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A Novel Methodology for Determining Steady-State
Security Regions Using Artificial Neural Networks

in Near Real-Time Applications
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Abstract—The increasing penetration of variable renewable
energy sources, such as photovoltaic and wind power, poses
significant challenges to the real-time security assessment
of power systems. In this context, the Steady-State Security
Regions framework has emerged as a robust tool for voltage
security assessment, providing valuable insights into the
steady-state operating limits of electrical networks. However,
the computational burden associated with determining these
regions during system operation remains a major obstacle for
current methodologies. This paper presents a novel approach
for efficiently identifying these regions using artificial neural
networks, enabling the fast and accurate delineation of
security boundaries suitable for real-time and near-real-time
applications. The methodology was validated on the IEEE 9-Bus
and New England test systems, achieving accuracy comparable
to conventional techniques while reducing computational time
by up to 96%. The results underscore the potential of the
proposed method as a scalable and effective tool to support
operational decision-making in power systems with high shares
of renewable generation.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9807

Index Terms—Artificial neural networks, power system oper-
ation, security assessment, steady-state security regions.

I. INTRODUCTION

POWER systems have been experiencing a series of
paradigm shifts in recent years, primarily driven by

climate change. The increasing integration of non-dispatchable
generation sources, such as solar and wind power, and the
presence of distributed generation in electrical grids are the
main factors behind these significant operational and planning
challenges.

Additionally, the introduction of energy storage systems and
demand response strategies is expected to drive even more
substantial changes in the coming years. The current electrical
infrastructure may not be prepared to manage the decentralized
and intermittent nature of these resources, which can lead
to issues related to reliability and stability, including voltage
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and frequency fluctuations. Moreover, there are challenges
associated with operation, planning, and network sizing [1].

In this context, various computational methodologies have
been developed to address the increasing complexity of power
system operation. Among these, Dynamic Security Assess-
ment (DSA) and Voltage Security Assessment (VSA) are
widely used to evaluate whether a power system satisfies
established reliability and security criteria. VSA focuses on
assessing system performance under steady-state conditions,
while DSA evaluates the dynamic response of the system
to disturbances such as faults or abrupt load variations [2]–
[7]. Both methodologies involve analyzing a base (reference)
operating point and a predefined set of contingencies. The
results are commonly presented using nomograms, which are
two-dimensional graphical tools that depict security margins
across key variables, thereby supporting operational decision-
making.

The Steady-State Security Region (SSR) is a powerful
VSA tool developed to provide insight into the steady-state
operating conditions of a power system. It is represented by a
three-dimensional surface that visualizes the secure operating
region of the system, considering a division into three gener-
ation groups. This secure region is enclosed by a boundary
that marks the onset of violations of steady-state security
limits. These limits include, for example, voltage constraints
at buses, reactive power limits of generators, and MVA limits
of transmission lines and transformers, among others.

Reference [6] presents the state of the art for assessing
power security in real-time, rather than offline simulations.
The book is primarily geared toward the practical aspects
of the subject, considering transmission systems. Several ap-
proaches to solving the VSA/DSA problem around the world
are presented. On the other hand, references [8], [9] discuss
methodologies for applying Steady-State Security Regions in
distribution systems. Reference [8] presents an effective eval-
uation of the operating conditions of distribution systems with
high penetration of Distributed Energy Resources, focusing
on the intermittence of the new generation resources. The
paper [9] addresses the geometric properties of the Distribution
System Security Region, analyzing its shape and size by
defining geometric indices using Monte Carlo sampling. This
approach can be computationally expensive, particularly for
high-dimensional systems.

The analysis of SSR [2]–[4], [6], [7], associate with VSA
approach, in power systems is crucial for ensuring the security
and reliability of electricity supply. SSR analysis involves
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determining secure operational points, evaluated by criteria,
enabling the identification and mitigation of failure and dis-
turbance risks [4], [10]. However, constructing these regions
requires numerous power flow solutions, leading to significant
computational costs [2], [11].

Initial SSR studies employed linearized power flow to
examine the security region [10], [12], [13]. This approach
resulted in a substantial reduction in computational effort
and offered reasonable accuracy, which varied according to
the system’s characteristics. However, in systems operating at
boundary operating points, this accuracy tends to decrease.
Over the years, methods have been developed to determine the
SSR using the decoupled method for power flow analysis [14],
[15], which is less computationally costly when compared to
the Full Newton-Raphson method. However, the decoupled
method may encounter numerical efficiency issues as it dis-
regards the relationship between active power and voltage at
the system’s buses.

Subsequently, formulations were developed that employ the
non-linear Full Newton power flow model, optimal power flow,
continuation method, or combinations of these approaches
[2], [4], [6], [16]. Reference [17] introduces a new security
limit within the SSR framework, associated with intermittent
generation sources, such as wind farms, to enhance the overall
security assessment.

Methods utilizing optimization models to determine steady-
state security regions have also been developed. In [10], a lin-
ear power flow model and linear programming are employed.
The methodology considers only active power limits, which
simplifies the calculation but overlooks additional constraints
that could influence system security in real-world scenarios.

Methodologies that combine power flow methods and arti-
ficial intelligence, such as Fuzzy logic [18], Particle Swarm
Optimization (PSO) [11], [19], and neural networks [20] have
also been developed. In [21], security limits are determined
using neural networks. Three limits are defined: line thermal
overload, transformer overload, and voltage instability. The
references [22], [23] present a review of the research efforts
and the AI-based techniques proposed thus far for DSA,
contextualizing and discussing the potential use of artificial
intelligence, and interrelating them. The papers also discuss
the research opportunities and future trends of AI techniques
for security studies.

Recent studies have increasingly focused on the accurate
characterization of steady-state security regions in power
systems, especially in light of the operational uncertainties
introduced by renewable energy sources and integrated energy
infrastructures. [24] proposed an efficient method for the accu-
rate identification of critical boundary hyperplanes that define
the practical steady-state security region (PSSR) in distribution
grids. Their approach significantly reduces the complexity of
optimal scheduling problems by identifying only the essential
hyperplanes that constrain the PSSR. This yields a compact
and generalizable representation of the security region, making
the method broadly applicable to a variety of optimization
problems, including deliverable energy flexibility scheduling.

In parallel, [25] addressed the SSR in integrated energy sys-
tems (IES) by explicitly incorporating thermal dynamics and

the coupling effects between power and heating systems. They
introduced the concept of the sequential steady-state security
region (SSSR) to capture the time-varying nature of the SSR
under the influence of combined heat and power (CHP) units
and thermal storage dynamics. To solve the SSSR problem, the
authors developed an equivalence-based hyperplane method
(EHM) that efficiently characterizes the dynamic evolution
of security boundaries across multiple time periods. Their
findings underscore the importance of accounting for dynamic
interactions in ensuring secure and flexible operation of the
power system.

Motivation and Contribution of this Work

In the previously referenced works, techniques such as
linearization, decoupled methods, and even artificial intelli-
gence have been used to reduce the computational effort in
constructing the SSR for power systems. Despite these efforts,
reducing computational time remains a significant challenge,
especially for real-time or near real-time applications [6],
[11]. Based on this, and aiming to improve computational
performance in determining security regions, this paper pro-
poses a new methodology using Artificial Neural Networks
(ANN) to determine SSR efficiently, reducing investments in
the distributed processing environment, focusing primarily on
real-time or near real-time applications [6].

The main idea is to define neural networks dedicated to
each system loading level within an operational planning
environment, enabling their use in real-time or near real-time
in a highly efficient manner. Thus, the main contribution of
this work is the development of a novel generic methodology
based on ANN to determine SSR. The main objective is
to reduce the computational time requirements in the SSR
construction process compared to traditional methodologies
that use power flow. The proposed methodology is tested and
validated through the study of two systems, the first one is
the 9-Bus tutorial system [26], and the second one is the New
England system [27]. The results presented validate and clearly
indicate the effectiveness of the proposed technique.

II. STEADY-STATE SECURITY REGIONS

The Steady-State Security Region represents the region in
which the system can operate without violating steady-state
limits, such as thermal or voltage constraints [2], [4]. This
region is depicted as a three-dimensional graph, enabling a
clear visualization of the secure operating region, organized
into three generation groups, as shown in Fig. 1. Generator
groups are defined according to the objectives of the study,
ranging from a single generating unit to sets of plants within
a subsystem or from the same river basin, with one group
serving as a reference to balance load and generation. The
use of three generation groups is commonly observed in the
literature [2], [6], [7], [28], providing a balance between model
accuracy and computational complexity.

In general, it is advisable to group areas of the power
system where monitoring of inter-area power exchanges is
needed, along with the assessment of maximum and minimum
active power transfer capabilities. These areas require close
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monitoring of network nodes and transmission components to
define voltage security limits, thereby helping to prevent volt-
age instability, insufficient reactive power support, and thermal
overloading of circuits. Tools like this are particularly valuable
for identifying generation transfer limits and supporting secure
system operation.

Generation Group 1 (G1)

Generation Group 3 (G3)

Insecure Region

Secure Region

Current Operating Point

Security Limit

Generation Group 2 (G2)

Fig. 1. Generic structure of a SSR for three generations groups,
containing the secure region (green), the insecure region (red),
operational boundaries and the operating point.

The security region, shown in green in the Fig. 1, is bounded
by a frontier beyond which one or more steady-state security
limits are violated. These limits include, but are not limited
to, bus voltage constraints, reactive power generation limits
for generators and synchronous compensators, and thermal
capacity limits of transmission lines and transformers.

It is important to note that, as illustrated in Fig. 1, the SSR
depicts the system’s security boundaries, which are automat-
ically determined by varying generation scenarios to meet a
fixed demand while evaluating specific security criteria. The
resulting three-dimensional surface is often visualized through
nomograms corresponding to its component planes. In [16],
the use of such nomograms in voltage security assessments of
power systems is demonstrated. For example, Fig. 2 presents
the G2–G3 plane, obtained by projecting the three-dimensional
SSR from Fig. 1. This representation supports a wide range of
applications, including offline studies for expansion planning
and system operation, as well as real-time or near real-
time use in supervision and control centers [2], [3], [6]. A
comprehensive description of the SSR construction process
can be found in [4].

III. PROPOSED METHODOLOGY

To reduce the high computational cost associated with
the conventional SSR construction approach (summarized in
Section I), the methodology proposed in this work uses
artificial neural networks to determine the boundaries of the
Static Security Regions. The proposed methodology consists
of determining five neural networks, with each neural network
representing a specific limit of the security region: active
power limit, voltage limit, reactive power limit, thermal limit,
and security limit [4]. The division of neural networks was
chosen because each limit has eight coordinates per generator
group in the electrical system. This could complicate the
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Fig. 2. Typical nomogram for generator groups G2–G3 projected from
the three-dimensional SSR surface.

training process if all limits were considered within a single
neural network.

The proposed methodology is organized into three distinct
environments, as illustrated in Fig. 3: daily operation planning,
real-time, and near real-time. In the daily operation planning
stage, neural networks are defined and trained using the
planned system conditions. This stage is the central component
of the methodology. The real-time environment is responsible
for monitoring and representing the actual state of the power
system. It consists of four key processes: SCADA (Supervisory
Control and Data Acquisition), disturbance records, the state
estimator, and the system model. The near real-time environ-
ment uses the trained neural networks to assess the system
at regular intervals—such as every 5 minutes—providing fast
and accurate decision support based on the current operating
conditions.

The following sections describe each step of the daily
operation planning procedure in detail.

A. Data Processing

The neural networks are trained using the coordinates of the
security region limits, obtained from a load curve forecasting
process. In short-term operation planning, load and generation
forecasting is a crucial task and is typically well-developed
in the procedures of operating companies. In this work, these
coordinates are obtained through an academic version of the
production-grade power flow software, ANAREDE, developed
by CEPEL (Brazilian Electric Energy Research Center). In
ANAREDE, the SSRs are constructed using the conventional
method described by [4].

To obtain the SSR limits for training the neural networks,
the system load was changed, starting from 70% to 100%
of the nominal load, keeping the power factor fixed. Each
neural network, representing one of the SSR limits, is trained
separately with the obtained data. Five distinct equipment or
operational limits (security criteria) are used, which are [4]:

• Reactive power generation limits – “Reactive Power”
• Active power generation group limit – “Active Power”
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Fig. 3. Flowchart of the proposed methodology, divided into daily operation planning, real-time monitoring, and near real-time application.

• Voltage magnitude limits in all buses – “Voltage”
• Thermal limits in series components – “Thermal”
• Maximum active power transfer – “Security”
For each loading level, a Python-based automation script

edits the ANAREDE input files to update the active and reac-
tive load levels proportionally across the system. ANAREDE
is then executed, and the resulting output files are parsed.
The script extracts the input variables — namely, the active
power generated by each generator group and the total active
and reactive load of the system — and the corresponding
output variables, which consist of boundaries of the security
region. These input-output pairs are stored in structured Excel
spreadsheets for use in training the neural networks.

The input and output data were normalized by dividing each
value by the total active power load of the system. Although
this is not a standard Min-Max normalization, it results in
values within the range [0,1], since all original values are non-
negative and do not exceed the total system load. This per-
unit (pu) normalization is commonly used in power system
studies, promoting comparability and simplifying the modeling
process.

B. Neural Network Architecture
In the proposed methodology, Multilayer Perceptron (MLP)

Neural Networks are used through supervised training using
the backpropagation algorithm. The number of neurons in the
input layer (nil) of each neural network developed is equal
to the number of variables in the input set (active power
generated by each generator group and total active and reactive
loads of the system). Thus, nil = ngg + 2, where ngg is the
number of generator groups. The number of neurons in the
output layer is nol = 8×ngg , where each neuron corresponds
to one of the eight coordinates of the security region for
each generator group in the system. The maximum number
of neurons per hidden layer (nhl) is defined according to [29]
and is presented in (1):

nhl =
2

3
nil + nol (1)

Each developed MLP neural network is responsible for
estimating one of the five limits that make up the security

region of the power grid. The decision on whether each neural
network will have one or two hidden layers and how many
neurons in each layer is made through a Bayesian search
[30], using the MATLAB function bayesopt. The Bayesian
optimization process will perform 50 evaluations to find the
best architecture for each neural network, the one with the
lowest Mean Squared Error (MSE). The hyperparameters
optimized and their respective search intervals were:

• Number of neurons in the first hidden layer: integer in
the range [1, nhl];

• Number of neurons in the second hidden layer: integer
in the range [1, nhl];

• Number of hidden layers: integer in the range [1, 2].
The objective function used in the Bayesian optimization is

the Mean Squared Error (MSE) between the predicted outputs
and the actual targets, both normalized by the system base.
For each candidate architecture proposed by the Bayesian
search, a feedforward neural network is trained and evaluated,
and the resulting MSE is used to guide the optimization
process. This procedure allows an efficient exploration of the
architectural space, leading to high-performance models with
minimal manual intervention.

C. Neural Network Training

After defining the architecture, the neural networks were
trained using the Deep Learning Toolbox from MATLAB.
The weights and biases for the hidden layers were randomly
initialized by the toolbox, following its default initialization
strategy [31]. The training process used the backpropagation
algorithm, optimized using the Levenberg-Marquardt (LM)
method. Previous studies have shown that the Levenberg-
Marquardt algorithm often provides superior convergence
speed and lower training error when compared to standard
backpropagation or conjugate gradient methods, especially in
small to medium-sized feedforward networks [31]–[33].

The maximum number of epochs was set at 1000, and
the maximum number of consecutive validations without im-
provement before stopping the training (validation checks)
was defined as 10. The activation functions used were the
hyperbolic tangent for hidden layers and a linear function for
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the output layer, both being the default settings of the Deep
Learning Toolbox [31].

The LM method dynamically adjusts the update step using
a damping factor (µ), which interpolates between the gradient
descent and the Gauss-Newton methods. This adaptability
eliminates the need for a predefined learning rate, as the
method self-regulates its step size based on the training error
[34]. This reduces the number of hyperparameters to be
tuned during optimization and simplifies the modeling process,
without compromising performance. Specifically, when the
training error decreases, µ is reduced, making the update step
larger and accelerating convergence. In contrast, when the
error increases, µ increases, leading to smaller update steps
and improving stability.

The training concludes when the gradient norm reaches
10−6, a threshold chosen to ensure stability and convergence
while preventing oscillations or divergence in weight updates
[35].

To ensure a more reliable evaluation of the developed neural
networks, k-fold cross-validation was used during training,
with k = 10. The choice of k = 10 follows recommendations
in the literature [36], [37], as it offers a good trade-off
between bias and variance in error estimation while keeping
computational costs reasonable. The dataset was randomly
partitioned into 10 equal subsets. In each iteration, the model
was trained on k − 1 subsets and validated on the remaining
subset. This process was repeated k times, ensuring that each
subset was used for both training and validation. The MSE was
used to assess the model’s performance in each fold. At the
end of the process, the network configuration that achieved
the lowest average MSE across the folds was selected as
the best architecture. This approach reduces the likelihood of
overfitting and provides a more robust estimate of the model’s
generalizability [38].

IV. RESULTS

To validate the proposed methodology, the IEEE 9-Bus
tutorial system and the New England test system were em-
ployed. In order to emulate typical system operation, an
hourly load curve—shown in Fig. 4—was developed based
on historical daily demand data from the Brazilian National
System Operator (ONS - Brazilian ISO) for the National
Interconnected System (SIN). The load curve for November
13, 2023, was selected as a reference, as this date corresponds
to one of the historical peak demand records for the SIN.

A. 9-Bus Tutorial System

The IEEE 9-Bus tutorial system is presented in Fig. 5. The
system has 3 generators, located at buses 1, 2, and 3, with bus
1 being the system slack bus. The system parameters can be
obtained from [26]. Since the system has only three generators,
each generator represents a generation group that determines
the security regions.

1) Neural Network Architecture: The architectures obtained
for each neural network for the 9-Bus tutorial system, along
with the limits that define the security region through Bayesian
search, are presented in Table I. Since there are three generator

Fig. 4. Load curve with load levels for the IEEE 9-Bus tutorial
system.

groups in the system (ngg = 3), the number of neurons
in the input layer (nil) of each neural network is 5. The
number of neurons in the output layer is nol = 24. Thus, the
maximum number of neurons per hidden layer (nhl) according
to Equation 1, is 28. The Bayesian search determined that each
neural network will have two hidden layers.

TABLE I
ARCHITECTURES OBTAINED FOR NEURAL NETWORKS –

9-BUS TUTORIAL SYSTEM

SSR Limits Layer 1 Layer 2 MSE
Reactive Power 17 27 2.41× 10−9

Active Power 25 28 3.03× 10−9

Voltage 22 12 3.47× 10−8

Thermal 22 4 6.6× 10−9

Security 20 17 3.29× 10−9

2) Neural Network Training: The nominal load of the 9-
Bus Tutorial System, 315 MW, and 115 MVAr, was reduced
by up to 30% at all load buses while keeping the power
factor constant. The generation specified at the PV buses
was also adjusted according to the system loading percentage.
Subsequently, the coordinates of the security region limits for
training the neural networks were obtained using ANAREDE
software, as described in Subsection III-C. During neural
network training, k-fold cross-validation was used, and the
neural network with the lowest MSE was chosen for each
security region limit, as shown in Table II.

TABLE II
CROSS-VALIDATION TRAINING RESULTS FOR THE 9-BUS

SYSTEM

SSR Limits Average MSE SD MSE Lower MSE
Reactive power 6.70× 10−8 5.56× 10−8 5.30× 10−9

Active power 4.87× 10−8 3.41× 10−8 1.74× 10−8

Voltage 1.98× 10−7 1.94× 10−7 4.24× 10−8

Thermal 1.05× 10−7 2.12× 10−7 1.08× 10−8

Security 6.35× 10−8 7.82× 10−8 7.58× 10−9

3) SSR for 9-Bus Tutorial System: After training, the data
from the load curve shown in the Fig. 4 is applied to the
neural networks and thus determines the security regions.
The ANAREDE program was used to compare the results
obtained by the proposed methodology with the conventional
methodology for constructing SSRs [4].
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Fig. 5. Topology and generation groups for 9-Bus tutorial system.

The highest errors obtained for each neural network con-
sidering all hourly intervals of the load curve are shown in
Table III. For each security region limit, the mean squared
errors between the actual limits obtained by the ANAREDE
software and the limits estimated by the neural networks are
presented. The errors are calculated both with the normalized
neural network outputs and with the outputs converted to MW.
Additionally, Table III presents the highest absolute errors for
each limit that composes the security region and the time of
the load curve where the errors were obtained.

Table III shows that, when comparing the coordinates of
the SSR limits obtained by ANAREDE and the proposed
methodology, the 9-Bus tutorial system operating at 8 pm
presented the largest absolute errors in MW in three of the
five limits. At 8 pm, the 9-Bus tutorial system has an active
load of 293.89 MW, corresponding to 93.3% of the system’s
nominal load, 315 MW.

Figs. 6 and 7 present the security region obtained through
the proposed methodology and ANAREDE program, for the
9-Bus system operating at 8:00 pm. Only the G2xG3 plane
will be presented due to a lack of space. In Fig. 6, each
security region limit is represented by a different color, and as
they overlap, they form the system’s security region, shown in
dark green at the center. The figure also shows the system’s
operating point (OP), which represents the generation needed
to meet the system’s current load.

B. New England System

The New England 39-Bus, 10-machine system is used to
validate the proposed methodology. Fig. 8 shows the system

Fig. 6. SSR obtained by the proposed methodology for the 9-Bus
system operating at 8:00 pm.

topology and the indication of the three generator groups. The
system parameters can be obtained from [27].

1) Neural Network Architecture: Table IV presents the
architectures obtained for each neural network, together with
the limits that define the safety region through the Bayesian
search. Since the number of generator groups in this system is
also equal to three (ngg = 3), as in the 9-Bus tutorial system,
the neural network parameters remain unchanged. Thus, each
network has nil = 5 neurons in the input layer and nol = 24
in the output layer. According to Equation 1, the maximum
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TABLE III
RESULTS OBTAINED FOR THE 9-BUS SYSTEM CONSIDERING LOAD CURVE IN COMPARISON WITH ANAREDE

SSR Limits MSE MSE (MW) Abs. Error Abs. Error (MW) Hour
Reactive power 1.07× 10−8 0.0011 0.0011 0.3548 10 pm
Active power 4.87× 10−8 0.0048 0.0019 0.5915 8 pm

Voltage 1.84× 10−7 0.0183 0.0058 1.8149 1 pm
Thermal 2.57× 10−8 0.0026 0.0018 0.5620 8 pm
Security 1.15× 10−8 0.0011 0.0010 0.3230 8 pm

Fig. 7. SSR obtained by the ANAREDE for the 9-Bus system
operating at 8:00 pm.

Fig. 8. Topology and generator groups for the New England system.

number of neurons per hidden layer (nhl) is 28. The Bayesian
search defined an architecture with two hidden layers for each

network.

TABLE IV
ARCHITECTURES OBTAINED FOR NEURAL NETWORKS –

NEW ENGLAND SYSTEM

SSR Limits Layer 1 Layer 2 MSE
Reactive Power 21 17 4.50× 10−9

Active Power 24 28 3.27× 10−9

Voltage 13 11 2.30× 10−9

Thermal 18 25 3.18× 10−9

Security 26 18 2.65× 10−9

2) Neural Network Training: After determining the neu-
ral network architecture to determine the SSR, the neural
networks were trained. The training process is the same as
that adopted for the 9-Bus system. Keeping the power factor
constant, the nominal load of the New England system, 7,995.5
MW and 1,831.45 MVAr, was reduced by up to 30% in all
load buses. The ANAREDE software was used to obtain the
coordinates of the limits that make up the safety region for
training. The generation specified in the PV buses was also
adjusted according to the system load percentage. During the
training stage of the neural networks, k-fold cross-validation
was used, and the neural network with the lowest MSE was
chosen for each boundary of the safety region, as shown in
Table V.

TABLE V
CROSS-VALIDATION TRAINING RESULTS FOR THE NEW

ENGLAND SYSTEM

SSR Limits Average MSE SD MSE Lower MSE
Reactive power 3.31× 10−8 3.02× 10−8 7.57× 10−9

Active power 6.02× 10−8 3.71× 10−8 1.41× 10−8

Voltage 6.30× 10−8 3.41× 10−8 1.50× 10−8

Thermal 1.26× 10−8 6.70× 10−9 4.30× 10−9

Security 3.39× 10−8 4.10× 10−8 2.10× 10−9

3) SSR for New England System: The data from the load
curve presented in Fig. 4 are applied to the trained neural
networks and thus determine the safety regions. Considering
all hourly intervals of the load curve for the New England
system, the highest errors obtained for each neural network
in the estimation of the safety region compared with the
ANAREDE program are shown in Table VI. Figs. 9 and
10 present the security region obtained through the proposed
methodology and ANAREDE, for the New England system
operating at 6 am, a time that presented the largest absolute
error in MW, considering the voltage limit, according to
Table VI.
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TABLE VI
RESULTS OBTAINED FOR THE NEW ENGLAND SYSTEM CONSIDERING LOAD CURVE IN COMPARISON WITH ANAREDE

SSR Limits MSE MSE (MW) Abs. Error Error (MW) Hour
Reactive power 6.57× 10−9 0.4207 0.0006 4.6550 6 pm
Active power 1.09× 10−8 0.6967 0.0007 5.5894 1 am

Voltage 1.22× 10−8 0.7811 0.0010 8.3373 6 am
Thermal 3.67× 10−9 0.2348 0.0004 3.0584 2 pm
Security 5.50× 10−9 0.3523 0.0006 5.0380 5 pm

Fig. 9. SSR obtained by the proposed methodology for the New
England system operating at 6:00 am.

Fig. 10. SSR obtained by the ANAREDE for the New England system
operating at 6:00 am.

C. Computational Performace

The neural network training and simulations with load
curves were performed on a computer with an Intel CORE
i7 processor, 8th generation, 1.99 GHz processor, and 12
GB of RAM. Table VII compares the average computational
times obtained by the ANAREDE program and the proposed
methodology in determining the security regions for the 9-Bus
and the 39-Bus New England systems.

The offline process — comprising the architecture definition
and neural network training steps — took 1841.7 s for the
IEEE 9-Bus system and 3022.1 s for the New England system.
These steps are executed only once for each system, but their
computational times were accounted for in the system load
conditions analyzed in Section IV. The online process — in
which the SSR is obtained using the neural networks trained
in the offline — took 4.2 s for the IEEE 9-Bus system and
4.4 s for the New England system.

The computational gain in the “online” step, comparing the
proposed methodology with ANAREDE, is quite significant,
as seen in Table VII. Although the offline step can be time-
consuming, once the neural networks are trained, the limits of
the security regions can be determined almost instantly.

For the New England system, the proposed methodology
achieved a computational time reduction of 96.05% com-
pared to the conventional SSR construction method. This
gain surpasses the 52.42% reduction reported in [11], which
employs a PSO-based approach to determine the SSRs. This
result underscores the effectiveness of using neural networks
as surrogate models to accelerate the construction of static
security regions.

D. Discussion and Future Work

The results obtained for the 9-Bus system and the 39-
Bus New England systems demonstrate that the developed
methodology is accurate in determining the SSR. Due to a
lack of space, it was not possible to outline the SSR graphs
for all load curve. Compared to ANAREDE, for any loading
level and security region limit, the mean squared errors are
small, even when calculated in MW after the security region
estimations. Although the largest absolute error obtained of
8.3373 MW for the New England system may seem signif-
icant, it is important to point out that the system load is
around 8,000 MW, which reduces the impact of this error
(less than 0.2%). For the 9-Bus tutorial system, the largest
absolute error in MW, 1.8149, is only 0.6% of the total
system load, 315 MW. Moreover, this limitation is highly
compensated by the exceptional computational performance
achieved, as demonstrated in the comparison presented in the
Subsection IV-C. It is also worth noting that the nomograms
obtained by the proposed methodology and by ANAREDE are
practically identical, with differences that are only noticeable
through the quantitative error analysis.

As the proposed methodology achieves high precision and
significant computational gains, some limitations must still
be highlighted. Firstly, only artificial neural networks have
been investigated as substitute models for conventional SSR
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TABLE VII
COMPUTATIONAL PERFORMANCE BETWEEN ANAREDE AND THE PROPOSED METHODOLOGY

System ANAREDE
Proposed Methodology

Gain (Online Process) (%)Offline Process Online Process
9-Bus 92.0 s 1841.7 s 4.2 s 95.43

New England 111.5 s 3022.1 s 4.4 s 96.05

construction techniques. Future studies can explore and com-
pare the performance of the proposed methodology with other
artificial intelligence techniques. Also, the precision of the
model depends strongly on the quality and representativeness
of the training data, and their performance may be prejudiced
in poorly represented scenarios during the training. The current
model also does not quantify uncertainties, providing only
point estimates of the limits of the security region. The
incorporation of probabilistic outputs and the adaptation of
the approach to dynamic operating conditions or larger energy
systems represent promising directions for future research.
Since this study uses the Mean Squared Error (MSE) and the
absolute error as performance metrics, other measures could
complement the evaluation of the quality of the model.

Another limitation of the proposed method is the long
computational time necessary in the offline phase, particu-
larly for the definition of the architecture and the training
of neural networks. If each limit that makes up the SSR
contains more than eight coordinates per generator group, the
resulting representation is more detailed, but requires even
greater computational effort. It is also worth highlighting that
all stages of the proposed methodology are only executed
sequentially, which further increases the offline time. The total
offline process includes the time spent on Bayesian optimiza-
tion and no training for each of the SSR limits. In future
research, we intend to explore the use of parallel computing to
reduce computational costs, especially in applications related
to Dynamic Security Assessment (DSA), as discussed in [3],
[6].

V. CONCLUSION

This paper described a new methodology to determine
Steady-State Security Regions accurately and efficiently. The
proposed methodology is based on artificial neural networks
to determine the secure limits of the system, considering each
load level. The 9-Bus tutorial system and the New England
systema validated the proposed methodology. After training
the neural networks, the validation of the methodology was
performed considering an hourly load curve in the operations
of the test systems.

From the results, it is observed that the security regions
of the test systems change according to the system load-
ing level, and electrical system operators must have a fast
and accurate tool to determine these regions. The proposed
methodology proved to be efficient and effective in meeting the
computational speed required, with precision in determining
the security regions, and can be a useful tool for operating
electrical systems, especially in real-time and near real-time
or analyses when the evaluation of a large number of scenarios

is required. The proposed methodology will be expanded to
analyze dynamic security regions in future research work.
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