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Nomenclature

DER Distributed energy resource

DSO Distributed system operator

EDP Economic dispatch problem

EDP Mixed interger linear programming

EDP Second order cone programming

EMS Energy management system

MG Microgrid

NMG Networked microgrid

∆b Buyer’s simplex

∆ni
Set of DERs in a MG

∆NMG Networked microgrids’ simplex

∆s Seller’s simplex

B Set of buyers

S Set of sellers

b Index of buyers

i Index of DERs

n Index of microgrids

s Index of sellers

t Index of time

∆ Time interval duration

ηc,ηd Charging and discharging efficiencies

Ec Storage capacity

PCn, t,PDn, t Charging and discharging power limits

PB,DSO
n,t , PB,DSO

n,t Maximum power import and export from/to the DSO

Pn, Pn Lower and upper aggregated dispatch limits of MGn

Tb Buyer’s deficit

Tm,n,t Maximum power transfer from MGm to MGn

Ts Seller’s excess
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i

γn, γn Upper and lower bounds for storage at the end of time horizon

PCG
n,t ,PCG

n,t Minimum and maximum power dispatch of conventional generation

an, bn, cn Conventional generation cost parameters

B Number of buyers

cDSO
B,t , cDSO

B,t Import/export energy trading cost with the DSO

cb, cs Cost factor of buyers and sellers

cES Conversion losses cost in storage

DODn Depth of discharge of storage

H Number of time slots

rm,n Line resistance between MGm to MGn

RCG
n Ramp limit of conventonal generation

S Number of sellers

Um,n Transmission voltage between MGm to MGn

∆PCG
n,t+1 Power dispatch ramp

πn(·) Marginal cost function

CCG
n (·) Conventional generation cost function

CDSO
n (·) Trading with distributed system cost function

CES
n (·) Storage cost function

En,t State of storage

PCG
n,t Conventional generation power dispatch

PC
n,t,P

D
n,t Charging and discharging power

PL
n,t Load forecast

PRE
n,t Renewable energy power forecast

Pagg,b, Pagg,s Aggregated deficit and excess of the NMGs

Pd Aggregated demand in the NMG

PB,DSO
n,t , PS,DSO

n,t Power import and export from/to the DSO

pn Microgrid overall power dispatch

tb Buyer’s power import to NMG

Tm,n,t Power transfer from MGm to MGn

ts Sellers’s power export to NMG

Ub(·) Buyer’s utility function

um,n,t Indicator of power transfer from MGm to MGn

Us(·) Seller’s utility function
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1.Abstract
Through the years, the physical interconnection of geographically close microgrids has proven to be an
alternative to enhance reliability and resiliency, reduce operational costs, and reduce the dependency of
microgrids from the utility grid. As such, networked microgrids have been thought as the next step to
reach the concept of smart grid. Trading in a network of microgrids consists of two coupled problems:
management of energy resources in the network and energy pricing. In this work, three approaches to
the trading of networked microgrids are explored under different context. The first approach consists on
the cooperative energy management in a network of microgrids interconnected through a DC network.
The second approach consists of the cooperative energy trading of networked microgrids that are
interconnected to the distributed power network. Results show how the minimization of the operational
cost is enough incentive to promote energy trading among MGs, enhancing the independence from the
distributed power network. In this approach the local energy management system of each microgrid
determines whether if there is energy deficit of excess. Based on this, a trading mechanism based on
replicator dynamics determines the energy resource allocation and the pricing in the network. Results
show how the proposed approach promotes energy trading in the network, and as a result, it improves
both individual and global optimization objectives in the network. The third approach consists of
the cooperative energy trading of isolated networked microgrids using a hierarchical approach. In
the lower layer, a distributed model predictive control based energy management system solves the
economic dispatch problem for a microgrid based on local information and results from the upper layer.
This layer provides the nodal price of energy, whose function characteristics are known, but its exact
form is unknown. In the upper layer, based on the nodal prices of each MG, a replicator dynamics
based energy trading system updates the overall dispatch requirements of each MG. Results show that
this hierachical approach converges in terms of power allocation and pricing in the network, and as a
consequence is able to improve the global social welfare of the network of microgrids.
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2. Introduction
With the growing development of more efficient and economically feasible renewable generation tech-
nologies and storage systems, the energy generation paradigm is being shifted towards decentralization.
While energy is still being generated from centralized power plants (where some of them are also using
renewable technologies), distributed generation is becoming with the passing years a reliable alterna-
tive for the end users. Microgrids (MGs) have proven to be an efficient solution to integrate different
kinds of distributed energy resources into a single controllable entity that is able to operate in inter-
connected and islanded mode. In consequence, it has been considered as the building block of the
smart grid. The increasing success in the microgrid concept has led to a growing research and as a
result its deployment has increased through the last few years all around the globe. Subsequently,
researchers are currently proposing the architecture of the smart grid at a power distribution level
as the interconnection of multiple, geographically close, microgrids at a cyber-physical level, forming
what is currently known as networked microgrids (NMGs) [1, 2].
The interconnection of multiple microgrids leads to several benefits both at a local and global level
such as reliability and resiliency, independency of the utility grid, and reduction of the global costs.
In order to achieve these objectives, control strategies for the energy trading among microgrids have
been proposed through the past few years at different levels. At a high level, the networked microgrids
problem is understood as the coupling of two problems: optimal management of energy resources
among microgrids, and trading promotion in the network. The former problem is solved through a
resource allocation strategy that seeks to optimize local and global objectives such as operation costs,
while the latter is solved through the design of incentives mechanisms that are able to balance the
economic interests of the microgrids in the network. In the existing literature, several strategies have
been proposed for solving these problems separately or to integrate them under different contexts,
mostly related to a network of microgrids interconnected with the utility grid.
Regarding the energy management in a network of microgrids, several authors have presented solutions
from different points of view. The authors have proposed optimization models under several architec-
tures such as centralized, decentralized, distributed, and hierarchical, which seek to take advantage
of interconnection benefits. In a centralized approach, the dispatch and power exchange is handled
by a single controller called energy management system (EMS). Based on local information from each
MG, the EMS solves a single global optimization problem, sending as a result not only the power
interaction among microgrids, but also the dispatch of each generator for every MG. In [3] the NMGs
problem is solved through a nonlinear optimization problem that minimizes the generation cost. The
authors have solved this problem by using the Particle Swarm Optimization heuristic. In [4], the
NMG has been modeled as a linear optimization problem. The objective is to maximize the benefits
through a model predictive control (MPC) approach, which results in the power exchange scheduling,
and the optimal behavior of energy storage systems in each MG. Few works have addressed the NMGs
EMS problem in a distributed manner although they have increased lately. In [5], a distributed MPC
approach is used for the day-ahead dispatch problem in a smart grid context. Here, there is not an
explicit mention of microgrids. Instead, a smart grid composed of multiple centers of generation and
consumption is partitioned into multiple subgrids called hubs. This work provides a model for each
hub in terms of the energy storage systems, from which an economic dispatch algorithm is solved.
In [6], distributed management system is proposed for a network of microgrids with a dedicated DC
power exchange network. This paper defines the distribution system operator (DSO) in charge of
managing the distribution network where the MGs are interconnected. The MGs seek to minimize
their own operational cost and take into account power flow constraints by incorporating a relaxed
optimal power flow method into the optimization problem. This approach results into a second-order
cone programming problem. Both DSO and MGs cooperate with each other through this EMS to
minimize the global operation costs. Most of these works assume that MGs in the network reach a co-
operation agreement and participate in the trading if an improvement in the global optimization costs
is possible. However, there are scenarios where selfish MGs would trade energy only in the presence of
additional incentives. Therefore, research efforts have focused on integrating the resource management
with mechanisms of incentive in order to obtain a full trading mechanism in a network of microgrids.
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CHAPTER 2. INTRODUCTION 3

Several works about trading in networked microgrids have focused their efforts in microgrids that are
interconnected through a dedicated AC distribution power network and are also interconnected to the
utility grid. Under this framework, MGs decide if they will buy or sell energy according to economic
and technical characteristics. Thereby, MGs decide how they will distribute the resources from the
sellers to the buyers, and what will be the energy trading costs. Approaches in this topic are usually
iterative, where the response from one kind of agents depends on the response of the others and vice-
versa. Stackelberg games, double auction, and Nash bargaining are the most common approaches.
In [7], the authors have proposed a non-cooperative game based on the multileader-follower structure
of Stackelberg games. This approach contemplates two interactive games. In the buyers level, a
player decides the amount of energy to be imported. In the sellers level, a player submits energy price
based on its willing to sell. These two games interact with each other until convergence to the Nash
Equilibrium is achieved. The energy allocation is done through the proportional sharing principle.
A two-layer approach for the energy trading in microgrids is proposed in [8], where the lower layer
comprises the trading among prosumers and in the upper layer the trading among microgrids. On
one hand, the upper layer is implemented through a multileader-multifollower Stackelberg game. On
the other hand, the lower layer determines the energy capacity of each microgrid and its respective
role in the game (buyer or seller). There are two levels in the Stackelberg game proposed by the
authors: i) a buyer level where the players submit and update energy prices for importing electricity.
In the seller game, players adjust the energy to be exported by controlling states of energy storage.
In [9], a non-cooperative game theoretic approach for the trading in networked microgrid is proposed.
Similarly to previous works, the authors propose two interactive games. The seller strategy is to adjust
its energy consumption, which translates into a portion of the total energy excess. For the buyers layer,
the authors define a priority index which measures the contributions of each MG to the trading. In
this approach, there is an aggregator for buyers and sellers. The role of the buyers’ aggregator is
to define an unique energy price that minimizes the costs for all buyers, while for sellers its role is
to define the allocation energy excess in order to maximize social welfare. In [10], the authors have
provided a distributed peer-to-peer solution for the trading among prosumers in a microgrid. The
authors consider the interaction among buyers through an evolutionary game approach where they
cooperatively select sellers and the proportion of energy to be acquired. The core of these works is to
show that efficient trading in microgrids consist of the two problems mentioned before, i.e, management
and incentives. Additionally, the authors discuss about integration with the local operation of MGs.
Hence, the concept of high-level hierarchical control in the network of microgrids is highlighted.
Hierarchical approaches have been proposed for the trading in networked microgrids where the local
energy management system is integrated with the high-level trading approach. The authors in [11]
propose a bi-level hierarchical structure where the lower level solves the energy management system
by using stochastic programming, and determines possible deviations between the day-ahead and real-
time market biddings from each MG. The trading among MGs is done at the higher level through
a secondary market based on a distributed double auction scheme (DDA), where the MGs seek to
alleviate these deviations. The DDA is coordinated by a central agent who is able to optimally allocate
the resources in the network based on social welfare. In [12], the authors propose a trading mechanism
based on bargaining theory in order to minimize operation costs of the whole network. Locally, each
MG solves their economic dispatch problem and decides if it is possible to contribute with the global
objective. Next, the MGs decide a fee for the energy to be distributed with their peers based on the
Nash bargaining problem. In [13], the authors propose a three-layer hierarchical market scheme for
the operation of multiple microgrids. The primary and secondary levels (day-ahead, hour-ahead) of
the market solve the energy management problem from a game-theoretic framework through a double
auction scheme, where the resource dispatch is determined after market clearing. Microgrids interact
in the third layer, where they compete in order to meet possible energy mismatches from the lower
two layers. The competition among MGs is done through a reverse auction mechanism.
This work explores three different contexts around energy trading in networked microgrids, and in
each one of them a contribution is done. First this work considers the trading in a DC dedicated
power network where the network of MGs is independent of the distribution power network, managed



CHAPTER 2. INTRODUCTION 4

by the DSO. The DSO is considered as a passive agent, who only provides energy prices and does
not respond to the NMGs trading decision. This work proposes a networked energy management
system that is only concerned with the trading among MGs in the network. Additionally, through
mixed interger linear programming (MILP) tools, it guarantees that and MG does not import or
export energy through the same interconnection line. Secondly, the trading in a network of microgrids
interconnected through an AC power netowrk, and are also interconnected to the DSO. In this case,
the usual approach for the trading in NMGs is used in order to propose a cooperative trading approach
based on replicator dynamics. This approach solves the allocation and pricing problem by modelling
two different competitions based on replicator dynamics that depend on the current aggregated deficit
and excess requirements in the network. Lastly, the previous context is considered, but the network of
microgrids is isolated from the DSO. This work extends the results from a paper done with Velazquez
et.al in [14]. This work proposes a hierarchical approach to the trading of MGs that integrates local
EMS and trading in the NMG. At a low level, the local EMS from each MG solves the economic
dispatch through a distributed model predictive control (DMPC) and average consensus approach
developed by Velazquez et.al in [15], which provides information such as current energy dispatch and
marginal cost for the high level control that is in charge of the energy trading. This work proposes
a high level controller based on replicator dynamics, where again the energy allocation and pricing
problem are jointly solved. The marginal cost function, which is unknown during the execution of
the trading, is characterized, from which a fitness function is proposed that leads to an asymptotic
equilibrium of the replicator equation. As a result, through the interaction of the two levels of control
proposed, MGs are able to cooperatively agree on a power allocation and energy price in order to
maximize the welfare of the overall network.
The remainder of this document is organized as follows. In Chapter 3 the high level modeling of the
different energy resources in a microgrid are provided in order to later propose the economic dispatch
problem that each MG in the network will use for the trading of the first two approaches proposed.
Chapter 4 describes the formulation of different approaches proposed to solve to the problem of trading
in networked microgrids under different contexts. Case studies and their results, alongside with its
respective discussion are presented in Chapter 5. Finally, Chapter 6 conclusions of the work and future
directions that are planned in order to complement the current results.



3.Microgrid model
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Figure 3.1: Microgrid model and energy management system (EMS).

A microgrid is a distribution power network that, through a hierarchical control architecture, is able to
integrate and coordinate different kinds of distributed generation (both renewable and conventional),
and storage systems in order to provide continuous and reliable power supply to the loads connected
to it in either interconnected to or isolated from the utility grid. From the perspective of the utility
grid and other MGs, the MG acts as a single controllable entity. MGs provide energy to the loads
through a hierarchical control architecture, where the highest level is in charge of the management of
distributed energy resources (DERs), which comprise distributed generation and energy storage. This
energy management systems is shown in Fig. 3.1. Distributed generation can be divided into con-
ventional/dispatchable generation and intermittent/renewable generation. Loads can also be seen as
critical or dispatchable. In the former case, the load required an uninterrupted power supply, while the
latter is more flexible with their power demand, as long as its overall requirement is provided through
the day or an incentive is given in order to reduce their consumption. For this work, conventional
and renewable generation, long-term storage are considered as the DERs, and only critical loads are
considered. Since this work concerns multiple microgrids, consider n ∈ N where N = {1, . . . , N} is
the set of microgrids in the network. Then the different elements of a microgrid are modeled as follows

3.1 Renewable energy

Distributed generation based on renewable energy power output mainly depends on a renewable re-
source coming from the environment. Most popular and deployed renewable energy technologies com-
prise photovoltaic panels and wind turbines which, as their names imply, have power outputs mainly
dependant on solar irradiance and wind speed. These energy resources are characterized by their in-
termittence and volatility, which makes these kind of distributed generation technologies to be often
referred as non-dispatchable. In literature, several forecast models has been developed in order to
predict the power output from these generators with certain degrees of accuracy, which aim to aid the

5



CHAPTER 3. MICROGRID MODEL 6

planning and dispatch of the energy resources in a microgrid.
For this work, a forecast model provides the energy generation profile from renewable distributed
generation at each timestep t (PRE

n,t ). In principle, the microgrid’s EMS wishes to exploit the renewable
energy ouput as much as possible; therefore, it dispatches the entirety of the forecasted energy at each
time step. Since the MGs are assumed to be interconnected to the utility grid and to the NMG, the
EMS can sell the energy excess to either of these. Since photovoltaic power output does not depend
on fuel resources, but rather on solar irradiance, then it is assumed that these generators will have a
zero marginal generation cost; therefore, it will not be taken into account in the cost function of the
EMS’s problem.

3.2 Energy storage

Energy storage systems such as batteries can have several applications on a microgrid such as smoothing
the intermittent power output from renewable generators, load curtailing, backup whenever renewable
generation is unavailable, among others. It is assumed that the MG has at least one long-term energy
storage device with a capacity Ec. At each time step, each EMS decides the power it will either charge
or discharge from the storage device, defined respectively as PC

n,t and PD
n,t. Both charge and discharge

power rates are constrained by power ratings PCn, t and PDn, t; therefore, defining the following
constraints

0 ≤ PC
n,t ≤ PC

n,t, (3.1)

0 ≤ PD
n,t ≤ PD

n,t. (3.2)

Once the EMS decides on a power charge or discharge, the energy storage level for the next timestep
En,t+1 is updated through the following energy storage dynamics

En,t+1 = En,t +

(
ηcP

C
n,t +

1

ηd
PD
n,t

)
∆, (3.3)

where ∆ is the time sample, and ηc,n, ηd,n ∈ (0, 1) are the charging and discharging efficiencies.
The lifetime of energy storage is usually analyzed by the depth of discharge DoDn, which is defined
as the maximum discharge with respect to the maximum capacity. The smaller the DoD, the more
charge/discharge cycles the storage device will be able to sustain. Therefore, the following constraint
for the energy storage level is defined

(1−DoDn)Ec ≤ En,t ≤ Ec. (3.4)

Lastly, it is desired that at the end of the time horizon the storage level is limited to a range such that
the next period of time the EMS has the possibility of charge and discharge

γnEc ≤ En,H ≤ γnEc. (3.5)

There are various operation costs models in literature regarding energy storage such as storage usage,
degradation costs, and losses in charge and discharge. In this work, the latter will be used, which is
defined as

CES
n (PC

n,t, P
D
n,t) = cES

H∑
t=1

(1− ηc)PC
n,t +

(
1

ηd
− 1

)
PD
n,t,

where cES is the conversion loss cost in energy storage devices.
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3.3 Conventional generation

Conventional generation provides a reliable and controllable power output through its firm input
energy resource. Therefore, this is often considered as a dispatchable distributed energy resource. In
a microgrid, having a conventional generator serves the purpose of being a grid-forming source. It
is a generator that serves as a leader in frequency for other DERs in the islanding of a microgrid.
Additionally, a conventional generator serves as an alternative backup to energy storage, although
more expensive. In the context of this work, conventional generation is used for the trading in a
network of microgrids isolated from the utility grid. In the interconnected case, it is still modeled, but
it is assumed to be more expensive than importing energy from the utility grid. The dispatch of this

kind of generator PCG
n,t is often constrained by minimum and maximum power rates PCG

n,t , PCG
n,t , and

the variation in dispatch for two consecutive times steps ∆PCG
n,t+1 = PCG

n,t+1 − PCG
n,t through the ramp

constraints as follows

PCG
n,t ≤ PCG

n,t ≤ PCG
n,t , (3.6)

|∆PCG
n,t+1| ≤ RCG

n ∆, (3.7)

where RCG
n is the ramp of the generator from MGn, which determines the maximum allowable change

in dispatch in two consecutive timesteps. The cost associated with the conventional generation output
is universally modeled through a quadratic cost function as follows

CCG
n (PCG

n,t ) =

H∑
t=1

anP
CG,2
n,t + bnP

CG
n,t + cn,

where an, bn, cn are constant parameters of the cost function.

3.4 Distributed power system

For the interconnected case, microgrids will have the opportunity to trade energy with the distributed
power system through their point of common coupling (PCC) by communicating with the distributed
system operator (DSO). The DSO will set at any given time t the power procurement (buying) price

cB,DSO
t and the power feed-in (selling) price cS,DSO

t , where it is often considered that the former is

lower than the latter cDSO
B,t ≤ cDSO

S,t . Each microgrid decides the power it will import PB,DSO
n,t or

export PS,DSO
n,t power from the distribution grid in order to supply any deficit or sell any excess in the

microgrid. The corresponding cost of trading with the distributed power system is

CDSO
n (PB,DSO

n,t , PS,DSO
n,t ) =

H∑
t=1

cDSO
B,t PB,DSO

n,t − cDSO
S,t PS,DSO

n,t .

Trading is constrained by limits given by the line capacity connected to the PCC or limits provided
by the DSO. It is important to note that the DSO will have a passive role in the energy trading in
the network of microgrids since its only function is to provide the energy prices and the requirements
from each MG.

0 ≤ PB,DSO
n,t ≤ PB,DSO

n,t (3.8)

0 ≤ PS,DSO
n,t ≤ PS,DSO

n,t (3.9)
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3.5 Energy management system

The energy management system is in charge of the highest level control of the MG. As it name implies,
the EMS aggregates information of the state of the microgrid generation and consumption, updates
renewable generation and load forecasts, decides if islanding is necessary, among other tasks. With
the information resulting from these tasks, the EMS solves an economic dispatch problem (EDP) such
that the distributed energy resources are optimally allocated to the loads in order to provide a reliable
energy supply while meeting operational constraints such as energy balance. The different elements
from the MG are modeled in an optimization problem that seeks to minimize the operational cost of
the overall MG, and for this work, the microgrid operator solves it centrally. Through this section,
the different DERs in a microgrid were modeled through their operational costs and contribution to
the overall operational cost function. The economic dispatch problem from the EMS aggregates the
previous modeling in a optimization problem that seeks to dispatch the energy resources in order to
minimize the overall operational cost of the MG. Consider the timestep t ∈ 1, . . . ,H which denotes
the time slot (t, t+ ∆], where H is the total time slots. The problem is formulated as follows

min CES
n (PC,ES

n,t + PD,ES
n,t ) + CCG

n (PCG
n,t ) + CDSO

n (P b,DSO
n,t , P s,DSO

n,t )

s.t. (3.1)− (3.5), (3.6), (3.7), (3.8), (3.9)

PS,DSO
n,t + PL

n,t + PC,ES
n,t ≤ PB,DSO

n,t + PRE
n,t + PD,ES

n,t ,

(3.10)

where PRE
n,t is the renewable energy profile forecast and PL

n,t the load profile forecasted. The latest
constraint correspond to the power balances that must be guaranteed in the microgrid. The microgrid
operator (MO) will solve this problem in order to make a day-ahead dispatch schedule for the dispatch
of the DERs.



4.Networked microgrids trading

MG3

MG2 MG4

MG1 MG5

Distribution
power grid (AC)
N-NMG power
grid (DC)

EMS1

Communication layer

EMS2 EMS3

EMS5

EMS4

DSO

Physical layer

Figure 4.1: Networked microgrids as a cyberphysical system. Left: MGs are interconnected to a
distribution power network and to a dedicated DC power network. Right: communication layer.
Microgrids can share information with each other and with the distribution power network through
the DSO

MG3

MG2 MG4

MG1 MG5

Energy "pool"

MG1

MG2

MG3

MG4

MG5

Figure 4.2: Right: Networked microgrids in an AC power network. Left: abstraction of trading in
an AC power network. Sellers (blue) and buyers (red) will trade energy in the network as long as it
preserves energy balance.

As stated before, the interconnection of microgrids (MGs) is seen as a physical and communication
layer (Fig 4.1). Regarding the former, in literature there are currently two approaches for the trading
physical network: AC and DC networks. In an AC network (Fig. 4.2), any pair of MGs can exchange
power indirectly through their PCC, and the main concern in the trading is the conservation of power
balance. Any MG can either import or export energy as long as energy balance is preserved. Other
concerns such as the power flow model (which incorporates a loss model in the AC network) and
reactive power exchange are left as future work. Most of the works around energy trading in a network
of MGs consider this scenario and consider the following approach to the energy trading. Each MG’s
energy management system (EMS) solves the economic dispatch problem and determines whether
it has an energy excess that would like to export to, or a deficit that would like to import from
the network of MGs (NMGs). The MGs then become sellers and buyers respectively. Through the
interaction among agents of the same type, and with the other kind of agents, MGs are able to solve
the resource allocation and pricing problem through different approaches, most of them are concerned
with non-cooperative game theoretic approaches. On the other side, in a DC network (Fig 4.1) as
proposed in [6], trading between any pair of MGs can be performed directly. Certain pairs of MGs are

9
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interconnected directly by a DC power line, and the power flow in each line is controlled by interlinking
converters [16]. Under this context, the approach for trading explained may no longer be valid, since
MGs may have more than one interconnection line with its peers. Each MG will determine if it has
an energy excess or deficit, but it may act as a seller and buyer if it enables a more efficient trading.
Independent of the physical power network, it will be assumed that the trading among MGs will be
coordinated by a central entity called the networked microgrid operator (NMGO). The main function
of the NMGO is to aggregate information from and transmit it to MGs. The NMGO will not be a
decision maker, but rather an information aggregator and coordinator. In this paper, two approaches
to the energy trading among MGs based on population dynamics are presented. The first approach
considers the previously presented energy management system. It follows the usual methodology from
the literature around energy trading for NMGs interconnected to the utility grid and applies it to a
population dynamics framework. The second apporach makes use of the energy management system
proposed by Velasquez et.al in [15] where the economic dispatch problem is solved through distributed
model predictive control approach (DMPC) for isolated microgrids. In this EMS, the MO aggregates
the information and find the current marginal price of energy, also known as the nodal price of the
MG. What both of these approaches have in common is that the allocation and pricing mechanisms
are solved through the same replicator dynamics approach, where the main objective is seeking for
a common price of energy for the whole network in order to reach economic efficiency in the market
while achieving a common optimization objective.

4.1 Energy trading in a DC NMG

Liu, Tan, et al in [6] propose the following approach for the trading of netwoked microgrids in a DC
network. Having such a network allows direct active power trading between pairs of microgrids. The
authors consider a cooperative environment, where the microgrids trade in the network as long as it
reduces the global operational cost of the NMG, even if it increases their own. An example of such a
trading network is shown in . In this case, there are four MGs in the network, interconnected with each
other through a ring topology. The interconnection line between a pair of microgrids is characterized
by its resistance rm,n and its operation voltage Um,n. Define Tm,n,t the power that MGn imports from
MGm and Tn,m,t as the power MGn exports to MGm. In the former case, the amount of power MGn

actually receives from its peer MGm is

Tm,n,t −
rm,nTm,n,t

U2
m,n

∀m ∈ N/n (4.1)

which models the losses in the interconnection line. It is important to note that both of these variables
are positive, and cannot be non-zero at the same time, i.e a MG cannot import and export from the
same peer at the same time. In order to guarantee this condition, this work proposes the following
constraints

0 ≤ Tm,n,t ≤ um,n,tTm,n,t (4.2)

0 ≤ Tn,m,t ≤ un,m,tTn,m,t (4.3)

um,n,t + un,m,t ≤ 1 (4.4)

where um,n,t and un,m,t ∈ {0, 1} are binary variables that indicate whether the microgrid decides to
import or export from its peer, respectively. It is important to note that the power trading variables
couple the economic dispatch optimization problems of MGn and MGm. For example, the energy
import of MGn from MGm must be equal to the energy export from MGm to MGn, which are related
through the variable Tm,n,t. Taking this into consideration, then the trading and energy management
problems must be solved simultaneously through a centralized economic dispatch problem as follows



CHAPTER 4. NETWORKED MICROGRIDS TRADING 11

min
∑
n∈N

CES
n (PC,ES

n + PD,ES
n ) + CCG

n (PCG
n ) + CDSO

n (PB,DSO
n , PB,DSO

n )

s.t. (3.1)− (3.5), (3.6), (3.7), (3.8), (3.9), (4.2)− (4.4)∀n ∈ N m ∈ N/n

PS,DSO
n,t + PL

n,t + PC,ES
n,t + Tm,n,t −

rm,nTm,n,t

U2
m,n

≤PB,DSO
n,t + PRE

n,t + PD,ES
n,t + Tn,m,t, ∀n ∈ N m ∈ N/n,

where the trading variables are incorporated into the balance constraint from each MG, which leads to
a quadratic constraint. The authors in [6] show that the relaxation is exact; therefore, inner balance in
each MG is preserved. The authors also have decentralized the problem in the context where the DSO
is coupled to the trading problem through the ADMM algorithm. In order to solve this centralized
problem, the balance constraint needs to be relaxed, getting as a result a second order cone constraint,
and therefore a second order cone programming problem (SOCP) together with a mixed-integer linear
programming (MILP) due to constraints (4.2)-(4.4).

4.2 Energy trading in AC interconnected NMG

The first application of population dynamics for the trading of MGs will follow the usual approach
for the trading in a network of MGs. For a certain time step t ∈ {1, . . . ,H} during the day each
MG’s EMS in (define set of MGs) solves the economic dispatch problem and determines the amount
of energy to be imported/exported, which is considered as the quantity of energy that it would trade
with the utility grid if the trading with the network of MGs was not available. Therefore, the MG
would like to trade deficit/excess with its peers, and it also defines if the MG takes the role of a buyer
or seller. Sellers seek for a higher price than the selling price offered by the utility grid, while buyers
would seek for a lower price than the buying price. After deciding on its role and the quantity of energy
to trade, each MG transmits this information to the NMGO in order to decide how the trading will
be conducted, which considers the following reasoning: Define the aggregated energy deficit as Pagg,b

and aggregated energy excess as Pagg,s. If (Pagg, s ≤ Pagg, b) then there will be limited resources for
buyers to supply their deficit and will compete in order to get as much as possible from sellers. In
contrast, if (Pagg, s > Pagg, b) then buyers will be able to supply their deficit entirely and sellers will
compete in order to sell as much as possible.
In the first case, buyers will compete with each other in order to get as much energy to cover for their
deficit as possible from the limited amount of resources disposed by the sellers. Henceforth, the set
of players is defined by the buyers as B = {1, . . . , B}. The strategy of each buyer b ∈ B is defined as
the power to be imported from sellers tb. The strategies of the buyers overall must meet the following
simplex in order to preserve the energy balance in the trading network ∆B = {tb ∈ RB :

∑
b∈B tb =

Pagg,s}. Each buyer defines an utility function that measures how much it values the energy that it
gets. In literature, these utility functions are usually defined as quadratic or logarithmic. For the case
of this work, the former is chosen. This utility function is defined as

Ub(tb) = −cb
tb
T̄b

(
tb − 2T̄b

)
,

where T̄b is the deficit for buyer b and cb a cost factor defined by MGb. This utility function has its
maximum in the power deficit, which reflects the fact that the buyer would get a better benefit the
closer it gets to the deficit requirement. This utility function is inspired by [17], which defines the
fitness function of each buyer as

fb(tb) =
∂fb(tb)

∂tb
= 2cb

(
1− tb

T̄b

)
, (4.5)
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which may be interpreted as a marginal price function for the MGb. With these elements, the full-
information replicator equation for the buyers competition is defined as

ṫb = tb
(
fb(tb)− f̄b

)
,

where f̄b = 1
Pagg,s

∑
b∈B tbfb(tb) ∀b ∈ B is the average fitness function. For this work, the full-

information is considered, but these results can be easily extended to the distributed replicator equation
[18]. The fitness function defined in has been proven to lead to an invariance in the simplex (i.e, power
balance is preserved) and that the replicator equation converges asymptotically to an equilibrium,
which has been proven to be the allocation that yields to the maximization of the overall utility where
the fitness function for every buyer is equal. For the context of this work, this is advantageous since
the fitness function in the equilibrium will give the energy price agreed by buyers. Ideally, the resulting
price should be lower than the energy purchase price given by the utility grid. The strategies for this
competition will be initialized taking into account the aggregated deficit as follows f0

b (tb) = T̄b

Pagg,bPagg,s
,

which can be considered as a proportional sharing initialization, which is an educated guess to the
solution of the replicator equation. In fact, if all the cost factor of the players are equal, this is the
solution of the replicator equation.
In the second case, sellers will compete with each other in order to export as much of their energy
excess as possible to the buyers, whom will be able to provide the entirety of their current deficit.
Therefore, the set of players is defined by the sellers as S = {1, . . . , S}. The strategy of each seller
s ∈ S is defined as the power to be exported to buyers ts. The overall energy to be exported to the
network is limited by the aggregated deficit of all the buyers in such network; therefore, the strategies
from sellers must meet the following simplex ∆S = {ts ∈ RS :

∑
s∈S ts = Pagg,b}. Similarly to the

buyers in the previous competition, sellers will have an utility function that will measure the payoff
perceived by each one for selling a certain quantity of energy. For this case, the utility function follows
a similar structure to that of they buyers

Us(ts) = −cs
ts
T̄s

(
ts − 2T̄s

)
, (4.6)

where T̄s is the excess of seller s and cs a cost factor defined by the MG. This utility function has its
maximum in the power deficit, which reflects the fact that seller would like to sell as much of its excess
as possible in order to gain a profit. The resulting fitness function then will be

f(ts) =
∂fs(ts)

∂ts
= 2cs

(
1− ts

T̄s

)
, (4.7)

which may also be interpreted as the marginal cost function of each seller. The resulting full-
information replicator equation for the sellers competition is

ṫs = ts
(
fs(ts)− f̄s

)
,

where f̂s = 1
Pagg,b

∑
s∈S tsfs(ts) ∀s ∈ S is the average fitness function. The properties of the resulting

solution to the replicator equation will have the same properties as the buyer’s competition. Ideally,
the resulting price should be lower than the energy purchase price given by the utility grid. Similarly
to the buyers competition, the strategies for this competition will be initialized taking into account
the aggregated excess as follows f0

s (tb) = T̄s

Pagg,sPagg,b
.

Regarding the energy price, for both competitions it is assumed that non-participating parties in the
game (for the first case sellers and buyers for the second) will sell/buy on the resulting energy price if
it is constrained between the buying and selling prices provided by the utility grid. In the first case,
sellers will agree to sell their energy as long as the resulting price is higher than the selling price given
by the utility grid so that they are able to make profit from it. In this case, buyers would like to
agree on a price lower than the current buying price. For the second case, buyers will agree on the
resulting buying price if it is lower than the current purchase energy price given by the utility grid in
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order to get savings from the trading. Taking into account these considerations, the fitness functions
for both buyers and sellers need to be modified. The analysis will be done for the buyers case, which
is the same for the sellers case. The following modification is proposed. The upper side of the fitness
function will need to be limited by the energy purchasing price given by the utility grid. If the cost
factor cb is higher than cDSO

B , then define tb,max as the power trading such that fB(tb,max) = cDSO
B .

Any tb below this quantity will lead to a constant fitness function given by cDSO
B . Similarly, for the

lower side of the cost function, define ts,min as the power trading such that fb(tb,min) = cDSO
S . Any

tb above this quantity will lead to a constant fitness function given by cDSO
S . The resulting fitness

function is shown in Fig. 4.3.

[kW]tbT¯b

c
DSO

b

c
DSO
s

Tb,max Tb,min

[$]fb

Figure 4.3: Fitness function for the buyer/seller agent in the usual approach.

There are still two cases that need to be contemplated. In order for the competitions to take place,
there needs two be more than one players in the game. However, there may be instances when only
one buyer will try to supply part of its deficit through the limited resources sellers have available (first
case) or only one seller will have enough resources to provide to buyers (second case). For both of
these scenarios, the price will be decided by the marginal cost function resulting from the utility of
such single agent.

4.3 Energy trading in an AC isolated NMGs

The replicator dynamics approach is also applied in a different context with a different approach to
the local EMS from each microgrid. The local EMS is based on the work by Velasquez in [15] where
the economic dispatch in each MG is solved by the DERs through a distributed model predictive
control approach (DMPC) and average consensus. This approach is able to preserve balance in the
MG network while meeting operational constraints such as the ramp constraints from conventional
generators. In this framework, there is also microgrid operator whose function is to aggregate the
results from the economic dispatch. Among these results, it will be of interest the current marginal
generation cost, which defines the energy price at which loads purchase energy from the DERs.
Under this context, MGs will be islanded from the utility grid and will have a dedicated trading
network, which is assumed to be a AC distribution power network. Each MG has enough energy
resources to provide their own loads; therefore, there will be no buyers or sellers. Then, the motivation
behind the trading in the network is to support each other in order to improve the global operational
cost. The trading works as follows. The MO operator from each MG aggregates the information of
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the economic dispatch and determines the current price of energy given by the agreed marginal cost of
the DERs. The MO sends this information to the NMGO, whose function is the same as the previous
approach: aggregates the information and sends it to the other MGs in the network. Based on this
information, each MO will redispatch their own resources through the DMPC scheme and determines
a new energy price. This process is repeated iteratively until all MGs agree on an unique energy price
that reflects an overall global objective for the network of MGs. A replicator dynamics is applied to
model the previously explained behavior as follows
Consider a set of microgridsN = {1, . . . , N} that are interconnected through an AC power network and
are able to share information through the NMGO that supervises the trading in the network. At each
iteration, the solution of the economic dispatch problem provides the aggregated power dispatch from
the DERs, denoted as pn, and the current marginal cost πn. The former corresponds to the strategy of
each microgrid in the trading, while the latter is used for the fitness function. The strategies from the
MGs are restricted by the aggregated demand of the MG in the network Pd =

∑
n inN Pd,n in order

to keep balance on the overall network. Then, let pn = Pdxn be the portion of the overall demand
contributed by MGn. The resulting replicator equation applied to the energy trading in the MGs is

ṗn = pn
(
fn(pn)− f̄

)
, (4.8)

where fn is the fitness function that describes the payoff of MGn and f̂ = 1
Pd

∑
m∈M pnfn(pn) ∀n ∈ N

is the average fitness function. The solutions for the energy trading among microgrids are constrained
under the following simplex

∆NMG =

{
pMG ∈ RN :

∑
n∈N

pn = Pd

}
.

In other words, if the initial resource distribution pm(0) ∈ ∆NMG, then the trajectories of the net-
worked microgrids trading stay within ∆NMG. Therefore, the balance in the network of MGs can be
guaranteed. The equilibrium point of (4.8), denoted as p∗MG = [p∗1, . . . , p

∗
N ]T ∈ ∆MG satisfies the

following condition
fn(p∗n) = f̄(pMG

∗) = f̄∗ ∀n ∈ N ,

which means that all MGs get a fitness equal to the average fitness in the equilibrium. This condition
can be used to design the pricing mechanism for the network of MGs. A desirable property for the
trading is that its energy price is equal for every MG. Therefore, the fitness function should involve the
marginal cost function of each MG. In , the replicator approach is applied assuming that the marginal
cost function is linear and continuous which implies that in each MG there is only one marginal
generator. This function has the form 2aipm + bi where ai and bi are cost parameters associated with
the generator. The fitness proposed for this case was inspired by [18]

fn(pMGi) =


B1 − Cn −m(pn − Pn) if pn < Pn

B1 − (2anpn + bn) if Pn ≤ pn ≤ Pn

B1 − Cn −m(pn − Pn) if pn > Pn,

where Pn, Pn are the generation limits after ramp constraints are considered. Cn and Cn are the
minimum and maximum values of the marginal cost function for each MG, m is the slope of the barrier
function. The barrier functions are considered in order to prevent each MG from picking strategies
outside of the operation limits. B1 is a high enough positive constant that guarantees positivity of all
fitness functions and does not affect the result of the equilibrium point. The equilibrium does not only
provide the trading that minimizes the overall cost of operation, but it was also shown that leads to
the same result as a consensus algorithm designed for price agreement in a network of microgrids.
Nonetheless, the marginal cost function πn of the most general case of MGs is not necessarily linear.
Instead, this function is a piece-wise linear function, at least for the case where there are multiple
conventional generators. The exact form of this function is generally unknown, but it is known to be
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a positive, continuous and increasing function of the aggregated generation dispatch of MGn pn =∑
i∈ni

pn,i, where ni is the set of distributed energy resources in the MG. Additionally, overall MGn

has a minimum and maximum aggregated dispatch limits, which depend on the current dispatch status,
ramp limits and dispatch limits of the generators. Specifically, define pt−1

n as the overall dispatch of
MGn at a previous timestep. For the current time step, the MO will calculate the overall dispatch
limits by updating and aggregating the dispatch limits of each generator. Define p̂tn,i = pt−1

n,i + Rn,i

and p̂tn,i = pt−1
n,i −Rn,i, then the maximum and minimum dispatch limits are updated as follows

ptn,i =

{
p̂tn,i if p̂tn,i ≤ pn,i
pn,i if p̂tn,i > pn,i

ptn,i =

{
p̂tn,i if p̂tn,i ≤ pn,i
pn,i if p̂tn,i > pn,i

the overall dispatch limits will be defined by the aggregation of the limits from each microgrid as

Pn =
∑

i∈ni
pt+1
n,i and Pn =

∑
i∈mi

pt+1
n,i . Taking into account these considerations, a new fitness

function may be defined as

fn(pn) =


B2 − πi(Pn)−m(pn − Pn) if pn < Pn

B2 − πi(pn) if Pn ≤ pn ≤ Pn,

B2 − πi(Pn)−m(Pn − pn) if pn > Pn,

(4.9)

where B2 is a positive high enough constant to guarantee that the fitness function is positive for all
the MGs. For this work, it is defined as B2 = max(Pn) + γ, where γ is a defined offset. The proposed
fitness function is illustrated in Fig 4.4

[kW]pMGi

− π ( )B2 pMGi

⎯ ⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯

pMGi

⎯ ⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯

[$]fMGi

pMGi
⎯ ⎯⎯⎯⎯⎯⎯

− π ( )B2 pMGi

⎯ ⎯⎯⎯⎯⎯⎯

Figure 4.4: Fitness function for the buyer/seller agent in the usual approach.

The fitness equation (4.9) meets the conditions for ensuring stability and convergence of the replicator
equation. Since it does not depend on the strategies of other players, the equilibrium point is asymptot-
ically stable if it is positive and differentiable ∀n ∈ N and ∀pn ∈ ∆MG, and if its derivate with respect
to the strategy decreases. Regarding the former, the constant B2 is added. Despite of the fitness
function being non-differentiable, the assumption can be relaxed to a locally Lipschitz condition as
shown in [19], demonstrating asymptotic stability of the equilibrium point p∗n. Since a piecewise linear
function satisfies this condition, then the convergence to the equilibrium of the replicator equation is
assured.



5.Results and discussion
In order to validate the algorithms proposed for the trading in the network of microgrids, two cases of
study are proposed. The first case consists of an extension to the data proposed by Liu and Tan in [6],
where the trading in an DC interconnection power network is studied. This test case consists on the
network depicted in Fig 5.1, where four microgrids are interconnected in a network. The aggregated
load and generation profiles of each MG are presented in Fig 5.3. MG1 has the consumption behavior
of an industrial user who has s continuous demand during the day. MG2 behaves as a residential
load with low power consumption during work hours, while its peak consumption happens during the
night, and MG3 behaves as a commercial user, which is complementary to the residential user profile.
Time is slotted into 48 intervals for 24 hours (H =48), so ∆ = 0.5 h. Energy capacities for each MG
are Ec = [120, 80, 100]kW . The charging and discharging effiencies are equal for every MG ηc = 0.98,
ηd = 0.95. The DOD is equal for every MG DOD = 0.8. Additionally, γ] = 0.95, γ] = 0.98
The second study case is based on the work by Velazquez where three microgrids are interconnected
through an AC network as shown in Fig. 5.2. Each MG will have three conventional distributed
generators that are able to provide the demand required at any given time. Cost parameters, ramp
limits, and dispatch limits are provided in Table .

Table 5.1: Parameters of generators in the microgrid 1
DG a b Pmin Pmax ∆Pmin ∆Pmax

[ $
MW2 ] [ $

MW ] [MW] [MW] [ MW
5min ] [ MW

5min ]

DG1 1 1 0 8 -8 82
DG2 2 2 0 6 -6 6
DG3 3 3 0 6 -6 6

5.0.1 Energy trading in a DC NMG

For the trading in networked microgrids interconnected through a DC microgrid, the first three MGs
from the first case presented are used, which are fully interconnected as shown in Fig . Fig 5.5 shows
the energy storage state throughout the day. In Fig 5.4 the trading behavior in the NMG is observed.
Regarding the storage behavior, MG1 and MG2 dispatch their storage at earlier hours of the day,
despite the dispatch being more convenient when the buying price from the DSO is higher. In the case
of MG1 it is because later in the day, the other MGs in the network will be able to supply its deficit
through MG2, therefore it will not need to dispatch its storage, nor import energy from the DSO at
this period of time. In the case of MG2 it expects a great renewable generation at these periods of
time, which will be using to support other MGs, and therefore it will not need to dispatch its storage.
Contrary case of MG3 who will have excess at earlier hours of the day and will prefer to reserve its
storage for later in the day. Additionally, it will export its excess to MG1 and MG3 in order to support
their deficit. As mentioned earlier, around the period of 9:00 to 20:00 is a period when MG2 will have

MG1 MG2

MG3

R1,2

R1,3 R2,3

MG1 MG2

MG3 MG4

Figure 5.1: Testbed for evaluating trading approached. Left: Three microgrids interconnected through
a dedicated DC power network. Right: four microgrids interconnnected through an AC power network
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Figure 5.2: Testbed for trading in an isolated AC network of microgrids.

Table 5.2: Parameters of generators in the microgrid 2
DG a b Pmin Pmax ∆Pmin ∆Pmax

[ $
MW2 ] [ $

MW ] [MW] [MW] [ MW
5min ] [ MW

5min ]

DG1 1 3 0 4 -4 4
DG2 1 2 0 7 -7 7
DG3 4 3 0 5 -5 5

Table 5.3: Parameters of generators in the microgrid 3
DG a b Pmin Pmax ∆Pmin ∆Pmax

[ $
MW2 ] [ $

MW ] [MW] [MW] [ MW
5min ] [ MW

5min ]

DG1 0.1 1 0 5 -5 5
DG2 3 2 0 10 -10 10
DG3 4 4 0 6 -6 6

Table 5.4: Operational cost for each MG in the network before and after trading in a DC network.
Before trading After trading

MG1 331.43 92.11
MG2 -108.09 -6.22
MG3 251.19 -10.36

Global 474.53 -74.

energy excess to share with its peers. Around this time, MG1 imports from both of its peers in order
to not only supply its deficit, but also charge its storage. In this period of time MG[3] imports from
MG2 in order to charge its storage and supply its shortage. In the period of in the 12:00-17:00, part of
its excess and energy imported from MG2 is exported to MG1. This shows that in order to enable a
more efficient trading, there will be cases where and MG imports from another MG in order to export
energy to yet a third one. After a time around 18:00-20:00, the excess available from MG2 starts to
decrease and in response MG1 and MG3 start to discharge their storage in order to supply their deficit
and MG3 to continue support MG1. After 20:00, MG2 ceases to have an excess and begins to have a
deficit, which is supplied in part by MG3, who will have excess until the end of the day. During this
period, in order to support the deficit from its own and other MGs, storage is discharged.
Overall, it is shown that by enabling direct cooperative trading among MGs, they are able to support
each other whenever a deficit occurs and there are resources to supply it. Additionally, the dependency
on the distributed power system is greatly reduced. As mentioned before, the trading occurs in order
to reduce the global cost of all MGs. In Table 5.4, the resulting costs of each MG are compared to
the case where no trading is enabled. It is seen that overall the global cost is improved, however, the
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Figure 5.3: Testbed for trading in an isolated AC network of microgrids.

cost of individual MGs such as MG2 can be compromised. In order to improve this result, a pricing
mechanism for the energy trading needs to be designed in order to incentivize the participation of MGs
in the trading network. This corresponds to the envisioned idea for this work. This work aimed at first
to design an integrated trading mechanism where at a lower level the microgrids decide on a power
exchange with its peers based on a price given by a high level pricing mechanism that collects the results
from the N-EMS and update the energy trading price in order to balance optimization objectives from
each MG. These two controllers would interact in an iterative fashion until convergence in both power
allocation and pricing is reached. This objective was achieved to a certain extent with the trading
approach proposed in for an AC network; however, the pricing mechanism for a DC power network is
still a work in development. At first, this work attempted to adapt approaches in literature for AC
networks such as Double Auction, Stackelberg Games and Nash bargaining, but the fact that MGs in
this context can take the role of buyers and sellers proved to be a difficult task. The adaptation of
these approaches to the energy trading are still in development and are expected to be future work, in
order to compare these approaches to the replicator dynamics based trading approach, who also need
to be adapted to the DC network context.

5.1 Energy trading in AC interconnected NMG

For the replicator dynamics strategy applied to the usual trading in a network of microgrids, the
previous test case is applied, but this time envisioned as an AC power network, where indirect trading
among microgrids happens. For any time, the cost factors of the fitness function for every MG are
defined as cs = cb = [0.3, 0.25, 0.225, 0.325]. In Fig 5.6 the convergence of a sample of the sellers
competition is presented. In this case, MG3 and MG4 seek to supply the aggregated deficit of MG1

and MG2. For this case, the aggregated deficit is 41.28 kW . The results show how through the
population dynamics approach, the allocation and pricing problems are solved in an integrated manner,
where sellers are able to agree on a common energy price, and as a result allocate their available
resources. Due to the gradient property shown is several works around population dynamics, the
resulting allocation maximizes the utility of the overall buyers. The evolution of the allocation and
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Figure 5.4: Trading behavior in the network of microgrids with a dedicated DC power network.

energy prices presents an interesting behavior, which is coherent with the modeling proposed. MG4

was deliberately initialized in proportion farther from its excess than MG3; therefore, it will start with
a higher price than MG3. In order to get closer to the average price, MG4 will increase its export and
as a result, it will lower its energy price, while MG4 will lower its output, leading to an increase in its
price. This behavior remains through the iterative process until the prices of each agent converge to
an unique price of energy.
In Fig 5.7 the evolution of the energy price through the day-ahead scheduling of the trading in the
network is shown. Throughout the day, it is possible to see that different scenarios for the trading can
occur. It is seen that there is no action of the population dynamics approach throughout most of the
day (9:30-19:30), mainly because of the magnitude of the excess that MG2 has. Through most of this
period of time, MG2 will be the only seller in the network, and in most cases, its excess will exceed the
accumulated deficit of buyers. As a result, MG2 will set the energy price for the trading, which in most
cases is close to the buying price of the utility grid, which shows the difference in magnitude of MG2

with respect to the other buyers MGs since the farther the aggregate power is from the seller’s excess,
the higher the price will be. The energy price may be improved if in this particular case where the
replicator dynamics approach does not act, the objectives of the non-participating party, the buyers,
are taken into account instead of letting one agent set the energy price.
Regarding the cases where the replicator approach applies, there are instances where the energy price
is in the price limits set by the prices given by the DSO. The price sets in the upper limit because
of how far the aggregated deficit and excess from buyers and sellers are. Consider the period of time
between 6:30-8:30. In this period, the excess from MG2 is starting to increase steadily, and it is smaller
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Table 5.5: Operational cost for each MG in the network before and after trading in an AC network
with replicator dynamics approach.

Before trading After trading
MG1 331.36 263.79
MG2 -88.71 -245.91
MG3 11.71 -44.51
MG4 208.8 154.51

Global 463.16 127.88

compared to the deficit from other MGs. Since there is little excess resources to share, the buyers will
decide to buy this energy at the highest rate possible. In the few cases where the price is set in the
lower limit, it is the complete opposite. This happens because of how close the aggregated excess and
deficit are. Consider the period of time between 0:00-1:30. In this period of time the accumulated
resources available from MG3 and MG4 are close to the deficit required by MG1 and MG2. Since
buyers will be able to supply close to its total deficit, then they will decide to buy this energy at the
cheapest rate possible. Since it is assumed that the environment is cooperative, the sellers will agree
to sell their energy at this price rate; however, in a different environment where sellers are able to
intervene in this result, they may want to increase this price rate in order to get more profit, at which
the sellers may have to agree since it will still be cheaper than buying energy from the distributed
grid. This poses a challenge for the replicator approach and will be explored as future work.
In Fig 5.8 the resulting power trading in the overall network of microgrids is presented. It is shown that
the proposed replicator dynamics network is able to promote the trading in the network and is able to
optimally allocate as much as possible the resources from excess MGs to deficit MGs, according to the
modeling done for this kind of agents. It is shown how some MGs are able to supply deficit at certain
periods of time when it is most needed, and are also able contribute with excess energy in other periods
of time when other MGs require such support. It is possible to see that by enabling trading among
MGs, they are able to improve the independency of the network from the utility grid. In Tab.5.5 a
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Figure 5.6: Dispatch and pricing convergence for the sellers competition at t = 1.5.

comparison of the operational cost before and after trading is enabled in the network. It is shown
that the operational cost of every MG is improved due to the fact that the energy price is bounded
by the limits defined by the trading prices with the DSO. In some periods of time, MGs will find
savings when importing from the NMGs at a cheaper cost than the buying price from the DSO, while
in other they find a profit by selling at a higher price that the selling price of the DSO. In the case, for
example of MG1 who throughout the day will have mostly deficit, it will find in the trading a cheaper
energy price, and therefore earn saving, in periods such as 1:30-4:30, when MG3 and MG4 will also
find a higher price, leading to profit. It is important to note that MG2 sees the greatest improvement
because of how high it is able to set the energy price since it is the only player, as explained before.
This may not be the best approach since the resulting profit/sharing may be distributed more fairly.
Therefore, for this particular case where the replicator proposed is not applicable, it is necessary to
design a mechanism where the conflicting objectives of buyers and sellers are taken into account. The
current replicator dynamics proposed may be also further improved in order to integrate the interests
of the non-participating agents in the competition, and model how they may influence the resulting
energy price in the competition.

5.2 Energy trading in an AC isolated NMGs

The replicator dynamics energy trading approach is applied to the second case of study shown in
Fig 5.2. For the context proposed by this case of study, each MG will be able to supply its inner
demand at any given point in time. In the low level, the DMPC-based economic dispatch strategy
determines the output of the inner distributed generation, and as a result, finds the current marginal
cost of such MG. Before showing the results of the application of the replicator dynamics based energy
trading in this context, the marginal cost function of each MG is characterized in Fig 5.11 for the
case where no ramp constraints are applied, and in Fig the case where the ramp limits for DG in
MG are changed to . These results show that the marginal price function of each MG is as it was
proposed earlier on: monotonically increasing piecewise linear functions. After the demand reaches the
aggregated dispatch limit of all generators, the price remains constant. For the case where a ramp is
applied, the only change that occurs is that the maximum dispatch on the overall MG is reduced, and
therefore the function will become constant for the new maximum dispatch. By confirming the nature
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Figure 5.7: Energy price behavior for the trading with a replicator dynamics approach.

of the marginal cost functions, the resulting fitness function defined in (4.9) will be monotonically
decreasing piecewise linear function. As a result, the equilibrium point of the replicator equation will
be asymptotically stable. It is important to note that this function is not known by each microgrid
operator beforehand. Instead, based on the current dispatch strategy of the MG, the MO determines
through the DMPC-based economic dispatch the marginal price; and therefore, the resulting fitness
function.
The results for the overall energy dispatch in the network and the price convergence for a certain point
in time are shown in Fig 5.12 for the case where no ramp constraints are applied. The strategies are
initialized by solving the inner economic dispatch for the case where trading is not considered. It is
seen that through trading, MGs are able to redispatch their resources in order to maximize the social
welfare of the overall network. In this particular example, MG3 is dispatching its generators almost
at their maximum capacity. Additionally, despite of having one cheap generator, the other two lead to
a greater marginal cost than the other two MGs when it is operating close to full capacity. Through
the trading with the network, MG3 is able to alleviate this load condition by importing energy from
its peers, reducing its marginal cost. MG2 and MG3 are able to support MG1 by increasing the
dispatch of their inner resources, which are not operating at full capacity and are cheaper under their
current demand conditions. While their own individual marginal cost is increased as a result (reduced
welfare), the decrease for MG3 is enough to lead to an overall improvement on the social welfare on
the network.
As an additional test, ramp constraints are applied to DG2 of MG3, where the ramp limit is set to 1.
This translates into a lack of energy resources in MG1 to supply its own demand, leading to a energy
deficit in the MG, that will be supplied by its peers. This approach does not assign MGs roles to the
MGs; instead, it is driven by the marginal cost function, where the MGs cooperatively will seek for
an overall maximization of the social welfare. However, in order to deal with this case, MG1 must
preemptively notify of its deficit to the NMGO so that it can increase the dispatch of the other MGs
before starting the replicator dynamics. The results for this case are shown in Fig 5.13, where it is seen
that by taking this preemptive step, MG2 and MG3 are able to support MG1. Moreover, the energy
price at which it converges is the same as the no-ramp case. A last test is done to the previous case,
where the ramp limit of DG1 in MG1, emulating the case where the resources that an this MG can
use to support MG3 are more limited. As a result, MG1 being the MG that contributed the most to
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Figure 5.8: Energy dispatch in the network of microgrids.
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the trading sees its contribution limited, making MG2 contribute more. Since its resources are more
expensive, the resulting trading price increases.
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Figure 5.11: Trading in an isolated networked
microgrids. No ramp constraints enforced
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6.Conclusions
In this work, three different approaches for the power trading in a network of microgrids were studied.
This work explored a cooperative NEMS in a DC power exchange network where the MGs are inter-
connected to the distribution power grid. MGs in the network exchange energy in order to reach the
minimization of the global optimization cost, and as a consequence, improve the independence from
the distribution power network. The DSO was modeled as a passive agent that only provided energy
prices and trades according to MGs decision, this in order to model a NMG independent from the
distribution power network. Through a simple losses model and the introduction of binary variables,
the trading in the NMGs was integrated in each MG’s energy management system. Results from the
centralized NEMS shows how MGs in the network trade in order to minimize the global operation
costs, which results in an enhanced independence from the DSO. Additionally, it is observed that in a
direct power exchange network, MGs may take the role of importer and exporter in order to exploit
the DC exchange network. As future work, a pricing mechanism is to be designed in order to promote
trading in a non-cooperative environment, such that it balances global objectives and individual ob-
jectives. Existing approaches may be adapted to the this context, as well as the population dynamics
approach proposed in this work. Additionally, this pricing mechanism may aid to the decentralization
of the centralized NEMS problem studied for the network of microgrids who are independent of the
DSO. Lastly, the modeling of the DSO as an active player in the trading is proposed, such that it
dynamically decides on energy prices based on the decision of the network.
A population dynamics approach for the trading in AC networked microgrids were proposed for in-
terconnected and islanded microgrids. In the former case, a cooperative framework is proposed in the
context of the usual approach in literature. In this work, each MG through its own EMS determines the
magnitud of its deficit or excess, assuming the role of buyer and sellers. Depending on the aggregated
excess and deficit, two kind of competitions may take place, where buyers or sellers are able to compete
and set the energy price through a replicator dynamics approach. MGs interact and share information
through this approach in order to integrally decide on the allocation of the resources in the microgrid
network, and set an unique energy price. Therefore solving the allocation and pricing problem in an
integrated fashion. Results show that the proposed trading approach promotes the trading in the
network of microgrid, leading to an overall improvement of not only the global optimization cost, but
also individual costs. However, there are cases in the proposed framework where the replicator is not
applicable. In this cases, it is considered that the price by only one agent, which may lead to an
unfair share of the benefits in the overall network. Therefore, it is necesarry for these cases to consider
the interest of the non-participant agents. Additionally, as future work it is proposed to extend the
proposed replicator dynamics in order to have an interaction with the lower level EMS from each MG,
so that it is able to adjust the deficit/excess decision and seek for a hierarchical integrated approach
for the microgrid network trading.
For the case of islanded AC networked microgrids, the replicator dynamics approach for the energy
trading was proposed under a hierarchical scheme proposed together with Miguel Velzquez. In this
framework, the EMS corresponds to a lower level controller that dispatchs through a DMPC approach
its inner resources and determines the aggregated dispatch and the resulting marginal energy cost for
the given dispatch. At a high level, this information is distributed by a central agent, so that each
MG at a high level updates its overall dispatch and marginal cost through the proposed replicator
dynamics approach. Through this interaction in the hierarchical scheme and the interaction of the
MGs at a high level, the allocation and pricing problem in the NMGs are integrally solved. Results
show that the replicator dynamics approach has an asymptotically stable equilibrium for the fitness
function characterized by the marginal cost function, which is initially unknown. This implies that the
resulting allocation and pricing correspond to the maximization of the overall network social welfare.
Additionally, results show how the behavior displayed by the replicator equation shows cooperation
among the MG, where they support each other in order to get the better benefit of the network. Last,
the effect of ramp constraints was studied, where it was shown that for the marginal price function
it limits the maximum dispatch of the each MG, and with that the maximum marginal cost, and as
a result, it increases the resulting trading energy price when compared with the case where no ramp
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constraints are considered.
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