::STU

SLOVAK UNIVERSITY OF
TECHNOLOGY IN BRATISLAVA

Journal of Electrical Engineering, Vol. 77, No. 5, 2026, pp. 585-598
https://reference-global.com/journal/JEE

A neural net fitting-based approach for optimal power flow

Jordan Radosavljevi¢!, Aleksandra Gruji¢?, Milo§ Milovanovi¢!

Optimal power flow (OPF) is one of the most important management actions to achieve economical, safe and reliable operation
of power systems. Require both high accuracy and speed of calculation so that appropriate corrective control actions can be
implemented in real time. Classical methods such as interior-point method, sequential programming methods, as well as
metaheuristic optimization methods used today require a lot of time to achieve satisfactory accuracy of OPF results. With the
development of artificial intelligence and neural networks, it is possible to drastically reduce the OPF calculation time. This
paper proposes the application of Neural Net Fitting (NNF) based approach for OPF. The basic idea of this work is to use
a combination of metaheuristic optimization methods (MOA) and the NNF technique to realize a kind of hybrid method-
network, which would solve the OPF problem in a very efficient and fast way, in a way suitable for real-time application. The
proposed approach is tested on the standard IEEE 30-bus test system. The simulation results show that the application of the
proposed NNF technique yields the same accuracy OPF results as the application of the classical metaheuristic methods
PSOGSA or GA with the hybrid fimincon interior-point function in MATLAB®, but with significantly less computation time.
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1 Introduction

Optimal power flow is the most important mana-
gement action that is implemented in real time in order
to achieve the economic and desired mode of operation
of the power system in accordance with the set goal.

The standard AC OPF implies that there is a set of the
so-called control variables, such as the active powers of
the generators, the voltage modules of the generators, the
transmission ratios of the regulating transformers, and
the reactive powers of the VAR compensators, the
values of which can be independently changed within
a certain range and thus directly affect the state of the
system in economic, technical, and environmental
aspects.

In essence, solving the OPF problem is finding such
a combination of control variables that will give the
optimal-desired state of the system for a given level of
power consumption, while satisfying all technical con-
straints.

It is a very complex, nonlinear, dynamic optimiza-
tion problem with a large number of constraints, for the
solution of which different groups of methods and
specialized software are used.

Metaheuristic optimization methods have proven to
be very practical and robust for solving the OPF problem
[1]. Their main advantage is that they can be easily

applied to the most complex OPF problems, able to give
the optimal or near-optimal solution. Unlike classical
methods, they do not require any simplification and
linearization of the OPF mathematical model. They can
take into account various forms of constraints and
objective functions, which do not have to be differen-
tiable. However, their main drawback is the relatively
long calculation time, which for real systems of large
dimensions is a major limiting factor for real-time appli-
cation. Accordingly, with the development of powerful
computers, specialized methods and techniques were
developed to speed up the OPF calculation process as
much as possible, while maintaining the necessary
calculation accuracy.

A bibliometric analysis [2] shows that traditional
deep learning techniques like long short-term memory
(LSTMs) and convolutional neural networks (CNNs) are
widely used in power systems. In recent research
methods like advanced reinforcement learning (RL),
graph neural networks (GNNs), and physics-informed
neural networks (PINNs) are emerging, which have
proven to be very suitable for effectively solving the
OPF problem.

Nelikat and Chachivasilejadis [3] were the first to
propose PINNs for accurate estimation of AC OPF
results. They presented a framework for incorporating
AC OPF equations into neural network training. They
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also proposed an approach based on worst-case guar-
antees for determining and reducing constraint vio-
lations in the OPF problem.

The authors in [4] have developed a deep neural
network (DNN)-based method to accelerate the achieve-
ment global optimal OPF solution. The DNN model
learn the mapping between the power loads and the
buses and branches. Then, the optimization-based bound
tightening (OBBT) is used to solve the AC OPF problem
ensuring satisfying all technical constraints of the OPF
problem.

Lotfi and Pirnia [5] proposed a DNN algorithm to
classify loads, and then to predict optimal results of the
OPF problem for each feasible pair of active and reactive
power of loads. The proposed method enables Estima-
tions of the OPF results with high accuracy and fast run
time.

The DeepOPF approach [6-8] demonstrated that
large speedups are possible on DC-OPF and AC-OPF
variants, with subsequent papers improving feasibility,
handling security constraints, and enabling flexible
topology. Further application of DeepOPF is proposed
in [9]. First, the DNN is trained to predict a set of control
variables, and then the remaining unknown variables are
directly calculated by solving the power flow equations.
Deep RL (DRL) algorithm have been proposed in
[10, 11] for achieving fast AC OPF solutions. The pro-
posed method in [10] adopts imitation learning (IL) and
in [11] a supervised-learning method to generate good
initial weight for the neural networks, whereas both
works use a proximal policy optimization (PPO) algo-
rithm to train and test agents. Both approaches were
tested on the Illinois 200-bus system. Near-optimal OPF
solutions are achieved at least 7 times speedup compared
with the interior-point method in [10], whereas for the
proposed methodology in [8] this speedup is 14 times.

Tran et al [12] proposed a combination of CNNs and
a self-attention mechanism to rearranging the power net-
work parameters in an image-like shape of a multi-
channel image where each channel is a two-dimensional
matrix. Densely connected network — DenseNet integra-
ted with a self-attention mechanism — abbreviated as
DeAtNet is used to map a rule between the information
of the power system and optimal solution of the OPF
problem.

An improved proximal policy optimization (PPO)
algo-rithm for sequential security-constrained OPF
(SCOPF) based on expert knowledge and safety layer is
proposed in [13]. The proposed method allows safe,
stable, and economic operation of the power system.
A study presented in [14] combines particle swarm opti-
mization (PSO) algorithm with artificial neural networks
(ANN) to estimate optimal solution of the OPF problem.
The ANN is used here to determining the optimal

parameters of PSO algorithm for the optimization
problem.

The GNN treats the power system as a graph to learn
node-level decision while respecting the network
structure. One of the first applications of GNN for OPF
is proposed by authors in [15]. The authors used a para-
metrized GNN model, which is local and scalable by
design, and trained to imitate the optimal solution
obtained using an interior point solver. Once trained, the
GNN offers an efficient estimation of AC OPF solutions.

A new solution methodology for the OPF problem by
applying typed GNNs is presented in [16]. This ap-
proach allows the representation of different elements of
power system with different types of nodes, thus adding
accuracy and interpretability to the solutions obtained in
comparison to results of conventional feed-forward
neural networks models.

Sun et al [17] proposed a look-ahead dispatch of
power systems based on linear AC OPF framework with
nonlinear frequency constraints using a PINN. The
PINN approach provides prediction of key frequency-
control parameter values, i.e., virtual inertia and droop
coefficients, accurately.

A novel physics-guided safe policy learning method
is proposed in [18], featuring an analytical evaluation
model to provide both accurate safety and cost-effi-
ciency evaluations in real-time implementation, for sol-
ving dynamic security-constrained OPF (DSCOPF).

The authors in [19] also propose a scalable PINN
model that leverages the inclusion of physical con-
straints into the loss function using a penalty factor and
the utilization of bounds of optimization variables in the
activation functions to enhance the generalization per-
formance of tuned neural networks. The simulation
results show that the proposed approach significantly
improves the success rate and computational speed in
solving the OPF problem, especially when predictions
are used as warm start points.

Another PINN-based model for OPF in power sys-
tems with high penetration of renewable energy sources
(RES) is proposed in [20]. In this work, the network's
physics is represented by AC OPF constraints, using the
Karush-Kuhn-Tucker (KKT) conditions.

Wu et al [21] have introduced a primal-dual ap-
proach to learn optimal constrained deep reinforce-ment
learning (DRL) policies specifically for predictive
control in real-time stochastic dynamic OPF. The control
variables in the dynamic OPF are power generations and
battery outputs while satisfying critical constraints.

The variability nature of RES generation and the
different operating conditions of power system ne-
cessitate frequent neural network updates with new data
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instances. The authors in [22] proposed a semi-super-
vised learning framework aided by data augmentation to
address this need and reduce the time required for data
preparation time. They used ridge regression instead the
traditional solver, facilitating swift prediction of optimal
solutions for the given input load demands.

To address constraint violations and guarantee feasi-
bility, many papers combine a learned NN predictor with
a post-processing optimization or projection step
[23, 24]. This hybrid strategy trades some speed for
more reliable feasibility and smaller optimality gaps, and
is practical for operator deployment.

This paper introduces an NNF-based framework for
solving the OPF problem. The core concept is to inte-
grate MOAs with the NNF methodology to form a
hybrid optimization-learning model capable of delive-
ring OPF solutions with high efficiency and significantly
reduced computation time. The proposed approach is
designed to support real-time or near-real-time opera-
tional requirements. Due to the robustness of MOA for
solving OPF problems, it is possible to train NNF to the
most complex OPF problems with different objective
functions and constraints.

The main contributions of this can be summarized as
follows:

e Specific comparison of MOA to get the best meta-
heuristic method for NNF training.

e Using MOA to train NNF for OPF evaluation.

e Definition of a fast and efficient method based on
MOA-NNF for real-time OPF computation.

e The demonstration that the proposed MOA-NNF
framework can accommodate different decision
variables, objective functions, and operational con-
straints without requiring simplification or lineari-
zation of the original OPF mathematical formu-
lation.

2 OPF problem formulation

The OPF problem can be expressed mathematically
as follows [1]:
optimize F(x,y) (1)

Optimization, i.e., minimization or maximization, of
the objective function F is carried out while satisfying
certain constraints:

gx,y)=0 )
h(x,y) <0 (3)
xeX 4)

In the previous equations, x is a vector of control
variables, whose elements are most often generator
active power outputs Pg (except at the slack bus,

supposed Pg1), generator voltages Vg, transformer tap
settings 7, and shunt Var compensations Qc. Therefore,
the vector x can be expressed as follows:

X = [PGZ-' . PGNG' VGl' o VGNG'Tl" . TNT* QCl" . QCNC]

)

where NG, NT and NC are the number of generators,
regulating transformers and VAR compensators,
respectively.

y denotes the vector of dependent variables in the
OPF problem. The elements of this vector are the slack
bus power Pgy, load bus voltages Vi, generator reactive
power outputs Qg, and transmission line loadings S:

y= [PGSl' VLl"'VLNL' QGl"'QGNG'Sll"'SlNTL] (6)

where NL and NTL are number of load buses and
transmission lines, respectively.

2.1 Equality constraints

The equality constraints (2) are the equations of AC
power flow, which ensure the achievement of the ba-
lance of active and reactive powers in the system.

NB

PGi - PDi - VLZ V](GU Cos GU + BU sin GU) =0
j=1

(N
NB

QGi — QDi — Vlz V](GU sin@ij — BU CoS 911) =0
j=1

®)

where i=1, ..., NB; NB is the number of busses, Pg; is the
active power generation, Q¢ is the reactive power
generation, Pp; is the active load demand, Qp; is the
reactive load demand, 6; is voltage angle between busses
i and j, Gj and By, are the real and imaginary terms of bus
admittance matrix corresponding to ith row and jth
column, respectively.

2.2 Inequality constraints

Each OPF solution must be such that the voltage
magnitude at the load buses and the reactive powers of
generators are within their predefined limits (min-max).
Also, the power flows, or currents, on all branches of the
network must be such that the thermal limitation of the
system elements is not violated. The mentioned
constraints are the so-called functional operating
constraints of the OPF problem (3), and can be expressed
as follows:

ViR < v S VAR, =1, L, NL 9)
Q&™ < Qg < Q™. i=1,..,NG (10)
Su < S, i=1, ..., NTL (11)
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Constraints (9) and (11) are also known as the
security constraints.

The solution of the OPF problem is located in a cer-
tain space of possible solutions. This space of possible
solutions of the OPF problem is defined by the possible
values of the control variables, which are located inside
the predefined limits of these variables. Constraints (4),
therefore, defines the space of possible solutions of the
OPF problem, and can be expressed as follows.

PN < p.. < PMAX =] NG (12)
VN < Ve, < VX =1, ... NG (13)
TN < T, < TM* j=1,...,NT (14)

MR < Qg < QMY i=1,...,NC (15)

2.3 Objective function

The OPF problem can be considered for different
objective functions. The basic objective function for the
OPF problem (1) is to minimize the total operating cost
of generators in the system, Fcost, where the generator
cost characteristic f'is defined as a quadratic function of
the generator output power Pg:

minF(x,y) = minFcost(x,y) =
X X

min Y8 fi(Pe) =min Y% (a; + biPg; + c;PG;) (16)

where a;, b; and c¢; are the cost coefficients of the i-th
generator, and Pg; is the corresponding active power
output.

In practice, for large generators in thermal power
plants, it is necessary to take into account the effect of
sequential opening of steam turbine valves to regulate
the active power output. This effect, known as the valve-
point effect, introduces an additional nonlinearity into
the generator cost function, in the form of a repetitively
rectified sine function superimposed on the basic
quadratic characteristic of the generator, which can be
expressed as follows:

minF(x,y) = minFcostvpe(x,y) =
X X

NG
anE a; + biPGi + CiPGZi +

x
i=1

 desin (ei(Pz - Pey))| (7)

where d;and e; are fuel cost coefficients for valve-point
effects.

It should be emphasized that the control variables
defined by the vector x are self-constrained, because
they determine the space of possible solutions to the OPF
problem. However, for dependent variables represented
by the vector y, i.e., the active power generation at the

slack bus Pgy, load bus voltages Vi, reactive power
generations (g, and branch apparent power flows S, an
additional mechanism needs to ensure that the values of
these variables be within the given constraints. Only
OPF solutions that satisfy all the defined constraints can
be considered valid. One of the common approaches for
that, which was also used here, is the expansion of the
objective function by adding the appropriate quadratic
penalty terms for each dependent variable in vector y
[25, 26]. The new expanded objective function to be
optimized becomes:

.2
Fy(x,y) = F(x,¥) + A, (Pes — PET) " +
o2 .2
v 2 (Ve = VE™) + 20 2i5(Qe — QF) " +
- 02
As NSy — SE™) (18)

where Ap, Ar, Ao and As are the penalty factors, 1™ is the
limit value of the dependent variable y and is given as:

yl%m — ym.ax if y> ym(.zx
yllm — ymln if y < ymm (19)

3 Methodology

In practice, the OPF problem is solved several times
a day in periods ranging from a few minutes to tens of
minutes, with only the level of load usually changing,
while the values of other parameters such as trans-
mission line parameters, transformers, thermal con-
straints, generator constraints, and transmission network
topology, remain unchanged [4]. This implies the
possibility of applying artificial intelligence, namely
NNF-based approach, to estimate the OPF solution.

The basic idea of this work is to use a combination of
metaheuristic optimization methods (MOA) and the
neural net fitting (NNF) technique to realize a kind of
hybrid method-network, which would solve the OPF
problem in a very efficient and fast way, in a way suit-
able for real-time application.

It is based on the fact that from an arbitrary number
of proven MOA:ss, the "best" method for NNF training is
selected based on a statistical evaluation of the obtained
OPF solutions in the test system of interest. Then, by
applying these methods, the OPF is calculated for
a certain relevant number, say 2000 randomly generated
power consumptions in a certain range (min-max),
according to the minimum and maximum power from
the load diagram in a given system. It is assumed that the
load diagrams and power factor are the same in all
consumer nodes of the system.

The obtained MOA OPF results — the optimal values
of the control variables and the corresponding load data
— are now used for training the NNF network for OPF.
This work uses the NNF application in MATLAB®.
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The NNF application solve fitting problem using two-
layer feed-forward networks, as shown in Fig. 1. This
application provides built-in training algorithms that can
be used to train a neural network.
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Fig. 1. Training of NNF for OPF

First, data is imported from the MATLAB® work-
space. After that, this data is divided into training, vali-
dation, and testing sets. Then, the network parameters
are defined, i.e., the percentage of data for training, vali-
dation, and testing, the choice of the algorithm training
method, and then the neural network training process is
started. After the network training process is completed,
the NNF application allows for the evaluation of the
network performance using mean square error analysis
and regression analysis. The results can also be analyzed
using visualization graphs, such as regression analysis or
error histogram. A MATLAB® script file is also gene-
rated to the trained NNF very fast evaluate OPF results
for any input load data.

Levenberg-Marquardt training algorithm was used in
this work. This algorithm is often the fastest training
algorithm, although it does require more memory than
other techniques. For its implementation, the NNF appli-
cation in MATLAB® uses the trainlm function. The
training of the network is done off-line, and the obtained
MOA-NNF network is used for online OPF calculation.

The proposed methodology is briefly described
below, step by step:

1. Defining complete data on the power system (test
system) for the calculation of OPF. This implies all
parameters and variables necessary for the applica-
tion of the mathematical model OPF according to
Eqgns. (1)-(19).

2. OPF calculation using different metaheuristic meth-
ods and statistical evaluation of the obtained results.
Choosing the best method, as illustrated in Fig. 2.
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Fig. 2. Choosing the best MOA for OPF
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3. Generating a large number (e.g., 2000) of random
load power levels in a given range (min-max).

4. Generating data for training the neural network, i.e.,
calculating the OPF for all 2000 load power levels.
The obtained OPF results are the optimal values of
the control variables for all 2000 load levels, as in
Fig. 3.
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Fig. 3. Generating data for training the NNF

5. Training the NNF with the obtained OPF data is
performed using the MATLAB® application Neural
net fitting as follows:

e Splitting the obtained OPF data into training, vali-
dation, and test sets.

e Defining and training the NNF.

e Evaluation of the network performance using
mean squared error and regression analysis.

e Analyzing of the results using visualization plots,
such as regression fit or histogram of errors.

e Generate MATLAB scripts to reproduce OPF
results and customize the training process.

6. Application of the obtained NNF script to solve OPF.
Testing for arbitrarily chosen load levels and compa-
rison of results.

The described steps are illustrated in Fig. 4.
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Fig. 4. Training the NNF for OPF

4 Simulation results

Testing of the proposed methodology was performed
on the standard IEEE 30-bus test system according to the
procedure described in the previous Section 3.

In the literature, this is the standard test system for
OPF results evaluation. It is very useful for a fair compa-
rison of different OPF methods. The single-line diagram
of the IEEE 30-bus test system is shown in Fig. 5. There
are 24 OPF control variables with noted lower and
upperlimits. The complete system data can be found in
[1]. The voltages of all load bus have been constrained
within limits of 0.95 and 1.05 p.u.
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Fig. 5. IEEE 30-bus test system [1]

4.1 Choosing the best MOA for OPF

In this paper, 24 different MOAs were considered, as
proposed in [1], namely artificial bee colony (ABC), ant
colony optimization (ACO), ant lion optimizer (ALO),
biogeography-based optimization (BBO), backtracking
search optimization algorithm (BSA), cuckoo search
(CS), differential evolution (DE), equilibrium optimizer
(EO), firefly algorithm (FFA), gradient-based optimizer
(GBO), grey wolf optimizer (GWO), harmony search
(HS), krill herd algorithm (KH), moth-flame optimi-
zation algorithm (MFO), moth swarm algorithm (MSA),
political optimizer (PO), PSO, gravitational search
algorithm (GSA), hybrid of PSO and GSA (PSOGSA),
Runge Kutta optimizer (RUN), swarm robotics search &
rescue (SRSR), teaching-learning-based optimization
(TLBO), tunicate swarm algorithm (TSA), and wind-
driven optimization (WDO).

A detailed description of these methods can be found
in [1]. The algorithmic parameters of these methods,
when applied to the calculation of OPF, were taken as
proposed by their authors.

The comparison of these methods in solving the OPF
problem is performed on the IEEE 30-bus test system,
with the same objective function, control variables, and
constraints. A load level of 0.7585 p.u. was adopted
randomly within the range of 0.4 to 1.1 p.u.

The statistical indicators obtained over 20 runs for
each of the optimization methods are shown in Tab. 1.
The OPF calculation was performed for the objective
function of minimizing the generator costs. The popu-
lation size of 50 and max iteration number of 200 are the
same for each algorithm.

591

Table 1. OPF results for the load level L=0.7585 (p.u.)

Min | Max | Mean | Std ngl(is)

ABC 565.20|565.91 | 565.42 | 0.17 | 32.01
ACO 567.59|587.72574.71 5.08 | 1597
ALO 565.38 | 567.31 56594 0.61 | 19.27
BBO 568.20 | 581.76 | 572.99 | 3.30 | 15.65
BSA 565.76|567.36 | 566.36 | 0.43 = 15.81
CS 565.43|566.28 | 565.76 | 0.23 | 16.37
DE 565.30| 565.64 | 565.44 1 0.07 | 22.55
EO 565.17|565.69 | 565.35 0.17 | 18.29
FFA 566.97|583.16|571.71 | 4.69 @ 15.71
GBO 565.15|565.40 | 565.22 0.06 | 17.37
GWO | 568.66 597.96 580.76 9.21 | 16.89
HS 565.39|566.67 | 566.00  0.35 6.55
KH 571.86|589.14 | 581.30  5.48 | 16.12
MFO 565.19|573.21566.04 1.76 | 37.69
MSA  565.20|565.97 | 565.46  0.20 | 16.63
PO 565.19|578.61 | 567.36 | 3.06 @ 17.25
PSO 565.37/639.53 | 572.62  17.94 16.23
GSA 565.581568.10 | 566.37 | 0.63 = 16.21
PSOGSA* 565.14 565.54 565.21 0.08 | 17.00
RUN 565.24|565.48 | 565.39 | 0.05 | 29.97
SRSR | 566.75 567.87 567.40 0.30 | 32.39
TLBO | 565.16 565.40 565.22 0.06 | 36.19
TSA 567.08 | 603.59 | 582.78  10.50 15.88
WDO  565.46 566.76 | 565.72| 0.34 = 15.57

By analysing the results in Tab. 1, it can be seen that
several algorithms, such as DE, GBO, PSOGSA, RUN,
and TLBO, provide high-quality and stable solutions to
the OPF problem. The results obtained are consistent
with the considered objective function and all the stated
constraints are met. Taking into account all statistical
indicators, it can be said that the winner in this small
competition in solving the OPF problem is the PSOGSA
method, and as such it will be further used for training
the NNF network for OPF.

4.2 Generating data for training the NNF

First, a large number (in this case 2000) of random
values of the load power level in the range from 0.4 p.u.
to 1.1 p.u. is generated, relative to the nominal load
power in the system nodes. The results of generating
these powers are given in Fig. 6. As mentioned earlier, it
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is assumed that the relative daily power diagrams and
power factors are the same in all nodes, so that in each
node the power is obtained by multiplying the nominal
value of active and reactive power with a randomly
generated relative value in the given range (0.4 p.u.-1.1

p-u.).
To provide data for training the NNT network, for
each of the 2000 generated power of load levels, the OPF

is calculated using the selected PSOGSA method, as
illustrated in Fig. 3.
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Fig. 6. Randomly generated load levels in a defined
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load levels

The OPF results - optimal values of control variables
for 2000 different load levels from Fig. 6 are shown in
Fig. 7. It should be noted that the optimal generator and
VAR compensator powers in Fig. 7 are given in (p.u.)
for a base power of 100 MVA.

4.3 Training the NNF for OPF

Using the obtained data in Figs. 6 and 7, the NNF
network is trained in the MATLAB Neural Net Fitting
application, as shown in Figure 4, using two-layer feed-
forward networks. The training data, in Figs. 6 and 7, are
divided so that 70% is used for training, and 15% each
for validation and testing. The layer size is set to 10.

The Levenberg-Marquardt training algorithm was
used, which updates weight and bias values according to
Levenberg-Marquardt optimization. Levenberg-Mar-
quardt training is often the fastest training algorithm,
although it does require more memory than other tech-
niques. To implement this algorithm, the NNF applica-
tion in MATLAB uses the train/m function.

Performances of training NNF for OPF using the data
given in Figs. 6 and 7, are shown in Figs. 8-12. Figure 8
shows the function fit for output element with marked
training targets, training outputs, validation targets,
validation outputs, test targets, errors and fit. As can be
seen, the target and outputs agree very well, which
implies a high evaluation accuracy of the OPF results
using the trained NNF network. Table 2 shows the
amount of data for training, validation and testing, as
well as the value of the mean squared deviation i.e., the
mean squared difference between outputs and responses,
and R-value which means the correlation between
outputs and responses.
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Fig. 8. Outputs and targets of NNF for OPF

Table 2. Indicators of NNF training for OPF

Observations MSE R
Training 1400 3.77e-04 = 0.999
Validation 300 3.90e-04 | 0.999
Test 300 3.82e-04 | 0.999
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Fig. 9. Linear regression

Figure 9 shows the regression analysis of a neural
network for training, validation, test, and all data. In each
plot, predicted output values closely follow the ideal
Y=T reference line, with correlation coefficients of
R=0.999 for all data indicating excellent agreement
between predicted and target values.
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Fig. 10. Error histogram

Error histogram with 20 bins in Fig. 10 shows the dis-
tribution of prediction errors, defined as targets minus
outputs, for the training, validation, and test datasets.
The histogram is strongly concentrated near zero error,
with the highest frequency occurring around —0.005 to
0.005. Training instances are shown in blue, validation
instances in green, and test instances in red. An orange
vertical line marks zero error.

Best Validation Performance is 0.00041773 at epoch 100
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Figure 11 shows mean squared error versus training
epochs on a logarithmic y-axis. Training, validation, and
test errors drop sharply during the first few epochs and
then level off near 4x10* The best validation per-
formance is 0.00041773 at epoch 100, marked by a green
dotted vertical line and a circled point.
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Fig. 12. Training state

Figure 12 shows training diagnostics over 106
epochs. The top plot shows the gradient decreasing from
about 10~ to below 107, followed by fluctuations near
107 after epoch 80. The middle plot shows p decreasing
to about 107'°, remaining nearly constant, then fluc-
tuating and briefly dropping below 107'° near epoch 98.
The bottom plot shows validation-check failures, mostly
at zero, with occasional failures early in training and
increasing failures after epoch 80, reaching 6 at epoch
106.
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4.4 Verification NNF for OPF

The trained NNF network was evaluated on two
operating conditions: the nominal load L=1 p.u. and a re-
duced load of L=0.5 p.u. The corresponding OPF results
are summarized in Tabs. 3 and 4, respectively. The ob-
jective was to minimize total generation fuel costs,
modeled as quadratic functions of generator output. For
verification, OPF was also solved using the PSOGSA
method and, additionally, with a hybrid GA-fmincon
approach employing the interior-point algorithm, which
served as a reference method to validate the accuracy of
the obtained solutions.

As can be seen, all three methods give practically the
same OPF results for both load levels, but the compu-
tation time for NNF is drastically shorter than for
PSOGSA and GA-fimincon methods. This difference
shows that with the NNF approach, OPF results for
a given load level are obtained practically instanta-
neously, which makes it very suitable for real-time use.

Compared to the initial (base) case without OPF, with
using OPF algorithms for a load level of 1 p.u. signi-
ficant fuel cost savings are achieved with approximately
the same value of 11.25% for the PSOGSA algorithm,
the proposed NNF method and the GA-fnincon method.
Table 3 also gives the corresponding total active power
losses in the application of individual optimization
methods for minimizing fuel costs Fcost. As can be seen,
these values are very close for all three methods, which
indicates in favor of the quality of the NNF method.

Applying OPF for a load level of 0.5 also leads to
a significant reduction in fuel costs of 39.59%, which is
approximately the same for all three methods.

Fig. 13. Voltage profile in IEEE30-bus test system
for load level of 1 (p.u.)

Figure 13 shows the comparative voltage profiles for
the optimal results obtained by applying the PSOGSA
and NNF methods. As can be seen, all voltages are
within the defined limits. The voltages at all load nodes
are within the permissible limits of (0.95, 1.05) p.u. for
both methods. This indicates that the NNF-based solu-
tion produces a feasible and acceptable voltage profile in
the IEEE 30-bus test system, with no violations of the
allowed voltage range. The fact that the NNF prediction
consistently respects these limits further confirms its
suitability for real-time OPF applications and demon-
strates that the NNF has effectively learned the IEEE
30-bus test system’s operational constraints.

The OPF results for the objective function conside-
ring valve-point effect is presented in Tabs. 5 and 6. This
calculation was carried out in order to demonstrate the
effectiveness of the proposed methodology and for
complex objective functions, such as the fuel cost
function with the valve-point effect. In this case the OPF
was performed for the nominal load L=1 p.u., and for
75% of the nominal load, L=0.75 p.u.

Similar to the previous case for the quadratic fuel cost
function in Tabs. 3 and 4, it can be seen that all three
methods give very similar OPF results for both load
levels, but the computation time for NNF is drastically
shorter than for PSOGSA and GA-fmincon methods.

Considering the valve-point effect, using OPF algo-
rithms for a load level of 1 p.u., significant fuel cost
savings are achieved compared to the initial (base) case,
namely 14.17% using the PSOGSA algorithm, the pro-
posed NNF method and using the GA-fimincon method.
For a load level of 0.75, the PSOGSA method achieves
fuel cost savings of 26.75%, NNF approach achives
26.63% savings, and the GA-fmincon 26.75%. As can be
seen, the results are very close here, which also in this
case confirms the quality of the proposed NNF approach
for OPF.

Tables 5 and 6 also give the corresponding total
active power losses for different optimization methods.
As can be seen, these values are very close for all three
methods, which indicates in favor of the quality of the
NNF method.
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Table 3. OPF results for Fcost minimization in the
IEEE 30-bus test system for load level of 1 (p.u.)
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Table 4. OPF results for Fcost minimization in the
IEEE 30-bus test system for load level of 0.5 (p.u.)

Initial PSOGSA = NNF fm?,i'on Initial PSOGSA = NNF fm(i}r/l\c-on
Pai(MW) | 9922 177.16 17698 177.12 Pai(MW) | —46.61 7239 7279 @ 72.56
P (MW) 80 48.67 | 4878 = 48.72 P (MW) 80 24.12 | 23.64 23.85
Pgs(MW) 50 2139 | 21.40  21.38 Pos(MW) 50 1500 1499  15.00
Pgs(MW) 20 2127 | 2136 21.26 Pos(MW) 20 10.00 9.99 | 10.00
Poii(MW) 20 11.94 | 1198 11.94 Poii (MW) 20 10.00 9.99 | 10.00
Pois(MW) 20 1200 | 11.93  12.00 P6i3(MW) 20 1200  11.99  12.00
Vai(p.u.) 1.05 1.08 1.08 1.08 Vei(p.u.) 1.05 1.04 1.06 1.06
Vea(p.u.) 1.04 1.06 1.06 1.06 Ver(p.u.) 1.04 1.03 1.05 1.05
Ves(p.u.) 1.01 1.03 1.03 1.03 Ves(p.u.) 1.01 1.01 1.04 1.04
Vas(p.u.) 1.01 1.04 1.04 1.04 Vos(p.u.) 1.01 1.02 1.04 1.04
Von(pu) = 1.05 1.09 1.08 1.09 Vou(p.u.) 1.05 1.03 1.04 1.03
Vois(pu)  1.05 1.05 1.04 1.04 Veis(p.u.) 1.05 1.05 1.04 1.04
Thi(p.u.) 1.08 1.03 1.04 1.04 Thi(p.u.) 1.08 0.94 1.01 1.05
Tia(p.u.) 1.07 0.94 0.95 0.94 Tio(p.u.) 1.07 1.04 099 091
Tis(p.u.) 1.03 0.97 0.97 0.96 Tis(p.u.) 1.03 0.96 098  0.98
Ts6(p.u.) 1.07 0.97 0.97 0.97 Ts6(p.u.) 1.07 0.96 0.99 = 0.99
Oco(MVAr) 0 0.02 3.36 0.12 Oc0(MVAr) 0 4.99 298 0.02
O.2(MVAr) 0 0.04 2.38 2.97 Q.12(MVAr) 0 3.18 287 493
Qas(MVAr) 0 4.94 4.08 4.46 Qc1s(MVAr) 0 1.43 207 212
Qa7(MVAr) 0 5.00 4.70 4.99 Qc17(MVAr) 0 5.00 324 338
Oua0(MVAr) 0 4.24 4.42 4.24 Q:20(MVAr) 0 5.00 191  2.06
Oai(MVAr) 0 4.99 491 4.99 Q:21(MVAr) 0 5.00 423 499
Oos(MVAr) 0 2.98 3.72 3.24 Q:23(MVAr) 0 1.98 0.88 = 0.82
Oc4(MVAr) 0 5.00 4.96 4.99 Qcs(MVAr) 0 0.04 395 3.85
Oco(MVAr) 0 2.59 2.50 2.53 Oao(MVAr) = 0 1.27 048 097
Feost($/h) | 901.95  800.52  800.52 | 800.52 Feost($/h)  581.51 35130  351.08 351.06
Ploss (MW) | 5.82 9.03 9.02 9.03 Ploss (MW) = 1.69 1.80 1.72 1.71
TOC (s) - 19.74 003 = 34359 TOC (s) - 18.78 0.04 = 34.04
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tion considering the valve-point effect in the IEEE
30-bus test system for load level of 1 (p.u.)

Table 6. OPF results for Fcostvpe-fuel cost minimiza-
tion considering the valve-point effect in the IEEE
30-bus test system for load level of 0.75 (p.u.)

Initial  PSOGSA = NNF fm(?iaAc;n Initial PSOGSA  NNF fm(?iaAc;n

Pai(MW) | 9922 219.81  219.77 219.82 Pai(MW) | 2493 13491  134.12 13491
P (MW) 80 2750 | 27.54  27.60 P (MW) 80 34.64 | 3505 3428
Pos(MW) 50 1586 1589  15.74 Pgs(MW) 50 1622 | 16.66  16.57
Pes(MW) 20 10 9.97  10.01 Pes(MW) 20 10 991  10.00
Pen(MW) 20 10 10.00  10.01 Pen(MW) | 20 10 10.00 = 10.00
Pci3(MW) 20 12 12.00 12.00 Pci3(MW) 20 12 12.00 12.00
Va(pu) | 1.05 1.09 .09  1.09 Va(pu) | 1.05 1.07 1.07 = 1.07
Vor(pu) | 1.04 1.07 1.06 = 1.07 Voa(pu) | 1.04 1.06 1.06 = 1.06
Vos(pu)  1.01 1.03 .03 | 1.03 Vos(pu)  1.01 1.04 1.03 | 1.04
Vos(pu)  1.01 1.03 .03 1.03 Vos(pu)  1.01 1.04 1.04 | 1.04
Von(pu) = 1.05 1.08 1.08 = 1.09 Von(pu) = 1.05 1.05 1.06 = 1.06
Vos(pu) | 1.05 1.04 1.04  1.04 Vos(pu) | 1.05 1.04 1.04 | 1.04
Tu(pu) = 1.08 1.09 .02 1.01 Tu(pu) | 108 1063 = 1.02 099
To(pu) | 1.07 0.90 097 097 To(pu) | 1.07 0.92 099  0.99
Tis(pu) 103 0.95 097 = 0.96 Tis(pu)  1.03 0.97 099 097
T(pu) | 1.07 0.98 098 097 T(puw) | 1.07 0.98 099 098
Oco(MVAr) 0 4.87 281 | 3.3 Oo(MVAr) 0 4.98 259 | 431
O2(MVAr) 0 2.79 237 | 253 O.2(MVAr) 0 0.01 269 415
Oas(MVAr) 0 3.41 371 3.78 Oas(MVAr) 0 4.39 3.08  3.04
O7(MVAr) 0 5 412 433 O7(MVAr) 0 5 357  4.23
Ox(MVAr) 0 4.16 413 3.89 Ox(MVAr) 0 3.21 2.82 | 323
Oa(MVAr) 0 5 460 470 Oa(MVAr) 0 5 3.69 485
02(MVAr) 0 4.94 3.55 347 02(MVAr) 0 1.55 237 | 2.06
0osMVAr) 0 5 479 476 0osMVAr) 0 5 434 | 482
09(MVAr) 0 2.66 238 | 2.60 029(MVAr) 0 1.65 145 171

F c&%pe 960.19  824.15 82422 824.16 F c&%pe 773.99  566.95 | 567.88 566.94
Ploss(MW) 582 1177 1178  11.77 Ploss (MW) = 2.38 5.23 512 5211
TOC (s) - 31.04 | 0.03 3923 TOC (s) - 2954 | 0.06 = 32.79
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5 Conclusion

In this paper an NNF-based approach has been
proposed and applied to fast evaluate the OPF solution
in power system. First, a comparison of different
metaheuristic methods was performed. The best method,
namely PSOGSA, was selected to train the NNF network
to estimate the OPF solution, using a large number of
randomly selected load levels in the system. The
effectiveness and computational efficiency of the pro-
posed NNF-based OPF approach are demonstrated
through case studies conducted on the IEEE 30-bus test
system. Simulation results obtained on the standard
IEEE 30-bus test system show that the application of the
proposed NNF technique yields the same accuracy OPF
results as the application of the classical metaheuristic
methods PSOGSA or GA with the hybrid finincon
interior-point function in MATLAB® whose, but for
a drastically shorter time. For example, for the IEEE
30-bus test system and load level of 1 p.u. the optimal
costs obtained by applying PSOSGA and the proposed
NNF approach are approx. 800.52 $/h. The OPF execu-
tion time using PSOGSA is 19.741 s, while using the
NNF approach the execution time is much shorter,
0.03 s. The voltage limitations are satisfied, i.e., the
voltages at all load nodes are within the permissible
limits of (0.95 p.u., 1.05 p.u.) for both methods.

Proposed NNF-based approach enables a fast and
efficient OPF evaluation suitable for real-time applica-
tion in power systems. The advantage of this approach
compared to training the NNF network using classical
methods is that it is possible to include different types of
variables, objective functions and constraints without
the need for simplification and linearization of the
mathematical model of OPF.
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