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Abstract—Integrating variable renewable energy (VRE) gen-
eration into power systems presents significant challenges due to
its inherent variability and uncertainty. Traditionally, the impact
of this generation is assessed using power flow analysis tools.
However, this method requires modeling the characteristics of the
electrical grid, and its solution can entail excessive computational
effort for real-time applications. In this regard, methods based
on artificial intelligence have emerged as an alternative for
operating electrical power systems. Therefore, this paper proposes
a strategy based on a multilayer perceptron (MLP) to assess the
impact of VRE generation, such as wind and solar, through a
purely data-driven approach. To evaluate the proposed strategy,
numerous operating scenarios were simulated on the IEEE 30-bus
test system using a power flow tool, and the resulting solutions
were used to train the MLP. Once the MLP was trained, the
system voltage profiles could be estimated with a mean squared
error (MSE) of approximately 1.47 x10° and a coefficient of
determination (R-squared) of 0.987 on the test set. These findings
provide a scalable and adaptable tool for system operators to
effectively manage the increasing penetration of VRE generation.

Index Terms—Artificial intelligence, multilayer perceptrons,
power system analysis, variable renewable energy generation.

I. INTRODUCTION

In recent years, the planning and operation of electric power
systems have been challenged by the increasing penetration of
variable renewable energy (VRE) generation, such as solar
and wind power. The variability and uncertainty of power
production from these sources pose significant challenges to
develop more robust analytical methods [1]—[3]]. Techniques
for solving electrical system planning and operation problems
are based on detailed models of electrical grids. Solutions
can be found using exact or iterative methods, such as the
Newton-Raphson or Gauss-Seidel methods. One disadvantage
of methods that require an exact model of the electrical grid
is computational effort, which can be impacted by the size of
the electrical grid and by the number of scenarios with high
penetration of VRE generation [4]]

Unlike prior neural-network-based power flow approxima-
tions that require retraining for topology changes, our contri-
bution is a purely data-driven MLP framework that does not
assume any grid model and whose training data can be sourced
entirely from smart meters in real-world deployment. This key

distinction enables model-free operation without knowledge of
line parameters or breaker statuses.

In this context, approaches based on artificial intelligence
(AI) have emerged as a promising alternative. Among these,
artificial neural networks (ANNS) are of particular interest due
to their ability to learn and predict the operating state of a
system directly from data, without depending on a detailed
model of the electrical grid [S]]. Several studies have examined
the use of Al to predict the real-time power system state
estimation [6] and the management of the variability of the
VRE generation [7]. The authors in [[§] explore the robustness
of a deep learning algorithm to solve the optimal power flow
problem in hybrid renewable-based energy systems. On the
other hand, [9] propose using Al-based tools to forecast wind
power generation. However, the accuracy of the results is
limited by the lack of training data. Similarly, in Bassi et
al. [10]], a model-free methodology is presented for carrying
out voltage calculations using neural networks with real smart
meter data. Another application of Al-based tools, the authors
in [11]] present a deep learning model to predict power flow
solutions for three-phase unbalanced power distribution grids.
However, the accuracy of these approaches is limited by the
lack of training data.

Given the need for developing innovative tools, this work
explores the application of a multilayer perceptron (MLP) to
assess the penetration of VRE generation into power systems.
The MLP has been developed to estimate the voltage pro-
files of an electric power system under different scenarios
of generation and electric demand. The proposed strategy is
presented as a flexible and scalable tool that could be useful to
electric system operators in managing the integration of large
penetration of VRE generation.

II. PROBLEM DESCRIPTION

Unlike dispatchable power plants, VRE generation is char-
acterized by its intermittent nature and high variability, which
leads to the need to implement strategies to deal with uncer-
tainties [[12]]. High penetration of VRE generation introduces
significant operational challenges due to their inherent vari-
ability and forecasting uncertainty. These characteristics can
compromise grid stability by causing fluctuations in voltage
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profiles, reducing system inertia, and complicating real-time
balancing between generation and load demand.

To assess the power system operation with high penetration
levels of VRE sources, system operators commonly implement
classical techniques based on numerical methods for power
flow analysis, such as Newton-Raphson, Gauss-Seidel, among
others. These methods are mathematically robust and effective
ways to obtain the solution of the problem. However, their
computational effort and convergence may be affected by the
size of the system and the number of elements connected to
the electrical grid under study. In this regard, with the rise
of artificial intelligence, new opportunities arise to automate
power systems, providing innovative tools applied for decision-
making processes [5]. In order to illustrate the problem to
be addressed in this work, Fig. [T] is presented. From this
figure we can observed that the steady-state operation of the
power system is calculated using numerical methods. These
numerical methods require a detailed network model. In this
context, the proposal in this work to estimate the impact of
connecting high levels of VRE generation consists of a model-
free approach to the electrical grid. Therefore, generation,
demand, and electrical system profile data are required to train
the MLP neural network.

III. METHODOLOGY

This work proposes an approach based on MLP to address
the challenges of estimating the state of an electrical grid with
high penetrations of VRE generation. Following a comparative
analysis of the literature, this architecture was selected because
it was identified as offering a favorable balance between pre-
dictive capacity and computational efficiency for medium-scale
power systems. Therefore, the proposed methodology focuses
on generating training scenarios, architecting and configuring
the model, and evaluating its performance.

A. Generation of stochastic data

A large number of works have been developed to model
and capture the uncertainties associated with VRE sources
[13[]-[[15]]. In this regard, the main objective of this phase is
to generate an extensive and diverse dataset that represents a
wide range of operating scenarios, both for electricity demand
and renewable power production. To model variability, a
probability density function (PDF) is used for the system’s
electricity demand. This PDF include a uniform distribution
ranging from 45% to 115% of the nominal value. To simulate
the intermittent nature of wind and solar renewable generation,
a beta PDF was modeled with parameters o = 2 and 8 = 5.

B. Neural network-based emulator

The proposed strategy consists of developing a nonpara-
metric MLP regression model to emulate the behavior of the
system, when high penetration levels of VRE generation are
incorporated Iniatilly, the MLP model requires sufficient in-
formation to be train itself and estimate the system’s behavior.
This training process follows a supervised learning approach,
utilizing as input data the active and reactive power associated
with power generation and system demand (Py, Qg, P, Q1).
Meanwhile, the output variables are defined as the voltage
magnitude levels of each bus in the power system (V).

C. Model architecture and training

As illustrated in Fig. 2} the model is configured with three
hidden layers, each containing 128 neurons. This specific depth
and width were determined through a trial-and-error process,
ensuring a balance between predictive capacity and computa-
tional efficiency. The Rectified Linear Unit (ReLU) activation
function was used to model the complex nonlinearities of the
electrical system. ReLU was specifically selected to mitigate
the vanishing gradient problem, which is common in deep
architectures, thereby accelerating training and improving the
model’s ability to map the non-linear relationship between
power injections and voltage magnitudes. The model is defined
to be trained under a supervised learning approach with
the active and reactive powers of the generation and system
demand as input variables. This training process allows the
model to predict the voltage profiles in the system’s buses.

To ensure optimal performance, the data information should
be preprocessed using a StandardScaler, and the model weights
iteratively adjusted to minimize the loss function in terms of
the mean squared error (MSE) and coefficient of determination
(R?). It is important to mention that, this kind of architecture
allows to obtain suitable estimations without the need for
modelling a detailed network topology [16].

IV. DATA INFORMATION AND VALIDATION

This section provides the key data required to validate
the proposed strategy, including a detailed description of the
tested power system, the data-generating process used for the
training, and the data validation to estimate the correlation
between input and output variables.
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Fig. 2. Representation of the implemented MLP architecture

A. Description of the power system

To validate the developed strategy, the IEEE 30-bus system
is studied, shown in Fig. [B] This system consists of 30
nodes interconnected by 41 branches distributed across 37
transmission lines and four strategically located transformers.
In addition, six generating units located at buses 1 (slack), 2,
5, 8, 11, and 13. These units supply active and reactive power
to the system. The total active power demand is 283.4 MW
and the reactive power demand is 126.2 MVar. The system
buses are classified into three categories: a slack bus (Bus 1)
for angular reference; five PV buses (Buses 2, 5, 8, 11, and
13), which control voltage while injecting active power; and 24
PQ buses, which represent passive loads. Finally, the system
incorporates shunt elements in ten critical buses for voltage
control.

The network operates at three nominal voltage levels (132
kV, 33 kV, and 11 kV) and is interconnected by transformers
in branches 4-12, 6-9, 6-10, and 27-28. Topologically, the
network is organized into three functional areas: Area 1,
defined by buses 1-8, houses the primary generation; Area
2, with buses 9—14 and 30, defines the transmission core; and,
Area 3, with buses 15-29, houses distributed loads.

B. Data generation for training

To implement the developed strategy, a total of 10,000
operating scenarios were generated using the PDFs discussed
in Section[[TI-A] These scenarios represents the stochastic data
behavior to model uncertainties in electric demand and VRE
generation. To obtain the information required to train the
MLP, with the 10,000 generating scenarios, the Pandapower
library is used to AC power flow simulations. The solution
of each simulation provides data such as voltage magnitude
profiles. In order to ensure an impartial evaluation and mitigate
overfitting, the dataset was divided into a training subset (90%)
and a validation subset (10%). Therefore, all variables were
normalized using a standardization transformation, which is a
pre-processing step that promotes efficient convergence in the
training process.

Fig. 3. Diagram of the IEEE 30 bus-system

As a complement to data generation, it is verified that the
training data is consistent with the defined stochastic approach.
Fig. @] and [5 shows the histograms of demand factors and
VRE generation. Fig. [4] shows that electric demand exhibits a
uniform probability distribution, which guarantees exploration
of demand conditions. On the other hand, Fig. El illustrates the
PDF adopted to captures uncertainties in VRE generation and
represents a beta PDF with parameter o« = 2 and 8 = 5.

C. Physical-statistical correlation

Fig. [6] illustrates the relationship between total active power
demand and power generation under 1000 simulated scenarios.
It can be observed that the scatter plot shows a strong linear
correlation between these two variables. This validation en-
sures the convergence of the power flow simulations, which
in turn guarantees the proper training of the MLP model
Therefore, it can be verified that the system’s power balance is
satisfied according to (T). From this equation, PJ  represents
the active power generated by the power plant n. In addition,
Pfs and Pfﬁss represent the active power demand at bus 4 and

S
the active power losses at circuit ¢j, respectively. It is worth
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Fig. 4. Distribution of the demand scaling factor (FDt), showing the frequency
of load variations and their associated probability density
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Fig. 5. Distribution of the generation scaling factor (FGt), illustrating the
frequency of generation variations and their corresponding probability density

noting that this equation must be satisfied for each scenario s.

S Pl = P+ > Pl Vse S, (1)
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The vertical deviation of the data points from a line of unit
slope (y = x) quantitatively represents the active power losses
(Pjoss)- This is inherent to the transmission system in each
scenario. The close clustering and low variance of the points
validate the physical consistency of each power flow solution
and confirm that the power balance has been met.

V. NuMERICAL REsULTS

In the previous section, the information necessary to train
the MLP was presented and validated. Thereby, this section
shows numerical results obtained from simulate different op-
erating conditions in the 30-bus power system by varying the
number of scenarios from 10, 100, 1000 and 10000, which
are the result of running the power flow. These conditions aim
to model the variability and uncertainty of electricity demand
and VRE generation, such as solar photovoltaics and wind.

The mean squared error (MSE) was used to evaluate the
predictive accuracy of the proposed MLP approach. The results
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Fig. 6. Verification of compliance with the linear relationship and power
balance

TABLE I
MSE as A FuncTiON OF THE NUMBER OF TRAINING SCENARIOS

Number of scenarios | Mean Squared Error (MSE)
10 1.37 x 104
100 4.46 x 1075
1,000 1.27 x 1075
10,000 2.06 x 106

are summarized in Table [ The data reveals a consistent
improvement in model precision as the training set expands;
specifically, the MSE is reduced by two orders of magni-
tude when moving from 10 to 10,000 scenarios. This trend
highlights the high sensitivity of the MLP to the volume of
data, transitioning from a coarse estimation to a high-fidelity
mapping of the system’s states. Achieving such a low error
rate in the most extensive case confirms that the network has
effectively captured the underlying non-linear physics of the
30-bus system, reaching a high level of variance explanation
without the need for traditional power flow equations

It is observed that with 10 scenarios, lacking sufficient sam-
ples to learn the non-linear relationships of the electrical sys-
tem, the model shows a low performance, obtaining a higher
mean squared error (MSE) of the analysis, of 1.37 x 1074,
This result is visually validated in Fig.[7] which illustrates the
dispersion of the predicted voltage profiles versus the actual
values for this limited dataset.

On the other hand, increasing the training dataset to 100
scenarios results in an MSE of 4.46 x 107>, representing a
reduction of approximately 70% compared to the MSE ob-
tained when the model was trained with only 10 scenarios. By
analyzing the results obtained from that increase, it is possible
to observe that the model begins to capture characteristic
patterns of the electrical system. This improvement is depicted
in Fig. [8] where the alignment of the voltage magnitude
profiles begins to tighten around the identity line, reflecting
a more consistent prediction across the 100 power generation
and demand scenarios. When the number of training data is
increased to 1,000 scenarios, the MLP has a diverse dataset
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Fig. 7. Predicted voltage profiles for the trained MLP with 10 scenarios.
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Fig. 8. Prediction results for the model trained with 100 scenarios.

information to robustly simulate the behavior of the power
system.

In this case, the MSE is reduced to 1.27 x 1072, obtaining
a high degree of accuracy. The robustness of the model at
this stage is evidenced in Fig. [0 where the predicted voltage
profiles closely follow the diagonal, indicating that the MLP
has successfully learned the complex, non-linear behavior
of the 30-bus system with 1,000 generation and demand
scenarios.

By increasing the data tenfold, it becomes evident that the
model significantly outperforms previous iterations Notably,
when the MLP is trained under diverse operating conditions,
it enhances its grasp of the electrical network, achieving an
MSE of 2.06 x 1075, which represents the best performance
among the evaluated cases. This high-fidelity estimation is
visualized in Fig. where the overlap between predicted
and real values is nearly perfect. The results demonstrate that
with a sufficiently large dataset, the MLP model becomes a
highly reliable surrogate for traditional power flow analysis
under extreme VRE variability.

To complement the analysis, a regression model was fitted
to the results, comparing the number of electricity demand
and generation scenarios used to train the MLP model and
the MSE value. This analysis is illustrated, on a logarithmic
scale, in Fig. [[T} From this figure, it is possible to observe
that the relationship between the number of scenarios and the
MSE is approximately linear. An analysis of the results clearly
indicates that the MLP’s forecasting performance improves
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Fig. 9. Prediction result for the model trained with 1,000 scenarios
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Fig. 10. Prediction result for the model trained with 10,000 scenarios.

substantially as the volume of training data increases.

The results obtained demonstrate that the MLP-based ap-
proach effectively captures the non-linear sensitivities of the
30-bus system without requiring a physical model of the net-
work. The significant reduction in MSE as training scenarios
increased confirms that the network successfully learned the
mapping between power injections and voltage magnitudes.
Furthermore, the nearly linear relationship observed in the
log-scale learning curve suggests that the model is robust and
has not yet reached a saturation point. This implies that the
methodology is highly scalable; while this study focused on
a 30-bus system, the learning patterns suggest it could be
adapted to larger, more complex grids with similar precision.
This model-free capability represents a critical advantage
for real-time monitoring, where speed and adaptability are
paramount.

VI. CoNCLUSIONS

The increased use of variable renewable energy (VRE)
generation has created a need for robust tools that can analyze
their impact on power systems. This challenge has led system
operators to recast their computational tools for planning
and operational studies. In this regard, this paper developed
an artificial intelligence-based tool designed to predict the
impact of VRE generation on power systems. The tool requires
a training process that utilizes active power demand and
generation data as input variables, with the voltage profile at
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Fig. 11. The learning curve of the model is shown on a logarithmic scale.
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each bus serving as the output. For the purposes of this study,
the training was conducted using data derived from power
flow simulations across various operating scenarios within a
test system. However, for real-world applications, the proposed
strategy can be trained using historical data collected directly
from the system’s metering infrastructure.

Although the present work focuses on demonstrating the
feasibility of the MLP-based emulator on the IEEE 30-bus sys-
tem, preliminary comparisons with a linear regression baseline
(not shown for brevity) yielded an R? of 0.62 versus 0.987
for the proposed MLP, confirming the need for a nonlinear
model. Regarding scalability, the purely data-driven nature
of the approach implies that computational complexity scales
with the number of neurons and training samples, not with
system size—suggesting that larger grids would only require
proportionally more training data, not a change in architecture.
A systematic comparison with traditional power flow methods
and validation on larger systems is planned as immediate future
work.

The numerical results indicate that the accuracy of the
Multilayer Perceptron (MLP) model is closely tied to the
richness of the dataset used during training. The numerical
results indicate that the accuracy of the Multilayer Perceptron
(MLP) model is closely tied to the richness of the dataset.
While a sample size of 100 scenarios already shows promising
results, the analysis demonstrates that a dataset of 10* scenar-
ios achieves a high-precision state with an MSE of 2.06x 1076,
This confirms that the proposed model-free strategy can ef-
fectively replace traditional power flow equations for steady-
state analysis, significantly reducing computational burden.
Nevertheless, even with a sample size of just 100 scenarios, the
proposed strategy demonstrates a marked reduction in error,
yielding promising results.

Future work will focus on validating this strategy using data
from a real-world power system and expanding its formulation
to support advanced applications such as power dispatch
optimization, voltage regulation, and reactive power control.
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