution. The highest
value of weight membership function in fuzzy approach will
be chosen as the best solution in this research. Tables 6
and 7 show the five best solutions with the highest 𝜇𝑗 for
sampling times 63 and 30. From the result, the best sizing
for all filters is shown in Table 8 at sampling time 63. The
size of filter to cater harmonic is different between times
30 and 63 which indicates that the size of passive filter is
very crucial in this study. The THD𝑉 and THD𝑖 for buses
and lines, after the filter implementation as per MLSA with
Pareto-Fuzzy best solution, are shown in Figures 10 and 11.
From the results, it shows significant reduction of THD𝑉
at all medium voltage buses, while majority of THD𝑖 also
shows reduction. From the best solution, the THD𝑖 and
THDV for the 449 bus distribution system have been reduced
effectively after filter installations. The results for all 96 slots
are shown in Figures 12–16. Based on Figures 12 and 13,
maximum THD𝑉 and THD𝑖 show reduction for all states
which indicate that the system is better compared to previous
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Table 6: The five best solutions based on the highest 𝜇𝑗 using fuzzy approach for 137 sets of solutions (sampling time = 63).

Number Fitness parameter 𝜇1fit 𝜇2fit 𝜇3fit 𝜇4fit 𝜇5fit 𝜇𝑗fit1 fit2 fit3 fit4 fit5
(1) 0.731905 1.042406 0.308344 9.558658 0.040295 0.350982 0.26416 0.196401 0.196401 0.004568 0.009541
(2) 0.715371 1.087904 0.308852 9.574414 0.040469 0.365644 0.232043 0.195076 0.195076 0.000013 0.009308
(3) 0.691356 1.213682 0.299624 9.288355 0.040021 0.386939 0.143255 0.219125 0.219125 0.011102 0.00923
(4) 0.691356 1.213682 0.299624 9.288355 0.040021 0.386939 0.143255 0.219125 0.219125 0.011102 0.00923
(5) 0.691356 1.213682 0.299624 9.288355 0.040021 0.386939 0.143255 0.219125 0.219125 0.011102 0.00923

Table 7: The five best solutions based on the highest 𝜇𝑗 using fuzzy approach for 10 sets of solutions (sampling time = 30).

Number Fitness parameter 𝜇1fit 𝜇2fit 𝜇3fit 𝜇4fit 𝜇5fit 𝜇𝑗fit1 fit2 fit3 fit4 fit5
(1) 0.62029 0.452838 0.093176 2.888464 0.089405 0.34565 0.334048 0.081789 0.081789 0.009764 0.124558
(2) 0.647588 0.41204 0.095228 2.952076 0.089555 0.316852 0.394046 0.061568 0.061568 0.0081 0.122965
(3) 0.639053 0.421681 0.097018 3.007568 0.089525 0.325856 0.379868 0.043927 0.043927 0.00843 0.117106
(4) 0.639053 0.421681 0.097018 3.007568 0.089525 0.325856 0.379868 0.043927 0.043927 0.00843 0.117106
(5) 0.652162 0.410311 0.10102 3.131623 0.089686 0.312028 0.396589 0.004492 0.004492 0.006651 0.105752
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Figure 12: THDV maximum for 24 hours with and without passive
filter.
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Figure 13: THD𝑖 maximum for 24 hours with and without passive
filter.
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Figure 14: THD𝑖 average for 24 hourswith andwithout passive filter.

value, while apparent losses at Figure 16 show the capability
of this method to also reduce losses together with harmonic.
Next, Figures 14 and 15 also show reduction which assist
THD𝑖 improvement in overall system indirectly. From the
result, implementation of VPF with changes every 15 minutes
is able to reduce harmonic for 24 hours. Other than that, it is
obvious that the implementation ofMLSAwith Pareto-Fuzzy
is able to identify the best solution that provides the greatest
improvement to the overall system.

Based on the collective result gathered from all 96 sim-
ulations that represent 24 hours, minimum and maximum
values of VPF at dedicated bus are acquired. Table 9 shows
theminimumandmaximumVPF required to solve harmonic
problem after EV is installed.

5. Conclusion

Optimal placement and sizing of VPF in the distribution
system can avoid harmonic injection to the medium voltage
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Table 8: Filter size based on the best solution after fuzzy at sampling
times 30 and 63.

Number Bus location Filter size (MVAr)
(Time = 30) (Time = 63)

(1) 42 0.017278 0.025038
(2) 56 0.02187 0.005959
(3) 85 0.010198 0.019481
(4) 105 0.029332 0.011044
(5) 119 0.014816 0.001792
(6) 145 0.019336 0.02311
(7) 161 0.002469 0.026056
(8) 168 0.023573 0.022019
(9) 193 0.003353 0.018806
(10) 217 0.018943 0.008713
(11) 222 0.019898 0.016408
(12) 254 0.024081 0.002977
(13) 275 0.0176 0.018999
(14) 282 0.020249 0.029898
(15) 305 0.01956 0.022548
(16) 322 0.016437 0.015687
(17) 337 0.014686 0.01437
(18) 367 0.026797 0.016679
(19) 387 0.022292 0.012124
(20) 407 0.011888 0.016332
(21) 424 0.001049 0.011097
(22) 447 0.020735 0.028984
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Figure 15: THD𝑖 summation for 24 hours with and without passive
filter.

network as well as reducing apparent power losses. This
research has shown that MLSA with multiobjective function
and Pareto-Fuzzy are able to determine appropriate filter
location and size to reduce harmonic distortion and apparent
losses in 449 bus system with 132 units of CS. Furthermore,
the placement of twenty-two sets of four unit single-tuned
filters is able to reduce the four harmonic orders. Based on
simulation run for every 15 minutes, the proposed technique
is able to improve maximum THD𝑉, maximum THD𝑖, and𝑆loss up to 39.14%, 52.5%, and 2.96%, respectively. The study

Table 9: Minimum and maximum VPF size based on 96 simula-
tions.

Number Bus location Filter size (kVAr)
Minimum Maximum

(1) 42 1.021 28.916
(2) 56 1.282 28.659
(3) 85 0.619 28.838
(4) 105 0.637 29.498
(5) 119 0.692 20.457
(6) 145 0.855 29.559
(7) 161 0.204 29.944
(8) 168 0.5 29.769
(9) 193 0.725 18.806
(10) 217 0.724 29.936
(11) 222 0.228 29.927
(12) 254 0.319 29.996
(13) 275 0.171 28.969
(14) 282 0.409 29.898
(15) 305 0.654 29.805
(16) 322 0.318 29.859
(17) 337 0.84 29.565
(18) 367 0.176 29.56
(19) 387 1.385 29.576
(20) 407 0.235 26.327
(21) 424 1.049 28.326
(22) 447 0.244 29.922
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Figure 16: Apparent power losses for 24 hours with and without
passive filter.

is very important for future distribution grid that might have
many CS in the network. For future work, the study can be
expanded to other types of passive filter able to have better
impact on the system such as C-type filter and others.
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