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Abstract—An optimization method is used for determining the
electric power to be supplied at the different nodes of a microgrid
with the aim of reducing generation costs, losses by electricity
transmission, and greenhouse gas emissions, while simultaneously
maintaining the energy quality at all points of supply. The
optimization problem is complex due to the various restrictions
inherent to the distributed energy resources in the microgrid. The
generation sources include diesel engines, photovoltaic panels,
wind turbines, and fuel cells, each of them conveniently
represented by specific mathematical models. Simulation
examples are presented for both island and non-island operation
modes. The problem is solved through a particle swarm
optimization algorithm that efficiently provides acceptable
solutions.
Index Terms-- Distributed power generation, Microgrid, Particle
swarm optimization, Power generation dispatch.

I.

INTRODUCTION

A microgrid is a low-power electrical network (e.g., less
than 10 MW) that is designed to provide electricity to small
towns or institutions, suburban communities, commercial and
industrial areas, etc. [1]. Often, a microgrid integrates different
types of distributed systems, such as small power (renewable
and non-renewable) generation sources, energy storage devices,
electronic control equipments, distributed loads, and protection
/ reconfiguration systems, with supervision and management
strategies typically operated from a remote center [1,2].
In recent years, a growing effort to improve the
development of microgrid systems has been observed. Many
proposals aimed at efficiently covering the increasing electricity
demands of users, with cheaper and safer operations than those
offered by the traditional power networks. In particular,
meaningful progresses have been made in the development of
representative models of real networks and their various
distributed resources, as well as in varying policies for
establishment of buying / selling rates of the electrical energy
[1-3].
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A microgrid can operate in two basic modes i.e.: connected
to the external power grid or isolated from it (island mode). In
the first case, the microgrid can either buy or sell electricity to
the external grid, to compensate for the lack (or excess) of its
generation capacity with respect to the instantaneous power
demand. In contrast, in island mode, the microgrid must
instantaneously supply the demanded power and interact with
the storage devices to compensate for the differences between
the generated and demanded powers while simultaneously
maintaining the electrical quality of the service in all the
demand points.
The microgrid nodes are linked through electrical
interconnection lines. Each node can be identified with one or
more than one of the following roles: interconnection,
generation, demand, and storage. Many generation resources
are available, such as diesel engines, turbines, microturbines,
photovoltaic panels, and fuel cells, among others. Fortunately,
there are some mathematical models of those resources
available in the literature [1]. In the last decade, a great advance
has also been noted in the development of new devices and
strategies for storing energy under different modes [4].
The global optimization of a microgrid can be stated in
different ways. For example, one approach consists of
determining the optimal allocation of electric powers at the
different generation points in such a way that the microgrid
fully covers the time-varying distributed load with a minimum
global cost and a high energy quality (e.g., adequate voltage
levels). In general, such problem is difficult because of the large
number and diversity of involved variables and constraints. In
fact, continuous, discrete, and random variables can
simultaneously be present during the normal operation of a
microgrid. Also, a microgrid can often suffer changes in its
configuration due to connection / interconnection of electricity
lines, broken connections due to short circuits, etc. In addition
to the difficulties associated with the inherent physics of the
electrical system, the optimal operation of a microgrid can be
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conditioned by economic components related to fuel costs,
undesirable gas emissions, tariff policies or differential rates.
Despite the energy quality at the different network nodes should
also be involved in the global optimization problem, only
economic components are typical [5,6].
When the global optimization of an electric system is based
on an objective function that include economic, environmental,
and quality components, together with several underlying
constraints, the resulting optimization problem is typically
known as an Optimal Power Flow (OPF) problem. Several
methodologies for the solution of OPF problems have been
reviewed [7-10]. Although conventional methods are mainly
based on gradient strategies, some modern techniques have the
advantage of avoiding the calculation of derivatives. For
example, some evolutionary search strategies, such as particle
swarm optimization (PSO) algorithms [11], have proven able to
efficiently solve the OPF problem within reasonable execution
times [12-17].
In this work, a PSO algorithm coupled with a NewtonRaphson method is used to determine the optimal allocation of
the generation powers at the different nodes of a microgrid. The
simulated microgrid consists of a meshed electric network with
twelve nodes, operating in either island or connected modes.
The optimal operation of the microgrid is based on the
simultaneous minimization of: i) the global electric generation
costs, ii) the total mass flow of emitted pollutants (nitrogen
oxides: NOX; carbon dioxide: CO2; and sulfur dioxide: SO2)
[18], and iii) the deviation of the voltage at the load nodes with
respect to their nominal values. Additionally, the optimization
problem involves several technical constraints, such as limited
active and reactive powers at the generation nodes, and minmax voltage tolerances at the load nodes. The considered
generation sources are: diesel generators, fuel cells, and wind
turbines and solar-photovoltaic parks. Functional relationships
between generated power, fuel consumption, climate variables,
and operative costs corresponding to each generation source
were adopted from [19]. Weather conditions for Santa Fe
(Argentina) were considered for quantifying the share of
renewable energy sources.
II.

MATHEMATICAL MODEL OF THE MICROGRID

Consider an electrical network with N nodes (j = 1, ..., N).
At each node j, the voltage is Vj, and the generated and
consumed powers are Sg,j and Sd,j, respectively. The j-th and k-th
nodes are interconnected by a transmission line of admittance
Yj,k. According to the microgrid structure and to the admittances
of each transmission line, the following mathematical model
can be written [20]:


(p  q i)*  [ diag( v* ) ]1  Y  v

where the first member of Eq. (1) is an (N×1) vector whose j-th
component is the ratio Sj* / Vj* = (Pj + Qj i)* / Vj*, being Pj and
Qj the net active and reactive powers, respectively (i.e., the
difference between the generated and consumed powers in the
node), i2 = -1, and the symbol “*” indicates complex
conjugated. Also, v (N×1) contains the voltages Vj at the nodes;
and Y (N×N) is the matrix of nodal admittances, where its N2
admittances depend on the network configuration and on the
admittances of each transmission line.
The generation nodes exhibit the following restrictions:


Pg ,min, j  Pg, j  Pg,max, j ; j = 1, …, Ng

(2a)



Qg ,min, j  Qg , j  Qg, max, j ; j = 1, …, Ng

(2b)

Additionally, the powers of the nodes must satisfy the
following relationship:
N

 (S g , j  Sd , j )  S L  0



(3)

j 1

where SL is the total power that is dissipated as electric losses in
the transmission lines of the whole network. Equation (3)
assumes that no storage device is present in the considered
microgrid.
The inverse problem known as calculation of power flow
consists in finding v in Eq. (1), from the knowledge of Y, the
generated active power (Pg,j), and the consumed power (Sd,j =
Pd,j + Qd,j i), at each node j. This is true for all but one j node;
i.e., the so-called slack bus, where the complex voltage is
known and the powers are unknown.
III.

MODELS FOR THE GENERATION SOURCES

The generation sources considered in the microgrid are: 2
diesel generators, 1 fuel cell generator, 1 wind farm, and 1
solar-photovoltaic park. In what follows, static generation
models for each electric source are presented. Such models
describe: 1) the generation costs in terms of the produced
active powers, in the cases of the diesel and fuel cell
generators; and 2) the generated active powers in term of
weather conditions, in the cases of the wind and solar parks.
III.1. Diesel Generator
The operative cost (i.e., the cost per energy unit) of a diesel
generator (DG) can be represented by the following quadratic
polynomial in the generated active power [19]:


(1)
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where Pg,DG is the active power generated by the DG, and the
constant parameters {, , } are obtained on the basis of a
fuel consumption test and from the diesel fuel cost.
III.2. Fuel Cell
For modeling the fuel cell (FC) generator, it is assumed that
a steam reforming system is used to obtain hydrogen from
natural gas. Thus, the operative cost of a FC generator (CFC)
includes the costs specifically invested for the FC operation
(Cop,c) and for the steam production (Cop,s). Then, the CFC can be
calculated as follows:





CFC  Cop,c  Cop,s Pg ,FC



(5)

where Pg,FC is the active power generated by the FC. In this
work, a constant efficiency of 80% was adopted for the steam
generator. More detailed models for Cop,c and Cop,s are available
[21].

(Sd,j = Pd,j + Qd,j i) are known. The problem consists in
determining the voltage levels (Vg,j) and the active powers (Pg,j)
to be injected into each generation node, in order to satisfy a
predetermined optimal operating condition. For example, a
feasible objective function (f) to be minimized can include
terms of emission of pollutants by the generators, the deviation
of the voltages with respect to limiting quality levels, the cost of
the consumed fossil fuels, and the transmission losses, among
other possible factors.
At the generation nodes, the vectors pg and vg represent the
active powers and the voltages, respectively. Then, the
optimization problem can be stated as follows:


For known weather conditions, the photovoltaic (PV) panels
generate the active power Pg,PV, which can be calculated as
follows:

Pg ,PV  N g ,PV Ppeak

G
Gstd

1  k p (T  Tr )

The operative cost of the whole wind farm was neglected.
The active power Pg,WT generated by the wind farm is obtained
as follows:

1
2

N WT C p  A v

(7)

where NWT is the number of wind turbine (WT) generators in
the park, Cp is the power coefficient of a single turbine, ρ is the
air density, A is the rotor area, and v is the wind velocity.
IV.

pg,min, j  pg, j  pg,max, j ; j = 1, …, Ng

(9a)



qg, min, j  q j  qg ,max, j ; j = 1, …, Ng

(9b)



Vmin, j  V j  Vmax, j ; j = 1, …, N

(9c)

N

( p
j 1

III.4. Wind Turbine

Pg ,WT 





(6)

where NPV is the number of PV panels in the park, Ppeak is the
peak-power of a single panel, G (W/m2) is the solar irradiance,
T (°C) is the ambient temperature, kp is the temperature-power
coefficient (typically provided by the panel manufacturer), Gstd
(= 1000 W/m2) is the reference irradiance, and Tr (= 25 °C) is
the reference temperature. The operative cost of the PV
generator was not considered because the cost of maintenance
is practically negligible.



(8)

subject to:

III.3. Photovoltaic Generator



min f (p, q, v)

p g, v g

OPTIMIZATION OF THE MICROGRID

Consider a general case where both the network structure
(N, Ng, and Y) and the distribution of powers in the load nodes



g, j

 pd , j )  pL  0

(9d)

g, j

 qd , j )  qL  0

(9e)

N

 (q
j 1

Traditional gradient descent algorithms are inapplicable to
solve the previous optimization problem, because: i) the
functional f cannot normally be expressed in a differentiable
form (due to the inclusion of the term that accounts for the
voltage deviations in the load nodes); and ii) the solution space
typically exhibits multiple local minima. In contrast, stochastic
search algorithms tend to be more suitable to deal with this kind
of problems. For example, genetic algorithms or particle swarm
optimization (PSO) algorithms could be evaluated as feasible
computational tools. Unfortunately, these evolutionary
algorithms are incapable for ensuring the convergence to the
global solution.
A PSO algorithm can be used to find an approximation to
the optimal solution corresponding to Eqs. (8, 9) through a set
of evolutionary particles. Each particle represents a possible
solution of the problem; and the whole particle swarm moves
over the solution space until a stable state is found. The p-th
particle in the swarm represents a point in the (Ng+Ng)×1 space,
i.e. X p  [p gp v gp ] . The best position obtained by the p-th
particle is Pp, and the best historical position obtained by the
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whole swarm is . Also, the p-th particle moves over the
solution space with a velocity Vp [(Ng+Ng)×1]. The swarm is
initialized at the first iteration; and then, at the n-th iteration, the
position and velocity of each particle are updated according to
[11]:




V p [n  1]  w[n] V p [n]  c1 R1[n] {B p  X p [n]} 
 c2 R2 [n] {Γ  X p [n]}
X p [n  1]  X p [n]  V p [n  1]

(10a)

(10b)

where w[n] is the inertia; c1 and c2 are the cognitive and social
accelerations, respectively; and R1[n] and R2[n] are two random
values chosen at each iteration from a uniform distribution in
the interval (0,1). The total number of iterations is chosen to
ensure the convergence of the PSO algorithm, and  is adopted
as the final solution.
V.

Center (Santa Fe, Argentina). Both renewable sources were
assumed to mainly generate active power, with minima
(inductive or capacitive) power factors of 0.97 (typical values
of standard inverter devices).

SIMULATION EXAMPLE

Consider a microgrid of N = 12 nodes with the
configuration sketched in Fig. 1. The network geometry and the
physical characteristics of the interconnection electric lines
were used to calculate the nodal admittance matrix Y (1212),
on the basis of three (coplanar horizontal) aluminum conductor
steel-reinforced of 35/6 mm2, a base power of 1,000 kVA, and a
base voltage of 13.2 kV. Matrix Y is not here presented due to
space reasons. However, it is important to highlight that the
condition number of Y (i.e., the ratio between the largest and
the lowest singular values) is 1.7105, thus indicating the illconditioning degree of the associated optimization problem
[22]. All the power profiles corresponding to the base day are
shown in Fig. 2, with data available at intervals of 1 hour.
Average active and reactive powers are respectively 46.1 kW
and 40.6 kVAr, for residential loads (RL); and 102.0 kW and
63.2 kVAr, for industrial loads (IL).

Figure 1. Scheme of the simulated microgrid.

The electric powers Pg,PV and Pg,WT of Fig. 2a were
calculated through Eqs. (6, 7), respectively, from the climatic
conditions corresponding to a (summer) base day (January 1,
2013), which were provided by the Meteorological Information

Figure 2. a) Renewable generation ( 100% of active power); b) Total (active
and reactive) power demands in the microgrid.

The Ng = 5 ‘generation nodes’ include: 2 diesel generators
(DG 1: 850 kW, DG 2: 800 kW); 1 fuel cell (FC: 300 kW); 1
park of 500 photovoltaic panels (PV: 100 W  500); and 1 park
of 40 wind turbines (WT: 2 kW  40). The Nd = 7 ‘load nodes’
are characterized by their load curves: 4 (identical) RL curves,
of Pd = 100 kW and Qd = 90 kVAr; and 3 (identical) IL curves,
of Pd = 300 kW and Qd = 190 kVAr, where Pd and Qd are the
maxima active and reactive powers, respectively. Curves for
active power demand are scaled from those purposed in [23], by
considering inductive power factors of 0.75 and 0.85, for RL
and IL, respectively.
In the present work, the function f is defined by the
following expression:


f (p, q, v)  k1 C(p g )  k2 E(p g )  k3 D(v, p g )

(11)

where C(pg) is the global generation cost (basically, the fuel
costs for the two DG and the FC); E(pg) depends on the mass
flow of released pollutants (NOX, CO2, SO2); and D(v,pg) is the
average voltage deviations at the load nodes with respect to
their nominal values. C(pg), E(pg) and D(v,pg) are normalized
functions whose minima would be zero. The weight factors {k1,
k2, k3} can be chosen with the aim of prioritizing fuel
consumption, pollutant emissions, or quality of the electrical
service. The cost C(pg) is calculated through Eqs. (4, 5), while
the emissions E(pg) are calculated as in [19]. In the case of
renewable sources, environmental pollution is neglected.
The optimal assignment of powers at each generation node
is obtained by solving Eqs. (8, 9). The optimization was
implemented at intervals of 1 hour, using a PSO with 50
particles and w = c1 = c2 = 0.5. In general, a stable solution for f
was achieved in around 50 iterations. Figure 3 shows the results
at 12, 17, and 21 hours. Comparison of the 3 figures at n = 1
only indicates the random initialization of the PSO. Although
not shown, the voltages at all delivery points reached adequate
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values. In all cases, it is observed that the PSO algorithm was
effective for reducing f (Fig. 3d). The optimal assignment of
powers verify: Pg,DG2 > Pg,FC > Pg,DG1. However, the power
ratios are different in the three cases, and therefore the optimum
solution is not obvious. Table 1 summarizes the optimal powers
that must be assigned at each generation node.

VI.

Assume that a node is able to import electricity from the
distribution network. The maxima active and reactive powers to
be imported by such a node are limited to 300 kW and ±300
kVAr, respectively. For simplicity, we also assume that the
function f only considers the generation costs. Call CFC and CDG
(>CFC) the costs of FC and DG generation, respectively; and
Cimp the cost of importing an electric power, Pimp. Then, three
cases were numerically analyzed (see results in Table 3): (A)
Cimp>CDG; (B) CFC≈Cimp<CDG; and (C) Cimp<CFC. In case (A),
the algorithm reproduces identical results to those of the
‘island-mode’. In such case, Pg,DG2 = 8.0 kW corresponds to the
lowest admissible power for a DG, while Pg,FC = 300 kW
corresponds to the maximum capacity of the FC. In case (B), a
large Pimp is preferred due to the large costs involved in the
diesel generation; and Pg,DG1 suffers a noticeable reduction. In
Case (C), the imported power practically reaches the maximum
of 300 kW, which suggests the convenience of a greater energy
importation. In this case, the contributions from the 2 diesel
generators are small, and the FC reduced its contribution to
almost a 50%. All these simulations clearly suggest that the
second DG could be discarded. In such a case, a new solution
should be sought.

Figure 3. Estimated active powers by the PSO algorithm at different
iterations (n): a) 12 h., b) 17 h., c) 21 h. d) Evolution of the objective function f
(k1=0.7, k2=0.2, k3=0.1) with increasing values of n.

Table 2: Comparison of optimal power assignments at 12 h. for the base day
and for an alternative load with disturbances of  2.5% in the loads.

Table 1: Optimal power assignments at the generation nodes (percentages per
generation source are indicated between parentheses).

12 h.

17 h.

21 h.

Pg,DG1 (kW)

26.3 (5.5%)

32.0 (5.1%)

8.4 (2.2%)

Pg,DG2 (kW)

245.7 (51.5%)

337.6 (53.5%)

197.7 (50.7%)

Pg,FC (kW)

205.2 (43.0%)

261.1 (41.4%)

183.7 (47.1%)

CONNECTION TO THE EXTERNAL GRID

Base day

Alternative load

Pg,DG1(kW)

26.3 (5.5%)

36.9 (7.8%)

Pg,DG2(kW)

245.7 (51.5%)

169.3 (35.7%)

Pg,FC(kW)

205.2 (43.0%)

267.5 (56.5%)

Table 3: Optimal power assignments at 12 h. for island mode, and comparison
with three different non-island modes (A, B, C).

As a consequence of the ill-conditioning of matrix Y in Eq.
(1), the solution of the optimization problem of Eq. (7) is highly
sensitive to small changes in the load profiles. For instance,
Table 2 compares the active powers injected by DG 1, DG 2,
and FC, at 12 hours of the analyzed base day with the new
optimal solution when the power loads were modified as
follows: (i) the powers of 2 RL were increased by 2.5%, and the
two remaining RL were decreased by 2.5%; and (ii) the powers
of 2 IL were increased by 2.5%, and the third IL was decreased
by 2.5%. Despite the relatively small changes in the power
loads (2.5%), the optimal powers were significantly modified
(see Table 2). Moreover, with this alternative loads, the FC
(instead of DG 2) should have to provide the largest power to
the microgrid.

‘Island mode’

(A)

(B)

(C)

Pg,DG1 (kW)

169.2

169.2

29.0

44.1

Pg,DG2 (kW)

8.0

8.0

12.0

9.2

Pg,FC (kW)

300.0

300.0

297.5

133.8

Pimp (kW)

-

0.0

138.7

290.2

VII. CONCLUSIONS
The proposed optimization algorithm was able to efficiently
establish a load dispatch policy at the available generation
nodes. It is apparent that the results will depend on the selected
functional f and the weighting factors assigned to each of their
terms.
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Although not here shown, the PSO algorithm was evaluated
on the basis of several loading states and initial conditions, and
proved to be efficient to find repetitive solutions. The algorithm
was implemented on a standard personnel computer, and the
observed computation times reached several minutes. This
extent of simulation times is acceptable provided that the
microgrid operate under slow variations in the electric load
distributions among the different nodes.
The size and the configuration of the microgrid directly
affect the matrix Y, and consequently the numerical
conditioning of the optimization problem. As a consequence,
small changes in the distributed loads can induce meaningful
changes in the optimal power assignments. For this reason,
efficiency of the optimization algorithm is important for
thinking in a feasible online implementation.
The connection to the external grid suggests different power
assignments that depend on the comparison between the costs
of the imported energy and the global generation costs in the
microgrid. Again, a faster optimization algorithm would be
useful for keeping an optimal operation of the microgrid under
a possible time-varying tariff policy, as usual in modern electric
markets.
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