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Probabilistic Optimal Power Flow 1n Large-
Scale Electric Transmission Systems through a
Matheuristic Solution Approach

Wmerson Claro de Oliveira, Jairo Gonzalo Yumbla Romero, Lucas do Carmo Yamaguti,
Juan M. Home-Ortiz, and José Roberto Sanches Mantovani, Member, IEEE

Abstract— This paper proposes a new optimization methodology
to solve the AC optimal power flow (OPF) problem considering
renewable energy sources (RES). The formulation of the OPF
problem comprises the minimization of power generation costs and
gas emissions considering a set of operational and physical
constraints. This minimization is achieved through controlling
power dispatch generators, position changing of the tap
transformers, and controllable reactive shunt compensation. RES
and demand uncertainties are modeled using the (2m+1) point-
estimate method. The mathematical formulation of the OPF
problem is a mixed-integer nonlinear programming multiobjective
model. A matheuristic algorithm is proposed to solve this problem
efficiently, combining a classic nonlinear OPF model and the
Variable Neighborhood Descent (VND) metaheuristic algorithm.
The potential of the proposed algorithm is shown through numerical
experiments carried out using the IEEE 300-bus systems.

Index Terms— Matheuristic, multiobjective optimization,
probabilistic optimal power flow, VND heuristic approach

NOMENCLATURE

Sets and indices

i,j Index for buses

ij Index for transmission lines

s Index for stochastic scenarios

I'p Set of buses

Ton Set of buses with a controllable capacitive reactive power
source (shunt compensator)

I, Set of transmission lines

Is Set of load scenarios

I Set of generation buses (thermal)

Ty Set of generation buses with renewable energy sources
(wind and photovoltaic)

Iy Set of lines with a transformer with automatic tap control

Parameters

a;, b;, ¢;  Cost coefficients for active power generation

Vi, Bi, @;, Emission coefficients for active power generation in

& A thermal generators

bisjh Shunt susceptance of the branch

g™, bf*  Shunt conductance and susceptance
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9ij» b; j Series conductance and susceptance

hg Number of hours in load scenario s

PQij Angle variation of the phase-shifting transformer at line ij

kip, ksn ~ Number of changed positions on taps of the OLTCs and
controllable shunt compensators, respectively

_L.Sh Maximum number of shunt compensator modules

ﬁf}- Maximum number of tap positions of transformers

T'if]-,S Current position of the tap of the OLTC at line ij

nf}hs Current position of the shunt compensator at bus i

Tij Voltage regulation ratio of transformer at line ij

S; i Maximum apparent power flow

v, g Minimum and maximum voltage magnitude limits

Pif)s, QES Active and reactive power demands

pT ﬁT Minimum and maximum active power generation

=t capacities (thermal generation)

P'W/PV» Minimum and maximum active power ti

s oy p generation

X capacities (wind turbine and solar panel generation)
LS
QT ET Minimum and maximum reactive power generation
) i o .
e capacities (thermal generation)
o)A EW Minimum and maximum reactive power generation
Xis Yis

capacities (wind turbine)

p Penalty parameter
05, 51’}' Minimum and maximum allowed difference of voltage

angle between buses ij

Weight parameter for the objective function
Aw Weight steps

Continuous variables

S

Qij s Transformation ratio 1: t of the transformer installed at line
i

pT/W T/W Active and reactive power generation (thermal generator
s "* and wind turbine)

P&V Active power generation (photovoltaic generator)

Pis, Qic,s, Penalization variable for active, capacitive, and inductive

0t power, respectively

Dijs> Qij,s Active and reactive power flow at line ij

Vis Voltage magnitude at bus i

Wi s An auxiliary variable that determines the percentage
capacity of the shunt compensator connected at bus i.
(value between 0 and 1)

Bijs Voltage angle difference between buses ij

Discrete variables

nf’; Number of switches for automatic reactive control of the
shunt compensator
nfj’s Position of transformer taps at line ij

I. INTRODUCTION

he AC optimal power flow (OPF) is a generic denomination
of a classic and fundamental computational tool used to
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analyze the operation and planning of electric power systems.
The formulation of the OPF problem is a mixed-integer
nonlinear programming (MINLP) model that aims to obtain the
adjustments of control variables (integer and continuous) to
determine the optimal operating state of an electric power
system, taking into account a set of physical and operational
constraints of installed devices and transmission network. The
OPF is an NP-hard, multi-modal, and non-convex problem that
is highly difficult to solve because of the large number of
variables, objectives, and constraints in the optimization
process [1]-[3]. Also, in the OPF model, different objectives
can be considered, individual or simultaneous (for example,
dispatch of active and reactive powers, reduction of operating
costs, environmental objectives, etc.). In this way, new
modeling approaches and specialized solution techniques are
required to deal with these problems.

Global awareness concerning environmental preservation
guides studies toward new research fields. The focus is on
developing projects and operational strategies that aim to
reduce the emission of polluting gases from the energy
generation of thermoelectric plants [4]-[8]. In this sense,
planners are challenged to solve the problem of
environmental/economic dispatch (EED) to find an optimal
operating state considering the simultaneous optimization of
generation costs and pollutant gas emissions [9]-[11].
Therefore, this problem can be modeled as a multiobjective
optimization problem with two or more conflicting objectives.

In the literature, several works propose changes in operating
strategies of power systems, aiming to mitigate the
environmental impact with minimum generating costs. In this
regard, multiobjective approaches to minimize the generation
costs and greenhouse gas (GHG) emission mitigation can be
found in [12]-[16]. In [12], a nondominated sorting genetic
algorithm (NSGA) is used to solve the nonlinear and
constrained EED problem. The proposed NSGA preserves the
diversity of the population to avoid problems of premature
convergence to generate a set of nondominated solutions that
are not distributed in the Pareto frontier. This method was tested
using a small-scale test system. In [13], a multiobjective particle
swarm optimization (PSO) is proposed to solve the EED
problem. The authors in [14] propose a multiobjective
differential evolution algorithm to solve the EED problem
formulated as a nonlinear constrained model with three
conflicting objectives: power generation fuel cost, GHG
emission mitigation, and power losses. In reference [15] it is
proposed a nonlinear fractional programming approach that
considers two simultaneous nonlinear programming (NLP)
models to optimize the generating cost and the total GHG
emissions. In [16], the main objectives are the generation costs
and emission mitigation; a multiobjective harmony search
algorithm that uses a non-dominated solution strategy to
propose a Pareto-optimal set of results is used to deal with the
problem. The formulations in [12]-[16] do not consider that
renewable generation sources are installed in the system.

Several meta-heuristic algorithms that minimize the fuel
generating cost and the emission mitigation combined into a
single objective function can be found in the literature [17]-
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[23]. In[17], an artificial bee colony algorithm with local search
is used to solve the EED problem. In [18], a multiobjective
backtracking search algorithm is proposed. In [19], the
conflicting objectives of the EED problem are combined in a
fuzzy framework by suggesting adjusted fuzzy membership
functions; then, a PSO algorithm is used to solve the problem.
In [20], a flower pollination algorithm is used for the problem.
In [21] and [22], the authors propose a hybrid firefly algorithm
and bat algorithm to solve the EED. In [23], the EED problem
is solved via a meta-heuristic algorithm inspired by kernel
tricks. The EED problem can also consider specific
characteristics of the power systems [24], [25]. In [24], a
multiobjective harmony search algorithm is used to solve an
EED problem considering the minimization of the power losses
of the electric network. In [25], a hybrid PSO and gravitational
search algorithm are proposed to solve the EED problem
considering multiple fuels of generation units, prohibitive
operating zones for generating units, valve-point effects, and
power losses. In [17]-[25], the emission reduction is considered
only by optimal power dispatch of thermal power generating
units while the renewable energy sources (RES) (wind and
photovoltaic power generations) are disregarded. Similarly,
these papers do not consider the optimal operation of control
devices such as shunt compensators and automatic tap control
of transformers.

Metaheuristic algorithms are presented in [26]—[28] to solve
the EED considering hydro, thermal, and wind power units. In
[26], a method that combines the modified quantum-behavior
lightning search algorithm and artificial intelligence technique
is used. In [27], a modified PSO algorithm is used to solve the
problem considering an hour-by-hour power dispatch. The
authors in [28] also consider photovoltaic generation, and the
optimization model is solved via a multiobjective hybrid grey
wolf optimizer algorithm. It is worth mentioning that works
[26]-[28] disregarded the optimization of the voltage control
devices.

According to literature, the EED has been approached from
the optimal power dispatch where voltage control devices have
not been adequately considered. Usually, these devices require
integer variables to be included in the EED's mathematical
model, which increases the problem complexity [29].
Therefore, the authors in [29] propose a multiobjective
probabilistic AC-OPF model for medium-term electrical power
systems operation with high RES penetration. An NSGA-II
algorithm is used to solve it, while uncertainties are considered
through the point-estimate method. The optimization model
also considers the voltage control devices with the optimization
of the shunt compensators and the tap position of the
transformers. In relation to [29], our paper proposes a new
technique to solve the problem of OPF formulated as a
stochastic mixed integer nonlinear programming model through
an implicit decomposition scheme called matheuristic. In
reference [31], the solution technique proposed is a matheuristic
approach similar to the proposal in this paper to solve a
deterministic single-objective MINLP model for large-size
systems. However, reference [31] does not include RES or
demand behavior uncertainties.
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This work proposes a new specialized matheuristic
optimization technique to solve the AC-OPF problem
minimizing the generation costs and greenhouse gas emissions.
The proposed approach uses classical optimization to solve the
continuous variables of the problem, while a neighborhood
search heuristic algorithm is used to manage the search space
of the integer variables. The mathematical model considers the
optimal dispatch of active and reactive powers of wind turbines
and non-renewable generators, the active power dispatch of
photovoltaic units, and the adjustment of the voltage control
devices. Furthermore, the proposed approach uses the (2m+1)
point-estimate method to deal with uncertainties on demand and
RES (wind and photovoltaic). The AC-OPF formulation is a
multiobjective MINLP model that, due to the multi-modal and
non-convexity characteristic, is difficult to solve through
classical optimization techniques. According to the presented
state of the art, the contributions of this paper are the follows:
e Reformulate the multiobjective MINLP stochastic model to

solve the environmental/economic AC-OPF problem for
large-scale transmission systems, considering the
uncertainty behavior of the RES (wind and photovoltaic
generation) and loads. The discrete variables of the model
represent the taps position of transformers and shunt
compensators.

e Reformulate based on the proposals of [31] the specialized
hybrid matheuristic approach (MA) based on the variable
neighborhood descend (VND) heuristic to solve the
environmental/economic AC-OPF stochastic model for
large-scale electric power transmission systems.

e A new and efficient set of neighborhood structures are
proposed for the AC-OPF problem. These structures are a
novel view for optimizing power systems that can be
applied to other problems.

The remainder of this paper is organized as follows: Section
I presents the problem  formulation of  the
environmental/economic AC-OPF as an MINLP model.
Section III presents the proposed matheuristic approach; the
principal remarks of the (2m+1) point-estimate method are also
provided. Sections IV and V present the results and discussions
of the simulations performed, respectively. Finally, relevant
conclusions are drawn in Section VI.

II. MATHEMATICAL MODEL

In this section, the AC-OPF problem is modeled as a
deterministic multiobjective MINLP problem in which the
objective functions represent the minimization of the generation
cost and the GHG emissions, subject to the physical and
operational constraints of the electrical power system. Integer
variables determine the operation of the shunt compensators
and on-load tap changer transformers (OLTC). The formulation
includes thermal generation, RES (wind and photovoltaic
generation), and load scenarios. The mathematical model of the
problem is presented in the set of equations (1)-(19).

£A = Z h Z (ai(PL)* + biPE + ¢, (0
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In (1), the objective function f# determines the generation
cost of generating units, and according to the adequate
specification of coefficients a;, b; and ; it is possible to model
thermal, hydraulic, photovoltaic, and wind generators. In (2),
the objective function fZ models the GHG emissions such as
Sulphur oxides SOy and Nitrogen oxides NOy [5]. Constraints
(3) and (4) represent the active and reactive power flow
balances, respectively, while (5)-(8) determine the calculation
of the flow of active and reactive power through the lines.
Constraints (9) and (10) determine the percentage reactive
power injection of the shunt compensators and the OLTC ratio,
respectively. Constraint (11) represents the operational limits of
the voltage magnitude in the system buses. The active and
reactive power generation limits for thermal, wind turbines and
photovoltaic generation are presented in (12)-(15), respectively.
Constraint (16) is incorporated into the model to express the
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. t t .
fif; < n; Sol.\e a NLP model to Round nfj and
obtain continuous values sh )
: <h n;' to the nearest
nfh - nLSh forn;j and n integer value
Fig. 1. Proposed basic neighborhood structures.

thermal limit of transmission lines. Th§ limits of th'e gngle min f = (@)f4 + (1 — w)f? + f*
differences between buses are modeled in (17). The limits of (23)

capacitive/reactive variables and taps of OLTCs are modeled in
(18) and (19), respectively.

A. RESs Models

The available power of PV units and wind turbines, by
scenario, are presented in (20) and (21), respectively.

[1 +8((Ty + (M) L) - 25)])

pi{;v:pPV( o 800

* \1000 (20)

Where P} is the active output power of the PV unit at node
i under normal operational conditions, G is the solar irradiance
in scenario s, § is a power temperature constant, T} is the
ambient temperature, and NOCT is the nominal operating cell
temperature.

0, v, < Vg
ﬁiW 5 Vr
- v+P-W(1— ) vy SV < 1
A @1
W
P; U SV < Uy
0 vs=2v,

Where P}” is the rated active output power of the wind
turbine installed at node i, v, is the wind speed in scenario s,
parameters v, v,., and vy, represent the cut-in wind speed, rated
wind speed, and cut-out wind speed, respectively.

B. Reformulation of the OPF Mathematical Model

Metaheuristics algorithms allow infeasible solutions during
the optimization process and explore the search space even
though a set of infeasible solutions. In the OPF problem, the
infeasibility can be controlled by adding the positive
penalization variables P, ;, Qf,, and QL in the active and reactive
power balance constraints (3) and (4). In order to assess the
quality of the solutions during the optimization process, the
penalization variables are penalized according to the function
fP, presented in (22).

7= 3 () + (@5)° + @)

SEQ

(22)

The AC-OPF multiobjective model (1)—(19) is reformulated
as a single-objective problem through the weighted sum method
plus a penalty function (f*), according to (23). This approach
evaluates several alternatives in terms of the combination of
objectives, f4 and fB, considering the parameter w € [0 — 1].
In this case, w determines the level of importance that the
decision maker attributes to each objective.

III. SOLUTION TECHNIQUE

Establishing a solution technique to find high-quality
solutions for large-scale and complex optimization problems is
challenging. Although it is possible to formulate an explicit
mathematical model, in many cases, modern optimization
solvers may fail to solve such problems. In this way, the MINLP
model (1)—(23) is a non-convex problem that cannot solve
directly using classical optimization techniques for large power
systems. This section presents a matheuristic approach that uses
NLP optimization models and the structure of the VND meta-
heuristic algorithm to solve the multiobjective MINLP model
(1)—(21), determining a set of Pareto solutions with the optimal
value of the integer and continuous variables of the problem
[31]. Besides, the principal remarks of the (2m+1) point-
estimate method are provided.

A. Probabilistic Optimal Power Flow (POPF)

The behavior of the power system is subject to uncertainties;
thus, probabilistic approaches are necessary to determine the
operating state of the systems under uncertainties [32]-[35]. In
this paper, we use the concepts of Hong's point estimate method
(2m+1) [36] to solve the probabilistic OPF (POPF),
incorporating uncertainties in the RESs (wind speed and solar
irradiance) and load. In comparison with the (2m+1) POPF
proposed in [34], where a deterministic power flow is used to
determine the moment functions, in this paper, these
concentrations values are determined by a deterministic AC-
OPF, i.e., by the solution of the optimization model (1)—(21) via
optimization solver. It is worth mentioning that the on-load tap
changer (OLTC) of transformers and shunt compensators are
input parameters of the POPF, so these variables are not
optimized at this point. However, the optimization of these
variables is carryout by the proposed matheuristic algorithm,
presented in the following subsection.

B. Matheuristic Approach

Matheuristics are sturdy optimization techniques that
combine heuristics algorithms and classical mathematical
programming to solve specific large and complex optimization
problems [38]. In general, the matheuristic optimization
techniques take advantage of the exact methods' optimality and
the speed of heuristics. This interoperation recently has shown
high efficiency and scalability in solving problems related to
electric power systems. Moreover, matheuristic techniques
have well managed the high combinatorial complexity linked to
these problems.

In this work, the matheuristic concept was implemented
using a VND heuristic algorithm and an MINLP model (1)-
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(23) to determine the optimal value of variables. The VND is
the most simplified version of the Variable Neighborhood
Search algorithms and is based on repetitive local optimization
through different search spaces. An essential feature of these
algorithms 1is that, during the process, it uses different
neighborhood structures to explore high-quality solutions and
move forward. Generally, a VND algorithm is a deterministic
process that starts from an initial solution x and looks for a
pronounced descent direction within a variable neighborhood.
In summary, the process optimizes several simple and
computationally light models in different search spaces,
obtaining an optimization of the complete MINLP model [31].
Different from [31], this work analyzes the solution method
developed in classic and large-size systems through a
probabilistic approach that deals with integer and discrete
variables and the uncertainties of RES and demand behavior.

The most significant interest of the algorithm is focused on
the integer variables, which increase the complexity of the
problem and, therefore, must be handled in a schematic way.
Due to this, the neighborhood structures proposed in the
following sections manage NLP models derived from MINLP
(1)~ (23) in order to determine a good value for the integer
variables. The several NLP models (neighborhoods) are treated
via an optimization solver to obtain an optimal solution for the
respective neighborhood. The algorithm is repeated if the stop
criterion is not met. When the process stops, it is because it has
not been possible to improve the solution during several
iterations.

1) Initial Solution:

The initial solution of the algorithm is obtained through a
nonlinear AC-OPF deterministic model, which is obtained by
relaxing the integrality of the discrete variables related to the
taps of OLTC (nf; ;) and shunt reactive compensators (n{"). For
all the load scenarios s, only mean values of load, wind speed,
and solar irradiation are considered. The obtained relaxed
model is solved using a nonlinear solver, and the obtained
values for nf; ; and n{" are rounded to the nearest discrete value.
2) Neighborhood Structures:

In the execution of the VND matheuristic algorithm, three
criteria are used to define the neighborhood structures. They all
manage the integer variables related to OLTCs and shunt
compensators and follow the scheme shown in Fig. 1. The
parameter 7i* is updated with the current value of each OLTC
tap position while 75" takes the current state of modules at each
shunt compensator. These parameters are used in the constraints
of simplified NLP models that consider the relaxation of the
integer variables (nfj; ni" € [0,1]). Finally, the scheme
performs a round of nfj and nfh to their nearest integer value.

Neighborhood Structure N1

Structure N; aims to look for a better-quality neighbor,
varying the values of variables nfj,S and nf? provided by the
algorithm illustrated in Fig. 1. This structure solves a modified
and relaxed deterministic AC-OPF model that is obtained
through average values of the uncertain parameters. The
modified model adds the constraints (24) and (25) to the
complete (1)-(19) model, where (24) allows the modification of
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the current position of each OLTC's taps in tk;, steps. On the
other hand, constraint (25) allows the modification in the
current active modules of each shunt compensator in tkg,
steps.

iifj s = ey S fj s S i+ ke v(ij € I, s € Iy) (24)
A — kg < MR < A + kg V(i € Iy, s €Iy) (25)

The solution of the modified model provides a continuous
solution for nfj_s and nf’sl then, this solution is rounded to the
nearest discrete value. For example, if k¢, = kg, = 1, this
neighborhood structure allows an increase or decrease in the
current values of all nijs and nf'sl in one position from their
current states ﬁfj_s and nf'sl, respectively. This condition does
not require modification of all taps of OLTCs or modules state
of shunt compensators, so it is possible to maintain the current
position of some or all these variables to preserve the optimality
of the solution.

Initial solution
Determine

!

(2m-+1) Probabilistic OPF
Compute f (1))
y < {f(¥). v}
k<1

: |
v
Neighborhood search
From 1p,use the neighborhood
structure to determine 1)’

v

(2m+1) Probabilistic OPF
Compute f(p")

v < @), ¥}
P’
k<1

Pr<Pruy
w < w+ Aw

w <1

¢N0

Fig. 2. Proposed MA for the multi-objective POPF
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TABLEI
WIND AND PHOTOVOLTAIC GENERATIONS PROBABILISTIC PARAMETERS
Scenario Time Load Wmd‘ Photovol'talc
(%) Generation Generatzlon
©) (h) (m/s) (W/m?)
¢ By Os  Hw Ow Hpy Opy
1 2000 50 10 7.72 445 0.00 0.00
2 5760 80 11 8.09 424 650 300
3 1000 100 12 8.48 3.61 0.00 0.00
TABLE IT
TYPES OF GENERATION UNITS INSTALLED IN THE SYSTEM FOR CASE 2
Capacity
Type installed Bus
(%)
20 76 84 92 98 124 141
147 149 171 190 198 220 221
Thermal 46.38 222 227 236 239 241 243 7003
7011 7012 7039 7057 7061 7062 7130
7139 7166 9051 9053 - - -
8 10 63 108 119 125 138
143 152 153 156 170 176 177
Hydroelectric  44.92 185 186 187 191 213 230 233
238 7001 7002 7017 7023 7024 7049
7055 7071 9002 - - - -
Wind 530 91 146 242 7044 - - -
Photovoltaic ~ 2.90 9054 9055 - - - - -

Neighborhood Structure N2
This neighborhood structure adds the constraints (26)-(29) to
the complete relaxed deterministic AC-OPF model and relaxes

nUS andn 5 asin Nj.
<nf < +k 26
1]5 1]5 1]5 tp V(l’jErT,SEI—;) ( )
fifh < it <t 4 kg, V(i € Iyy,s € Iy) 27)
Zﬁlgj,s < Z Njjs = ktp + Z Nijs (28)
Qr Qr
Z fish < Z ng < kyp + Z igh (29)

Qpc Qpc Qpc

These constraints only allow an increase in the current
position of a single OLTC and a single controllable shunt
compensator In this way, the value of a single n}; ;s and asingle
ni,S can be increased in kg, and kg, steps, respectively. This
structure does not obligate changes in the variables, so it is
possible to preserve the current position in order to maintain the
optimality.

Neighborhood Structure N3

This neighborhood structure follows the same conception of
neighborhood structure N2 In this regard, the integrality
constraints of variables nUS and nf'sl are relaxed to add

constraints (30)—~(33) to the AC-OPF model.

—ky < ”SSn”S V(km € I;,s € I) 30)

z]s

it — ke < 0 < A5 V(k € Iyy,s € I3) 31)
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st t st
ke — Z e < Z Njs < Z Nijs

Qr Qr Qr

X DXDY

Qpc Qpc Qpc

(32)

(33)

This structure allows decreasing the current position of the
tap of a single OLTC and the current modules state of a single
shunt compensator. So, the value of nf; ;s and nf’} will decrease
in k¢, and kg, steps just for one OLTC and one shunt
compensator, respectively. Like previous structures, N5 does
not force the decrease in a variable when it is not necessary. In
the simulated tests, the values for parameters were k., = 2 and
ke, = 1.

It is important mentioning that the above structures can be
implemented in any sequence to obtain a good performance. In
this regard, based on empirical evidence, we choose the
sequence N;, N,, and N3 to solve the problem. Thus, at the
beginning of the iterative process, the structure N; diversifies
the exploration process allowing two directions (increasing or
decreasing tap steps). When there is no possibility of improving
the objective function, the following structure N, is applied for
search in one direction (increasing tap steps). Note that
parameters k;, and kg, should change since there are no
improving moves for those values (reason to change the first
structure). In the same way, the iterative process continues until
it is not possible to improve the current solution of the
algorithm, then the structure N; is applied. For this last
structure, the direction of exploration changes, and the value for
the parameters may vary or not. In conclusion, changing the
search structures need a variation in parameters k¢, and kgp,.

3) Proposed Algorithm:

The methodology to solve the proposed AC-OPF model
consists of finding an initial solution considering the AC-OPF
model, followed by the initialization of the VND matheuristic
algorithm.

The flowchart in Fig. 2 illustrates the structure of the VND
matheuristic algorithm to solve the probabilistic AC-OPF
problem. Where Pr represents the Pareto set of solutions, Y
represents the current value of all discrete variables nf;1 and
ﬁijs (taps of OLTCs and shunt (compensators) of the problem,
f () represents the value of objective function considering
as input parameter, y represents a candidate solution for the
problem (objective function and integer variables values), '
represents the neighbor solution of Y (integer values) and K is
the number of neighborhood structures considered.

For each weight value, the execution of the VND algorithm
ends when the search process carried out over the set of
neighborhood structures is explored, and no improvement in the
current solution is obtained. Finally, the process gives the
Pareto frontier of the problem.

IV. TEST AND RESULTS

The proposed methodology is tested and analyzed by
adopting the IEEE 300-bus system "pglib_opf case300 ieee
system" v.19.5 [38]. The MINLP model and the VND algorithm
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TABLE III
RESULTS FOR THE POPF FOR CASES 1 AND 2 — LOAD SCENARIO 1
Case 1 Case 2
w Generation cost ﬁ::lgg(zm CPU Time Relaxed OPF Fixed OPF Generation cost ﬁ(r:lgs(l;zm CPU Time Relaxed OPF Fixed OPF
[MUSS| eal M Q) Q) [MUSS] cal M () Q)
1.0 362.39 165.46 29.50 16 51 351.83 32.18 69.69 21 330
0.9 337.84 169.05 88.98 21 66 352.40 29.57 18.78 5 90
0.8 381.48 124.51 5.20 6 21 366.75 14.60 32.88 8 135
0.7 456.40 77.40 4.61 5 18 378.02 7.49 16.95 5 90
0.6 505.28 58.97 6.50 5 18 384.64 4.97 27.50 5 90
0.5 551.25 47.60 12.98 6 21 388.94 3.89 77.16 10 165
0.4 588.95 41.40 30.09 9 30 392.35 3.32 21.08 5 90
0.3 628.16 37.15 30.67 8 27 395.42 2.99 100.70 17 270
0.2 665.40 34.64 20.17 5 18 398.86 2.76 63.88 14 225
0.1 712.03 33.09 20.02 5 18 405.58 2.54 49.19 16 255
0.0 789.13 32.23 26.42 5 18 469.81 2.28 21.48 12 195
Total 275.16 91 306 Total 499.28 118 1935
TABLE IV
RESULTS FOR THE POPF FOR CASES 1 AND 2 — LOAD SCENARIO 2
Case 1 Case 2
® Generation cost ﬁ(r:lgi;(zm CPU Time Relaxed OPF Fixed OPF Generation cost ﬁ(r:lgi;(zm CPU Time Relaxed OPF Fixed OPF
[MUSS| eal M Q) () [MUSS| eal M () Q)
1.0 2204.50 610.84 6.81 6 21 1996.92 140.73 29.70 9 150
0.9 2213.66 577.85 9.53 12 39 2001.30 120.91 49.42 18 285
0.8 2252.16 536.61 4.80 6 21 2035.63 86.52 33.36 12 195
0.7 2525.05 371.52 21.16 28 87 2080.62 58.27 45.30 17 270
0.6 2728.42 293.70 7.59 9 30 211491 45.29 53.48 19 300
0.5 2885.13 255.01 11.48 14 45 2148.96 36.79 66.09 23 360
0.4 3037.37 229.80 8.47 10 33 2180.84 31.48 69.69 25 390
0.3 3156.17 216.82 7.28 8 27 2215.35 27.72 26.44 9 150
0.2 3267.79 209.53 8.63 10 33 2259.53 24.77 15.44 5 90
0.1 3492.46 201.68 4.52 5 18 2317.70 22.76 15.53 5 90
0.0 3641.55 199.86 4.58 5 18 2441.70 21.39 65.73 23 360
Total 94.84 113 372 Total 470.19 165 2640
TABLE V
RESULTS FOR THE POPF FOR CASES 1 AND 2 — LOAD SCENARIO 3
Case 1 Case 2
® Generation cost ﬁ(l:lgsouzn CPU Time Relaxed OPF Fixed OPF Generation cost ﬁ(r;lgg(z)n CPU Time Relaxed OPF Fixed OPF
[MUSS] eq) Q) Q) [MUSS] eql M @ @
1.0 571.95 114.97 47.31 31 96 508.06 31.58 40.27 11 180
0.9 571.39 111.07 24.88 11 36 508.19 29.50 57.03 14 225
0.8 575.48 105.90 42.31 17 54 509.54 27.91 51.83 11 180
0.7 602.52 90.37 16.88 7 24 517.68 23.12 26.27 5 90
0.6 632.68 78.91 20.03 11 36 526.70 19.74 21.19 5 90
0.5 657.56 72.76 14.30 8 27 535.18 17.62 57.22 15 240
0.4 677.37 69.46 11.77 7 24 543.05 16.33 77.31 18 285
0.3 691.01 67.97 8.42 5 18 551.28 15.45 33.58 8 135
0.2 713.57 66.53 8.02 5 18 559.61 14.89 23.73 5 90
0.1 745.19 65.37 8.58 5 18 576.19 14.25 64.66 10 165
0.0 761.28 65.19 8.86 5 18 591.20 14.08 27.42 5 90
Total 211.34 112 369 Total 480.50 107 1770

were implemented in AMPL [39] and solved with the solver
KNITRO with default settings, using a computer with an Intel
i7-6700 @ 3.4GHz processor and 8GB of RAM.

The carried-out tests aim to show the performance of the
proposed MA considering the simultaneous optimization of the
two objective functions. In the tests, two different cases are
considered to validate the proposed methodology:

e Case 1: The electrical system has thermal generators only.

e Case 2: The system has polluting thermal, hydraulic, wind,
and photovoltaic generation sources.

In both cases, a planning horizon of one year with three load
scenarios is considered. Table I presents the probabilistic load
parameters (mean (u) and standard deviation (o)) and operation
period time during a year in each scenario [41]. In all tests, the
AC-OPF problem was solved considering weight steps Aw =
0.1, then, the weights w = [0, 0.1, 0.2, ... ,1] for the convex
combination of two objective functions generating eleven non-
dominated solutions

Table I presents the means and standard deviations of the
probability density functions adopted for RES (wind and
photovoltaic). For the wind speed curve, the skewness and
kurtosis values are 0.638 and 3.364, respectively, in all the load
scenarios.
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TABLE VII
ACTIVE AND REACTIVE POWER INJECTED BY THERMAL GENERATORS FOR
CASE 1 AND 2 - LOAD SCENARIO 1

Case 1 Case 2

o PT Total  PRES Shunt Total PT Total PRES Total Shunt
Total

[MW] [MW] [MVAr] [MW] [MW] [MVATr]
1.0 12162.60  0.00 -426.04 263748 9419.54 -426.69
0.9 1215244  0.00 -474.90 232630 9731.7 -426.69
0.8 12051.92  0.00 -474.90 1689.06 10375.24  -437.94
0.7 12000.72  0.00 -474.90 1226.28 10853.64 19.60
0.6 1197442  0.00 -474.90 987.99 11103.78  -437.94
0.5 11951.64  0.00 -474.90 837.78 11263.85  -499.57
0.4 11941.07  0.00 -474.90 759.87 11345.76  -499.57
0.3 11935.34  0.00 -474.90 72744 11382.19  -464.57
0.2 1193441  0.00 -474.90 756.05 11353.2 -438.90
0.1 11939.74  0.00 -474.90 918.42 11180.05 -419.48
0.0 11950.29  0.00 -474.90 1428.67 10651.68  -419.48

TABLE VIII

ACTIVE AND REACTIVE POWER INJECTED BY THERMAL GENERATORS FOR
CASE 1 AND 2 - LOAD SCENARIO 2

Case 1 Case 2

o PT Total  PRES Shunt Total PT Total PRES Total Shunt
Total

[MW] [MW] [MVAr] [MW] [MW] [MVATr]
1.0 19329.90  0.00 -254.83 5235.65 1407372  -254.09
0.9 19280.96  0.00 -243 .44 4881.96 1443535  -204.91
0.8 19219.81  0.00 -243 .44 457527 14747.68  -253.81
0.7 19153.35  0.00 -500.66 4366.88 14955.04 31.31
0.6 1914581  0.00 -500.66 432252 1498452  -228.06
0.5 19133.00  0.00 -527.16 4311.60 14995.4 -263.06
04 19124.81  0.00 -527.16 4301.61 15004.45  -133.68
0.3 1912556  0.00 -527.16 430041 1500422  -125.06
0.2 19130.82  0.00 -527.16 4320.18 1499535  -125.06
0.1 19142.10  0.00 -527.16 4361.73 14972.06  -125.06
0.0 19154.58  0.00 -527.16 452640 1484253  -221.93

TABLE IX

ACTIVE AND REACTIVE POWER INJECTED BY THERMAL GENERATORS FOR
CASE 1 AND 2 - LOAD SCENARIO 3

Case 1 Case 2

o PT Total  PRES Shunt Total PT Total PRES Total Shunt
Total

[MW] [MW]  [MVAr] [MW] [MW] [MVATr]
1.0 24050.96  0.00 11522 9151.69 14901.49 59.34
0.9 24029.43  0.00 62.22 9119.40 14942.53  -68.66
0.8 23998.85  0.00 17.41 9103.72 14946.16  -94.41
0.7 23972.83  0.00 17.41 9076.66 14954.26 39.65
0.6 23964.58  0.00 17.41 9069.23 1495529  -94.41
0.5 23956.11  0.00 17.41 9053.72 14954.05  -122.66
0.4 23948.85  0.00 17.41 9054.56 14947.94  -122.66
0.3 2394525  0.00 17.41 9055.04 1494231  -122.66
0.2 23941.11  0.00 17.41 9063.34 14937.65  -122.66
0.1 2394540  0.00 17.41 9066.44 14938.49  -123.25
0.0 23946.63  0.00 17.41 9083.26 1493429  -123.25

The pglib_opf case300 ieee system is tested to assess the
scalability of the proposed methodology in a large-scale system.
This system consists of 300 buses, 69 generating units, 411
transmission lines, 129 transformers with the variable tap, and
14 bars with variable reactive banks. The values of voltage
magnitudes of the buses must be in the range 0f 0.94 to 1.06 per
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unit. For Case 2, the generation technologies installed in the
system buses are presented in Table I1.

In this section, Table III, Table IV, and Table V show the
generation costs and the volume of GHG emissions, the
processing time, and the number of relaxed and fixed AC-OPF
calculations for all load scenarios in both cases, respectively.
Fig. 3, Fig. 4, and Fig. 5 show the graphs of the Pareto solution
curves for each considered load scenario in Case 1 and Case 2
that were obtained by the proposed methodology. Finally,
Tables VI-VIII present the total active power generated by
thermal and RES generation units, and the reactive power
injected by shunt compensators in the system.

V. DISCUSSION

Before starting to analyze the solutions obtained, it is
important to know that all a priori method solutions are optimal
individually. However, all solutions must be analyzed to find
the most appropriate solution from the point of view of the
decision maker, which should adopt it as a final solution [40].
The uncertainties used in this research are based on others
studies and assess the effectiveness of the approach developed
[29], [41].

TABLE VI
PERCENTAGE REDUCTION BETWEEN CASES | AND 2

Load scenario 1 Load scenario 2 Load scenario 3
® Generation Emission Generation Emission Generation Emission
cost (%) (%) cost (%) (%) cost (%) (%)

1.0 291 80.55 9.42 76.96 11.17 72.53
0.9%-4.31 82.51 9.59 79.08 11.06 73.44
0.8 3.86 88.27 9.61 83.88 11.46 73.65
0.7 17.17 90.32 17.60 84.32 14.08 74.42
0.6 23.88 91.58 22.49 84.58 16.75 74.98
0.5 29.45 91.83 25.52 85.57 18.61 75.78
0.4 33.38 91.97 28.20 86.30 19.83 76.48
0.3 37.05 91.95 29.81 87.21 20.22 77.28
0.2 40.06 92.03 30.85 88.18 21.58 77.61
0.1 43.04 92.33 33.64 88.71 22.68 78.20
0.0 40.47 92.91 32.95 89.30 22.34 78.40

Comparing the results presented in Fig. 3, Fig. 4, and Fig. 5 for
all the 11 analyzed weights, considering a power system with
polluting thermal, hydraulic, wind, and photovoltaic generation
(Case 2), better results were obtained, both to minimize the
generation cost as to reduce the GHG emissions. For generation
costs, considering the case that there are RESs, the
methodology provides solutions in which costs are reduced by
an average of 21.40%, due to lower operating cost of the RES,
in addition to simultaneously and substantially reducing GHG
emissions on average 83.43 Table IX shows the percentages of
reduction in the values of objectives functions of Case 2 in
relation to Case 1. The highlighted value in Table VI is the
single weighting of the objective functions where the solution
of Case 1 presents a better result than Case 2; this result is
associated with the weight w = 0.9 of load scenario 1. Due to
non-convexity of the OPF model, this solution is dominated by
the solutions obtained with the other weights; this aspect is
illustrated in Fig. 3.
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Tables VII — VIII, show the power injection differences
between case 1 and case 2. Results present a significant
reduction in the active power injection of thermal units from
case | to case 2, it is expected due to the high penetration of
RES in the system. The mean reduction of total thermal
generation is 89.2%, 76.5%, and 62.1% for load scenarios 1, 2,
and 3, respectively.

In case 2 and low-load scenario 1, the mean active power
generated by thermal units varies from 6% to 21.9% of the total
active power of the system. On the other hand, for load
scenarios 2 and 3, the RES generation reach higher levels near
to the generation limits presenting similar behaviors. In this
regard, the mean active power generated by thermal units
represent 23.3% and 37.8% of the total active power generation
of the system, for load scenarios 2 and 3, respectively.

Obtained solutions are all feasible and voltage profile and
shun injection and tap positions present different behavior for
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all cases. Simulations reveal that, the mean voltage profile of
the system escalates near the upper voltage limit while the
weight parameter increases giving priority to objective function
f4 that minimizes the fuel generation costs. An example of this
behavior is presented in Fig. 6 — Fig. 9. Complete results are
available in [42], including voltage profiles, tap positions of the
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transformer, and shunt compensators for each study case and
load scenario.

Related to the number of AC-OPF that were calculated and
the processing time, in Case 2, an average of 1.23 and 6.06
times more AC-OPF were executed with the relaxed model and
the proposed model, respectively, considering the discrete
variables the taps of the transformers and the fixed shunt
compensator, and the processing time was on average 2.69
times longer than for Case 1.

VI. CONCLUSION

The obtained results allow us to conclude that the proposed
algorithm is efficient and presents a good performance in terms
of computational time and robustness for the solution of the
AC-OPF problem with discrete, stochastic, and multiobjective
characteristics; it can provide a set of Pareto solutions. The
proposed matheuristic approach provides good quality
solutions with low computational time; it is promising for
solving planning and operating problems in large-scale electric
power systems. Results show that the multiobjective approach
is the most adequate to address the AC-OPF problem because
the emissions of greenhouse gases can be controlled through the
redesign of the generating parks, directly interfering with the
system's generation costs. Renewable energy sources are
adequate to face climate challenges, however, the availability
of their primary energy sources is uncertain, so they must be
supported by dispatchable generation.

Future works could adopt the presence of energy storage
devices and explore different matheuristic approaches.
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