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Abstract: The economic operation of electric energy generating systems is one of predominant problems in
energy systems. Due to the need for better reliability, high energy quality, lower losses, lower cost and clean
environment, the application of renewable and sustainable energy sources such as wind energy, solar energy,
fuel cells, etc. in recent years has become more widespread mainly. In this work, one of most general of all
swarm intelligence algorithms inspired by collective intelligent behavior of natural or artificial systems called
the Particle Swarm Optimization (PSO) is applied to solve the Gas emission Optimization (GEO) and the
Optimal Energy Management (OEM) problems of a micro-grid (MG) operating by Renewable and Sustainable
Generation Systems (RSGS). Our main goal is to minimize nonlinear objective function of an electrical micro-
grid taking into account of equality and inequality constraints. The PSO approach was examined and tested on
a standard MG system composed of different types of RSGS such as wind turbines (WT), photovoltaic
systems (PV), fuel cells (FC), micro turbine (MT), diesel generator (DEG) and loads with energy storage
systems (ESS). The results are promising and show the effectiveness and robustness of proposed approach
to solve the GEO and the OEM problems. The results of proposed method have been compared and validated
with those known references published recently.
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1. INTRODUCTION

The introduction section must contain theory
related to the paper topic along with state of
art study and well referenced citations. Make
this section as informative as possible to
justify the work and situate it with respect to
the literature.

The development and exploitation of
renewable energies have experienced strong
growth in recent years [1]. Among these
sources of energy, wind generators occupy a
special place. In fact, on the one hand, wind
energy is expected to develop strongly in
many regions, and on the other hand, this
very fluctuating energy, due to significant
variations in wind speed, can significantly
affect the quality of the voltage and current in
the network where it is injected [2].

Electric power plants that operate on
Esoteric-fuel are among the most prominent
sources of air pollution and contribute to
causing great harm to the environment due to
the burning of raw fuels such as coal, gas,
and oil [5]. The burning of coal contributes a
large proportion of polluting gases to the
Earth's atmosphere, as it produce large
amounts of Carbon oxides CO2, and some

toxic and dangerous gases such as
emissions of Sulfur oxides SOx, and Nitrogen
oxides, NOx. The quantity and nature of the
pollutant depends on the type and quality of
the used fuel [4]-[5].

The emission index, or environmental index,
is considered an important indicator from a
conservation point of view [3]. Several
strategies have been proposed and
discussed to reduce atmospheric emissions.
After implementation of the 1990 amendment
to the United States Clean Air Act and
increasing public awareness of
environmental protection and public utilities,
electricity  production companies were
obligatory to adapt their designs and making
strategies to reduce pollution rate and
emissions of electric power plants [3]-[4].
Over the past two decades, distributed
generation (DG) has experienced steady
growth. The integration of DGs with
renewable energies sources (RES) such as
photovoltaic systems (PV) and small wind
turbines (WTs) depends on geographical and
meteorological conditions. Furthermore, the
natures of their output powers both vary over
time and are difficult to predict. On the other
hand, non-renewable energy DG units, such
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as fuel cells (FC), micro turbines (MT), diesel
generators (DEG), and energy storage
systems can be connected to any point of the
distribution network and have predictable
output power [6-7].

In general, DG units, if well planned and
controlled, can improve power quality, reduce
power losses, improve reliability and reduce
emissions. A good way to realize the
maximum potential of DG is to coordinate
operation and control with storage devices
and controllable loads. This leads to the
concept of micro-grids (MGs) [8-9].
Therefore, a MG can be defined as a local
distribution network comprising various DG
units, controllable loads and energy storage
systems, which can operate either
interconnected or isolated from the main
distribution network.

MGs represent the core of intelligent
distribution networks within modern power
systems. In order to take full advantage of
the operation of MGs, such as improved
profitability and reduced dependence on the
main network, it is important that the
integration of DGs into MGs, and their
relationship with the distribution network main
upstream, helps to optimize the general
operation of the system. To achieve this goal,
it is necessary to use the appropriate control
system architecture [10]-[13].

Energy management is one closely related
concept that aims to optimize usage in a
given system. Energy management refers to
the overall management of energy within a
system, seeking to minimize losses and
maximize energy efficiency. This is a
nonlinear  optimization problem  with
constraints named optimal Energy and
Operation Management (EOM) [14].

In recent years, many population-based
optimization techniqgues have been used to
solve complex constrained optimization
problems such as linear programming
algorithm [15], genetic algorithm (GA) [7],
[16], The non dominated sorting GAIl [17],
particle swarm optimization (PSO) [5], [14],
modified particle swarm optimization (MPSO)
[18], mesh adaptive direct search [19],
gravitational search algorithm (GSA) [20],
firefly algorithm (FFA) [21], modified firefly
algorithm (MFFA) [22], artificial bee colony
(ABC) [23], Bacterial foraging algorithms
(BFA) [24], cuckoo search algorithm (CSA)
[25], harmony search [26], evolution
programming (EP) [27], differential
evaluation (DE) [28], moth Swarm Algorithm
(MSA) [29], wind driven optimization method
(WDO) [30], teaching-learning-studying-

based optimization (TLBO) [31], sine-cosine
algorithm (SCA) [32], modified imperialist
competitive algorithm (MICA) [33],
electromagnetism-like mechanism method
(ELM) [34], ant colony optimization (ACO)
[35], shuffled Frog leaping algorithm (SFLA)
[36], and more recently grey wolf optimizer
(GWO) [4], [37]-[38]. In this work, the PSO
approach is used to solve the GEO and OEM
problems.

2. PROBLEM FORMULATION
Generally, the GEO and OEM problems can
be expressed as follows [39].

Min f (x, u)

1)

Subject to

h(x,u)=0 2
g(x,u)<0 ®3)

Xpin S X< Xand Uy, SUSUL,  (4)
f (x,u)is the objective function. h(x,u)and
g(x,u)are, respectively, the equality and
inequality constraints. x and u are the state
and control variables respectively.

2.1. Objective function
2.1.1 Gas emission optimization

Generally, the GEO problem can be
expressed as follows

min f (x,u)=min 29110‘2(05k + BPy + 7 szk) (5)
k=1

+ gk exp(/ik ng)
Hence, x and u can be expressed as given

x' = {PG1 , ’\/L1

Where, P, Q,,V, and s, are the generating

active power at slack bus, reactive power
generated by all generators, magnitude
voltage of all load buses and apparent power

flow in all branches, respectively. ng.n. and

Q. QoSS | (6)

VLnL

n, are, respectively, the number total of

generators, the number total of load buses
and the number total of branches. The set
control parameters are represented in terms
of the decision vector as follows [39]-[40]:
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Where, p, are the active power generation
excluding the slack generator, v, are the
generators magnitudes voltages T is tap
settings transformers, and Qcom are the

reactive power compensation by shunt
compensators, n _and n_ are the number

total of compensators and the number total of
transformers, respectively.

{ng =P +P,

®
ng — Qcomk = Qx + Qux

Wherep, and Qare the scheduled active

and reactive power generations at bus Kk,
respectively. P, Q, are the active and

reactive power injections at bus k. P, , Q,,

and Qeome are the active and reactive power
loads and the reactive power compensation

at bus k. The inequality constraints g(x,u)
are represented by the system operational
and security limits, listed below [40].

P <Py <Py where k=1,....,n; (9)

Qmn <Qy gngX where k=1,.....,n

o <
V™ <V, V™ where K =1,.....,n, (11)
om" <6, <™ where K=1.....,n, (12)
T™<T, <T™ where k=1,...,n; (13)

o < Qeome < QM wherek =1,.....,N,,, (14)

S <Sg where k= j=1...,n, (15)

Where, T , Q,, Ny Ng,, and S;™ are the

Com
transformers tap settings, the reactive power
compensation, the number total of
transformers, the number total of
compensator and the maximum apparent
power between buses k and j.

2.1.2. Optimal energy management

OEM is nonlinear and non-convex
optimization problems with constraints, the
main objective is to minimize the operating
costs of the MG. In general, the OEM can be
presented as follows [41]:

) f NT I( ¢ t)
1 = t !
min f (x,u) lz:l:cos x',u (16)
NT NG
- muin ZZ[BGi (Péi )+ MP! Pé“d]

t=1 i=1

f (x,u) represent the overall operating cost
of the MG systems over the planning horizon;
T is a scalar objective function. The decision
variables can be the powers of the DG, the
battery, the demand response (DR) and
shedding. In this case, the state variables

vector X' that is bought (sold) from to the
utility is:

t_ pt
X' = Farg

17)

t
The control variables vector Y including the
active power of the generation and storage
units inside the MG can be expressed as
follows:

u' = [Péiv Pézv---PéNG] (18)

Where, NT is the total number of time (hours)
in the considered period, NG is the total

number of DGs including storage units, P,

is the output active power of the i"" DG at time
t, B, (PZ,) is the bid of the i DG based on

its active power at time t, P}, is the active
power that is bought (sold) from (to) the utility

at time t, and MP" is the market price of the
exchange of electricity between the MG and
the utility at time t. Generally, the cost
function (16) is a non-linear function because
the offers of DG are, generally, a piecewise

linear or quadratic function of Pg, [42].
Ut =[Pé P&y Péve ] (19)

2.2. Constraints

1 Power balance constraints (PBC)

For each time interval t, the total power
output of DGs, energy storage devices and
utility must cover the total demanded load in
the MG. As a result of MG with power loss is
neglected, the power balance constraint can
be represented as follows:

NG ND

D Pé +Peig =D Pl (20)
i=1 D=1

PLD is the quantity of the Tenth loads level
and ND is the total number of loads levels.

2 Power generation capacity constraints

For stable operation, the active power output
of each unit in the MG, including the utility, is
limited by the maximum and minimum limits
as follows:
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P(;i,m'n < P(_;I < P(;lrmx (21)
t t t
I:)Grid,m'n < I:)Grid < I:)Grid,rmx (22)
t t
P(;i,m'n ' IDGrid,m'n ' PGi,rnax and P(;rid,nrax are the

minimum and maximum active powers of the
i" DG, and the utility at time t, respectively.

3 Reserve spinning constraints (RSC)

The RSC is necessary to maintain the
reliability of the system, due to the power
fluctuations of the renewable and the load
fluctuations. To satisfy the RS, the following
inequality constraint must be satisfied [43]:

NG ND
Z PGti,rrax + P(;rid,max = z PLID + Rt (23)
i=1 D=1

R' is the spinning reserve programmed at
time t. In an MG, the spinning reserve
constraint is considered by adding an
additional value to the total power demand,
which should be supplied by the DG units. It
should be noted that the maximum power
(not the operating point) of the energy
sources is considered in the above equation.

4 Energy storage limits (ESL)

Since there are certain limits to the charge
and discharge rate of storage devices during
each time interval, the following equation and
constraints can be expressed [44]:

1
Wess,t = Wess, t-1 T e arge Pch arg eAt - Pdich arg eAt

TMicharg e (24)
W, W, <

ess, min ess,t — " ess, max

charge,t < Pcharg e, max and Pdicharg et < Pdicharge,max

Wi rand W, are the amount of energy

stored in the battery at time t and t-1,

respectively; P, .. (Pyuag.) 1S the charge

(discharge) rate allowed for a defined period
of time AU 774.qe (Muecnarge ) 1S the efficiency

(yield) of the battery during the charging
(discharging) process; W, and W,

ess, min €ss, max
are the lower and upper limits of the amount
of energy stored inside the battery; and

Ponarge.max (Paicharge,mex ) 1S the maximum  rate

of charge (discharge) of the battery during
each interval time At.

5 Calculation of active power from (to) the
grid

To apply the active power budget constraint
given in (20), the active power from (to) the
utility is considered as a dependent variable.
The grid power is calculated using the
following equation:

. N NG
Peria = z PLD - z Psi (25)
D=1 i-1

P!, we check whether or not satisfies the
constraint defined in (22). Therefore, the

variable P, ., is defined as:
P(.Earid,nnx SI P(.‘:rid > P(;rid‘rmx

I:’(;rid,lim: I:)(grid,lim Si Pt’;rid,lim< PC;rid,m'n (26)
P(;rid Si P(;rid‘rrinm < P(;rid,m'n < P(;rid,max

It should be mentioned that the control
variables are self-controlled while the

dependent variable, i.e. P;;, should be added

to the objective function as a quadratic
penalty term. In this term, a penalty factor
multiplied by the square of the difference
between the actual value and the limit value
of the dependent variable is added to the
objective function. The new extended
objective function to be minimized is:

H H < t t t
min F, = min ;COSt (x',ut) 27)

2
+ /1p (PGtrid - Périd,lim)
Where /1p is the penalty factor.

2.3. Bids calculation of distributed generation
The DG bids are considered quadratic, as
shown in (28).

Bsi =& Peiz +b; P +¢ (28)

1 Micro-turbine and Fuel cell
The MT and FC bids in ($/h) can be
calculated as follows [19], [45]:

B, =C,, & 4C, (29)

— ™ fuel inv
G

Where, P; is the electrical output power
(kw) of the DG, 7 is the electrical

efficiency of the DG, C ,, is the price of fuel

(natural gas) to supply the DG ($/kwh), C,
is the hourly amount of reimbursement of the
investment cost of DG in ($/h). C,, is a
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function of the annual investment cost (AC) in
($/kW-year), the annual production (AP) in
(kWh/kW) and the nominal power of the DG
in (KW):

C,,=AC F.0om (30)
AP
AC = M IC (31)
@+iy-1

i is the interest rate, n is the amortization
period in years, and ICis the installation
cost of the DG [46]. The MT electrical
efficiency characteristic can be estimated as
a quadratic function of its output power.
These coefficients can be obtained by fitting
the electrical efficiency curve of the MT
based on the manufacturers’ data. The FC
efficiency is a non-linear function of the
power level and can be expressed as follows
(for a proton exchange membrane fuel cell:
PEM-FC) [47]:

Nec = F164 E/O + \/VO2 - 4(V0VPnom _VPchm )é] (32)

V, is the theoretical or thermodynamic FC

potential (0.9 V), is the potential of the
selected cell at rated power (0.45-0.75 V),

&E=P /P, is the power level, and P,

is the rated FC power. The coefficients of the
guadratic function (28) can be obtained by
curve fitting, constructed according to (29) for
a power range of PG.

2 Wind turbines and Photovoltaic

The bid functions of WT and PV consider the
annual investment cost for depreciation of
equipment (AC) ($/kwW) and the annual
energy production per kW (AP) (KW h/kKW):

BG = Cfuel I:>7G—’_(:inv (33)
G

Where AC is defined by (31), ICis the
installation cost of the DGs, (WT and PV).
DGs based on renewable sources, for
example, WT and PV productions are
determined by the availability of the primary
source, i.e. Wind or Solar irradiation.
According to [48]-[49], the power curve of a
WT can be modeled by means of a function
divided into four different parts:

0 vy,
2 2
V' -V
_a <y<
PWT - Vﬁgm _Vfi F)WT, nom VCI Vs Vnom (34)
nom’ Vnom <v< Vco
V2V,

Where, PByrom: V

respectively, the rated power, rated wind
speed, switch-on wind speed and switch-off

wind speed of the WT; PR, is denote the

om: Ve and V. are,

output power of the WT andV is the wind
speed [49].

The PV output power depends on the solar
irradiation and the ambient temperature of
the site as well as the characteristics of the
module itself. To calculate the PV output

power P, , the following equation can be
used [50]:

|
Poy =Psre ﬁ [1+ 7(Tc - 25)] (35)

Where, Pgcis the maximum power of the
PV module under standard test conditions
(STC) (W); |S is the solar irradiation on the

surface of the PV module (W/m?); is the PV
module temperature coefficient for power in

(°C-1); Tc is the temperature of the PV cell

(module) in (C). The temperature of PV
module can be calculated based on solar
irradiance and ambient temperature based
on the Nominal Operating Cell Temperature
(NOCT) of the module. The NOCT model
equation is [50]-[51]:

|
T, =T, + ﬁ (Troer — 20) (36)

T, and T,y are the ambient temperature
and the NOCT of the module in (°C).

3 Diesel generators (DEG)

Usually, diesel fuel consumption data in (L/h)
at 25%, 50%, 70% and 100% of rated DEG
power (kW) is provided by the manufacturer.
Based on these data, the fuel consumption
characteristic of the DEG can be estimated
as a quadratic function of its active power
output:

FueIDEG =a; PDZEG +bf PDEG +C; (37)

Where, Fuel,..is the fuel consumption in

DEG

L/h); Pyecis the DEG power output in (KW);
DEG
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a,,b;and c, are the coefficients of the fuel

consumption characteristic. As a result, the
DEG bids ($/h) can be calculated as:

=CuFuelyes +Ci, (38)

fuel

C (.o is the price of diesel fuel to supply DEG

in ($/L). C,,, is the hourly payback amount

for the investment cost of the DEG ($/h)
defined by (31).

4 Electric grid

Market energy costs ($/h) can be
represented by a quadratic function as
follows:

2
f, =a+bP, +cP; (39)

Where, f is the electrical power of

electrical network in (kW) and a, b and c are
the cost coefficients. For example, in the
OPF cases, the values of the coefficients
were adopted as a =0, bin ($/kw h) and C
in ($/kW2 h) [41].

2.4. Input random variables

Wind speed and solar irradiation modelling
requires a probability distribution because
they are random (stochastic) phenomena
phenomenon. To determine the wind speed
and solar irradiation, various probability
distributions were used, but the Weibull
distribution compared to other distributions is
the most widespread and recognized in the
specific research in wind and solar energy.

1 Weibull distribution
The probability density function (PDF) of the
wind speed at a certain location is, generally,
described by a Weibull distribution [42], [48],
[50]:

k (P, )" k
o, (r)= e | et “0)
The CDF of Weibull distribution is

Fe. (PWT)::I-_ei(PWT/C)k (41)

The CDF with its inverse is used to calculate
the wind speed is

=C(=In(r))* (42)

Where, r are the random numbers uniformly
distributed over [0, 1]. The constants C and k
are the scale and shape parameters of the
Weibull distribution. Generally, the
parameters C and k are calculated,
approximately, using the Wind speed

average V and standard deviation (SD) o
as follows [41]-[42]

-1.086 P
{k =[ g j and C=—""_ (43)

WTm F(1+]7/k)
Where, I'(X) is the gamma function defined
as:

X) = J.t"’le’tdt for x> 0 (44)

2 Normal distribution
Basically, solar irradiation has a stochastic
nature. The uncertainty of solar irradiation
can be characterized by a normal probability
density function [50].

1 5 2
fo(1.)= g (ls-u) /20 (45)
IS( S) G\/Z

The CDF for the normal distribution is:

Fe(ls )=%{1+ erf {('ST_:)H (46)

The CDF with its inverse was used to
calculate the solar irradiation

= pu++2.cerf *(2r —1) (47)

Where, I is a random variable with uniform
distribution in [0, 1]; x is the mean value of

I, and o isthe SD of I; erf and erf *are
the error and the inverse error functions,
respectively, defined as follows

2 .
< [edt
Jr ! ° (48)

erf *(15)=1-erf(ly)

erf (1) =

f _[ e dt

The morning period, afternoon period, and
hours around the solar noon, can be used for
determined the SD of the hourly average
value of the solar irradiation [41], [50]. At the
end of the simulation test, it was assumed
that the hourly averages of solar irradiation,
Hare equal to their predicted values
(forecasted), and the values of OCare
predetermined  with  (o/x)100=8% at
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morning (from 5-8h) and evening hours (from
17-21h), and 3% around solar noon (9-16h).

3 Probabilistic load modelling

The load can be assumed to be a random
variable (L) following the same PDF every
hour of a given daily load diagram. It is
assumed that the PDF of the active/reactive
power load is under lower than the normal
distribution [50]:

f(L)=——e 2 (49)
o~N2rx

Where, pis the mean value shown as the

fixed load level on the daily load diagram
(DLD); O'is the SD of L. The normal CDF
(49) with its inverse (51) was used to
generate the load value

F(L)= % {1 +erf ((I:;ﬁ:)ﬂ (50)

L= u+~2.0erf *(2r-1) (51)

Where, ris a random variable having a
uniform distribution at [0, 1]; erf and erf
are defined in (48).

3. PARTICLE SWARM OPTIMIZATION
PSO is a new optimization method developed
by Kennedy and Eberhart [52]. This algorithm
is designed on the basis of social behavior
processes associated with a flock of birds;
essentially it is one of evolutionary
computation techniques. It uses a number of
particles that constitute a swarm. Each
particle traverses the search space looking
for the global minimum (or maximum). In a
PSO system, particles fly around in a
multidimensional search space. During flight,
adjustment of position for both particles is
reached according to its own experience, and
neighboring particles experience, taking use
of the best position encountered by itself and
its neighbors. The swarm direction of a
particle is defined by the set of particles
neighboring, the particle and its history
experience [5], [53]. The best previous
position of a particle is recorded and

best -
represented as P . The position of the
best particle among all the particles is

represented as gbeSt. For each particle, the
velocity and position can be calculated using
[5], [54]

M VO]
- _ w.v;” +c rand,.(pbest; — x;”)

J (52)

v _
+c,rand,.(gbest; —x{”)

(i+1) _ ()  \,(i+D) i
xj' _xj' +vj' vV j=12,3,.... ny (53)

Where X; and V; are, respectively, the
current position and particle velocity of at the
jth generation, W is the factor of inertia
weight.C, and C, are the acceleration
constants, Ngis the number of the swarms,

and rand are random numbers between 0
and 1. Generally, w can be expressed by
[14], [39] [53]-[55]:

Where, 1., is the maximum number of
iterations, 1 is the current iterations. Wy

and W, are the high and lower limits of

inertia weight it decreases linearly in each
run from 0.9 to 0.4. k is a factor constriction
derived from the stability analysis of equation
(52) to ensure the system to converge but not
prematurely. Mathematically, k can be
expressed by

2 (55)

_‘2—0—\/02 —4ci

whereC=C, +C,and c>4

k

The particle velocity is limited by a maximum
value V_, .Based on the experiences with the

PSO methods, V, , is often set at 10% to

20% of the dynamic range of the variable on
each dimension [14], [54]-[57].

4. RESULTS AND DISCUSSION

The MG (Fig. 1) is used in this work. The MG
is considered in order to show how to
determine the offers of the different DG units.
The system is a MG composed of five
different DG units (WT connected to bus 4, a
MT is connected to bus 7, a PV connected to
bus 11, a DEG connected to bus 19 and an
FC connected to bus 23) with SSEs and
electrical loads. Table 1 presents the data
was used to calculate the DG bids
coefficients and power limits of DG units. The
24-hour load demand profile and forecast
energy market prices are shown in Table 2. It
is assumed that all DG sources produce
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active power at a single power factor. Based
on the decisions of the MG Central Controller
(MGCC), there is a power exchange link for
one day between the utility and MG.

The PSO method is implemented to find
optimal solutions of the GEO and OEM
problems of the MG in an operating scenario
as follows: It is assumed that the PV and WT
sources act at their maximum power
available during each hour of the day, and
the other DGs, including MT, FC and DEG,
can operate within their power limits while
satisfying the necessary constraints.

All DGs with relevant characteristics generate
electricity in the MG, and the additional
demand or surplus energy inside the grid is
exchanged with the utility from the point of
common coupling PCC. The utility behaves
as an unconstrained unit and exchanges
power with the MG without any limitations.

Fig. 1 One line diagram of test system.

Table 1 Power limits and bid coefficients of DG.

o min mex Cost coefficients
N Type PDG PDG
bus (KW) (Kw) a B c

23 FC 30 300 0.006 1.62 2.204

19 DEG 0 369 0.006 12.41 1177

11 PV 0 250 0 43.57 0
7 MT 90 300 0.002 2.63 811
4 WT 0 600 0 6.5 0
0 Utility 0 300 0 le-8 5e-7

In this scenario, the influence of exchanges
of energy market price with the utilities on the
total operating cost of the MG is examined in
the following 3 cases:

Case 1: Energy market price is low;

Case 2: Energy market price is average;
Case 3: Energy market price reaches its real
value.

It was assumed that the active and reactive
power of the load on each bas varies
according to the daily load diagram shown in
figure 2 compared to the nominal values.
Graphical data’s of wind speed, ambient
temperature, solar irradiance and energy

market price are shown in figures 3-6,
respectively, both figures are scaled for 24 h.
Given the low market price in the 1% case,
especially during periods when the load
levels are low and medium, the utility takes
the lead in supplying the load inside the MG.

In the 2™ case, when the market price is
middle range (higher compared to case 1),
most of the load portion is provided by MT
and FC units. During periods of average load,
corresponding to the average market price
(5.6 $/kwh), excess energy is exported from
the MG to the utility.

Table 2 Forecast load and market prices.

Time | Load Market prices ($/kwWh)
[h] [MW] | Casel | Case2 | Case 3
1 480 14 2.8 3.5
2 480 14 2.8 35
3 600 1.4 2.8 3.5
4 600 14 2.8 3.5
5 720 2.8 5.6 7
6 720 2.8 5.6 7
7 840 2.8 5.6 7
8 840 2.8 5.6 7
9 960 2.8 5.6 7
10 960 2.8 5.6 7
11 | 1080 4.2 11.2 12.6
12 | 1080 4.2 11.2 12.6
13 | 1200 4.2 11.2 12.6
14 | 1200 4.2 11.2 12.6
15 | 1080 4.2 11.2 12.6
16 840 2.8 5.6 7
17 840 2.8 5.6 7
18 960 2.8 5.6 7
19 | 1080 4.2 11.2 12.6
20 | 1080 4.2 11.2 12.6
21 960 2.8 5.6 7
22 840 2.8 5.6 7
23 720 2.8 5.6 7
24 600 1.4 2.8 3.5

When the market price is brought to its real
value in the 3™ case, the MT and FC units
are used with their maximum power in
periods with medium and high loads levels. In
addition, surplus energy is exported from the
MG to the utility in most period of the day.
The simulation results associated with cases
1, 2 and 3 are shown in figures 7-14,
respectively.
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Table 3 Active and reactive power generations.
Optimal values
PSO FFA
P Q P Q
[MW] | [MVA] | [MW] | [MVAr]
WT 230.4 111.6 2304 111.6

MT 300.0 145.3 | 300.0 145.3

PV 158.8 76.9 158.8 76.9
DEG | 1404 68.0 143.2 69.3
FC 300.0 | -200.0 | 300.0 | 225.0
Utility | 385.7 376.1 | 368.8 -22

DGs

Table 4 Control variable of case 1.

Control Methods
variables PSO FFA
PG; (MW) 0.3000 0.3000

PGi19 (MW) 0.1404 0.1432

PG,3 (MW) 0.3000 0.3000

PGi11 (MW) 0.1588 0.1588

PG4 (MW) 0.2304 0.2304

Vo (pu) 1.0499 1.0148

V23 (pu) 0.9800 1.0499

Qcom21 (MVAr) 0.3000 0.2073

Qcom24 (MVAr) 0 0.0644

Ts6 0.9786 0.9627

T1213 0.9667 0.9652

Cost in ($/h) 143.958 142.03
Losses (MW) 6.30 4.82
GEO (ton/h) 0.154 0.155

CPU time (s) 205.184 177.133

5. CONCLUSION

An effective approaches based on PSO
method is successfully applied to solve the
GEO and OEM problems of a MG. Weibull
and normal distributions are used to model
the input variables, namely the PV and WT
output powers, the load demand and the
market price. The proposed PSO has been
tested and studied on a MG comprising
different DG units with an ESS. The
simulation results show the effectiveness of
proposed approach to solve the GEO and
OEM problems in different operational
scenarios. Moreover, the obtained results
using PSO are either better or comparable to
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those obtained by other in the literature. In
terms of the computational effort,
convergence speed and performance of
solutions reveal the superiority of PSO
algorithm.
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