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Abstract—The increasing integration of renewable energy
sources (RESs) into power systems poses significant challenges
in maintaining power balance due to these sources’ inherent
variability and unpredictability. This paper examines the ap-
plication of machine learning (ML) techniques, with a specific
focus on recurrent neural networks (RNNs), including Gated
Recurrent Units (GRUs), Long Short-Term Memory networks
(LSTMs), Bidirectional LSTM networks (RNN-BiLSTM), and
Simple RNNs. The objective is to optimize energy storage and
manage power system conditions amidst the fluctuations of RESs
and controllable devices. The proposed ML-based framework
predicts power fluctuations, optimizes storage utilization, and
ensures stable operation by managing power flows in real-time.
Key challenges are systematically addressed, such as optimizing
storage capacity, regulating power flows, and maintaining the
state of charge (SOC) within safe limits. The effectiveness of the
ML-driven system is demonstrated through extensive simulations
across various scenarios, illustrating significant improvements
in system reliability and efficiency. The results offer valuable
insights into the practical integration of advanced ML techniques
in energy management, paving the way for more resilient and
adaptive power grids with increased penetration of renewable
energy sources.

I. INTRODUCTION

The rapid increase in the penetration of renewable energy
sources (RESs), such as solar and wind power, presents sig-
nificant challenges for modern power systems. These sources
are inherently variable and unpredictable, which can lead to
substantial fluctuations in power generation (called fluctuating
sources). This variability complicates the task of maintaining
a stable and reliable power supply, as power systems must
continuously balance supply and demand in real-time. Tra-
ditional methods for power balancing, which often rely on
controllable fossil fuel-based generators, are not well-suited
to accommodate the high levels of RES integration required
to meet contemporary environmental goals. The motivation
for this research arises from the pressing need to enhance
the reliability and efficiency of power systems in the face
of growing RES penetration. The conventional approach to
power system management struggles with the unpredictability
of RESs, often requiring substantial reserve capacities or
leading to significant energy waste. Energy storage systems
(ESSs) offer a promising solution to these challenges by

absorbing excess energy during periods of high generation
and releasing it during periods of high demand. However, the
optimization of storage usage, especially in systems with both
fluctuating RESs and controllable devices, remains a complex
and unsolved problem.

The core problem addressed in this research is the effective
management and optimization of energy storage within power
systems that integrate both fluctuating and controllable de-
vices. The goal is to ensure that the power system can balance
supply and demand reliably, even under the high variability
introduced by RESs. This involves determining the optimal
capacity of storage devices, the appropriate allocation of power
flows, and the maintenance of system conditions that ensure
safe operation. The challenge is compounded by the need to
consider the physical constraints of generators and loads, the
state of charge (SOC) limits of storage devices, and the dy-
namic nature of power generation and consumption. This paper
introduces a novel approach concept that applies machine
learning (ML) techniques to the challenge of power balancing
in systems with diverse types of power sources to approach
these particular challenges. Unlike traditional methods, which
may use static optimization models, our approach leverages
the predictive power of ML to optimize storage usage and
manage system conditions in real-time dynamically. This al-
lows for more precise and adaptive control over the power
system, accommodating the unpredictable nature of RESs
while minimizing the need for excessive reserve capacity. The
study introduces the use of machine learning models—GRU,
LSTM, RNN-BiLSTM, and SimpleRNN—to forecast power
fluctuations and optimize the power flow between fluctuating
RESs and controllable devices. These models are designed
to predict worst-case scenarios, optimize energy storage uti-
lization, and maintain system stability. By leveraging their
predictive capabilities, we aim to provide a more efficient and
adaptive solution to the challenges posed by high levels of
RES integration in power systems.

The main contributions of this paper are as follows:

« Development of an ML Framework: We propose an
ML-based framework for predicting power fluctuations
and optimizing storage utilization in power systems with
mixed RESs and controllable devices.
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o Optimization of Energy Storage: The framework is
designed to optimize the size and usage of energy storage
systems, ensuring that the SOC is maintained within safe
bounds while minimizing storage capacity requirements.

o Dynamic Power Flow Management: We introduce a
method for dynamically managing power flows between
fluctuating and controllable devices, enhancing system
stability and reliability.

« Validation Through Simulations: The proposed ap-
proach is validated through a series of simulations that
demonstrate its effectiveness in various scenarios, show-
ing significant improvements in power system perfor-
mance.

o Practical Guidelines for Implementation: The study
provides practical guidelines for integrating ML-driven
energy management systems into existing power infras-
tructures, addressing both technical and operational chal-
lenges.

The remainder of this paper is structured as follows: Section
2 discusses related work in the area of power system optimiza-
tion and ML applications. Section 3 presents the system model
and problem formulation. Section 4 details the proposed ML-
based optimization framework. Section 5 provides simulation
results and analysis, and Section 6 concludes the paper with
final remarks and future research directions.

II. LITERATURE REVIEW AND BACKGROUND WORK
A. Literature Review

The integration of renewable energy sources (RES) into the
power grid has become increasingly essential in response to
the growing demand for sustainable energy solutions. Recent
studies have highlighted the challenges and solutions of bal-
ancing fluctuating and controllable power sources while opti-
mizing energy storage systems (ESS). Javaid et al. [1] provide
a comprehensive analysis of the system conditions required
to ensure power balance in the presence of fluctuating RES
and controllable devices. Their work emphasizes the impor-
tance of optimizing storage sizes to mitigate the uncertainties
associated with renewable energy generation. Further research
by Liang et al. [2] explores optimal energy storage placement
and sizing within power grids, utilizing mixed-integer linear
programming (MILP) to enhance the integration of renewable
energy. Their findings suggest that strategic placement of ESS
can significantly reduce the need for renewable curtailment
and improve grid stability. However, their model does not
account for the physical constraints of power generators and
loads, which are critical for ensuring safe operation. Another
significant contribution to this field is the work by Zhang et
al. [3], who propose a state-of-charge (SOC) based control
strategy for ESS to compensate for power fluctuations. While
their strategy effectively manages generation-side fluctuations,
it does not consider demand-side variability, which is crucial
for a holistic approach to grid stability.

Research by Liu et al. [4] delves into the multi-objective
optimization of microgrids, considering both economic and
environmental factors. Their approach highlights the necessity
of balancing the cost-effectiveness of ESS with the environ-

mental impact, which is often overlooked in purely technical
analyses. They employ a Pareto optimization technique to
ensure that both objectives are met, demonstrating the com-
plexities involved in microgrid design. Wang et al. [5] and
Zhao et al. [6] focus on minimizing demand charges through
ESS in conjunction with photovoltaic (PV) systems. These
studies illustrate the economic benefits of ESS integration but
often consider static storage limits, which may not reflect the
dynamic nature of power generation and consumption in real-
world scenarios. An important contribution by Zhou et al. [7]
presents a dynamic ESS control strategy that adapts to real-
time grid conditions, thereby improving both grid reliability
and RES utilization. This study introduces adaptive algorithms
that dynamically adjust the operation of ESS in response
to grid fluctuations, significantly enhancing the stability of
the power supply. Additionally, the work of Ding et al.
[8] investigates the optimal dispatch strategy for distributed
generation systems, including RES and ESS. Their model
incorporates demand response programs to adjust the load
based on price signals, which in turn affects the optimal
operation of ESS. This integration of demand response with
ESS optimization represents a more comprehensive approach
to grid management.

The present study builds on these foundations by extending
the system characterization conditions proposed in previous
works to include both controllable and fluctuating devices.
This approach provides a more generalized and robust frame-
work for optimizing ESS, ensuring safe and reliable power
delivery under varying operational conditions.

B. Background Information

This study explores several machine learning architectures to
predict the occurrence of worst-case scenarios in the power
system. Each architecture is designed to capture different
aspects of the temporal and spatial dependencies inherent in
the data.

1) GRU (Gated Recurrent Unit)

GRU is another RNN type similar to LSTM but with
a simpler architecture. GRUs have fewer parameters than
LSTMs, making them less computationally demanding while
still effectively handling sequential data. The GRU model
used in this study includes two GRU layers, followed by
dense and dropout layers. The GRU layers are responsible
for capturing the temporal dependencies in the data, while the
dropout layers help prevent overfitting. The GRU’s efficiency
and effectiveness make it a strong candidate for predicting
worst-case scenarios in the power system [9].

2) LSTM (Long Short-Term Memory)

LSTM networks are a type of recurrent neural network
(RNN) specifically designed to capture long-term dependen-
cies in sequential data. They are particularly effective in
scenarios where the timing of events is crucial, such as in
time series forecasting. The architecture of the LSTM model
used in this study consists of two LSTM layers. The first
layer processes the input sequences to capture the temporal
patterns present in the data. The second LSTM layer further
refines these patterns before passing them to a dense layer
for final prediction. Dropout layers are included between the



LSTM layers to prevent overfitting by randomly deactivating
a fraction of the neurons during training [10].

3) RNN-BiLSTM

The RNN-BiLSTM model combines a SimpleRNN layer
with a bidirectional LSTM layer. The bidirectional LSTM
processes the input sequences in both forward and backward
directions, allowing the network to capture information from
both past and future time steps. This capability enhances the
model’s predictive power, particularly in scenarios where the
temporal context of an event is important for making accurate
predictions. The combination of SimpleRNN and BiLSTM
layers allows the model to leverage both simple and complex
temporal patterns in the data, providing a comprehensive
approach to sequence prediction [11].

4) SimpleRNN

SimpleRNN represents the most fundamental form of recur-
rent neural network (RNN) and serves as a baseline model in
this study, highlighting computational efficiency while aiming
for high accuracy and adaptability. Unlike Long Short-Term
Memory (LSTM) networks, SimpleRNN lacks mechanisms
to capture long-term dependencies, rendering it less suitable
for complex tasks. Nevertheless, its lightweight architecture
results in lower computational and power resource demands,
making it particularly effective in scenarios where power
efficiency is a priority. This study assesses the balance between
achieving high adaptability and accuracy while optimizing for
power efficiency, utilizing SimpleRNN as a benchmark for
comparison with more sophisticated models, such as LSTM
and Gated Recurrent Unit (GRU) networks. [12].

III. PROBLEM DESCRIPTION AND FORMULATION

The increasing penetration of renewable energy sources, char-
acterized by their intermittent nature, poses significant chal-
lenges for maintaining power balance within the grid. Tra-
ditional power systems, designed around controllable power
generators, struggle to adapt to the variability introduced by
RES. The primary challenge involves balancing the fluctuat-
ing power generated by RES with the stable demand from
consumers while simultaneously managing the limitations of
energy storage systems (ESS). This study aims to address the
power balancing issue by developing a comprehensive power
flow assignment strategy that incorporates both fluctuating and
controllable power devices. The strategy involves optimizing
the operation of ESS, minimizing storage capacity, and ensur-
ing that the system can operate safely under various conditions.
The key questions this research seeks to answer include:

e What are the optimal sizes and placements for energy
storage systems to ensure power balance?

« How can controllable power devices be coordinated with
ESS to reduce reliance on storage capacity?

« What physical constraints must be imposed on power
generators and loads to maintain safe operation in the
presence of power fluctuations?

The solutions proposed in this study provide clear and
actionable guidelines for the design and operation of modern
power systems. These guidelines cover integrating renewable
energy sources like solar and wind, managing energy storage

systems (ESS), and handling power fluctuations. They include
recommendations on optimal ESS configurations, maintaining
stability under load fluctuations, and spower inverters and
controllers settings Practical considerations such as state of
charge (SOC) limits, generator and load constraints, and
adjustments for renewable output are also addressed to ensure
reliable power supply.

A. Problem Formulation

The problem of power balancing in modern power systems
with high penetration of renewable energy sources (RES) is
complex due to not only the intermittent and unpredictable
nature of RES but also the challenges posed by unpre-
dictable energy requirements, infrastructure issues, and the
fast-growing power demand from electric vehicles (EV) and
the electrification of various parts of the infrastructure. To
address this, we define a power flow assignment strategy that
must satisfy the following constraints:

« Energy Balance Constraint: The sum of generated and
stored energy must equal the energy consumed by loads,
with minimal deviation. This involves calculating the
power flow between fluctuating and controllable gener-
ators, loads, and storage devices.

o Storage Capacity Optimization: Minimize the ESS
capacity while ensuring that it can handle the maximum
fluctuation of RES and load demands, in addition to
accounting for sudden increases in power demand from
EVs and other electrified infrastructure.

o Operational Constraints: These include the physical
constraints of power generators (maximum and minimum
output levels), load demands, and the state of charge
(SOC) of ESS,while considering potential infrastructure
bottlenecks and unpredictable energy surges.

The objective function for this problem can be formulated
as a maximization problem of the ESS utilization. We aim
to maximize the utilization of ESS while minimizing energy
losses and ensuring power balance. The maximization problem
is expressed as follows:

T
Ppss(t) = A(Pa(t) = Po(t) - Pess()’]
o 5, O [ Pess(®) < A(Pot) - PL() ~ Pss(0)
ey
Subject to the constraints:
NG NL
> Pa(t)+ Pess(t)= > Pu(t), VteT
G=1 L=1
(Energy Balance)
P < Po(t) < PR, VG € Generators, Yt €T

(Generator Limits)
SOChmin < SOC(t) < SOCpax, VtET
(State of Charge Limits)
PRy < Ppss(t) < PREs, VteT
(ESS Power Limits)
Where:



e Pg(t): Power generated by controllable generators at
time ¢.

e Pp(t): Power consumed by loads at time ¢.

e Pgss(t): Power charged to or discharged from the ESS
at time t.

e NEss: Efficiency of the energy storage system.

¢ A: Penalty factor for energy imbalance.

o SOC(t): State of charge of the ESS at time ¢.

. Pgﬂn, PZ#*: Minimum and maximum generation limits
for each generator.

o SOCmin, SOChax: Minimum and maximum state of
charge limits for ESS.

o PEin pmax: Minimum and maximum power limits for
ESS.

o T': The total time horizon considered for the optimization.

The goal is to find a feasible power flow assignment
that balances energy, optimizes storage capacity, and respects
operational constraints across three main scenarios: (1) stable
or constant conditions, where controllable components manage
power generation with minimal fluctuations; (2) moderate
fluctuations, where both controllable and fluctuating RES
contribute, introducing some variability; and (3) worst-case
scenarios, involving extreme fluctuations or constant condi-
tions, requiring maximum optimization of energy storage and
power flow. These scenarios clarify the conditions and the
expected results from the model.

IV. SYSTEM DESCRIPTION

The system under consideration comprises distributed energy
resources (DERSs), controllable and fluctuating power genera-
tors, various loads, and energy storage systems (ESS). The
components interact through a network of connections, as
depicted in Figure 1.
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Fig. 1: System model with power generators, loads, and storage
devices.
The power generators are categorized into controllable and

fluctuating types. Controllable generators can adjust their
output to match demand, while fluctuating generators, such
as wind turbines and photovoltaic cells, have outputs that
vary with environmental conditions. Loads are similarly cat-

egorized, with controllable loads capable of adjusting their
consumption and fluctuating loads that consume power based
on usage patterns.

Energy storage systems play a critical role in balancing
supply and demand. They store excess energy when generation
exceeds demand and release energy when demand exceeds
generation. The ESS must be managed within their capac-
ity limits, including the peak power output, nominal power
output during constant operation, and battery composition.
Furthermore, factors such as the State of Health (SoH) and
battery chemistry are considered alongside the SOC, which
must remain within specified bounds to ensure long-term
operational stability based on historical data. These details are
crucial for accurate simulation and real-world implementation
of the model.

The system operates under the following conditions:

e The power generated by fluctuating sources is unpre-
dictable and varies over time.

o Controllable generators and loads adjust their out-
put/consumption to stabilize the system.

o ESS must be optimized to minimize capacity while ensur-
ing that it can handle the maximum expected fluctuations.

This system characterization provides the basis for devel-
oping and validating power flow assignment strategies that
ensure safe and efficient operation under various scenarios,
including the worst-case mixed components scenario, where
both fluctuating and controllable devices are considered under
extreme variations in power generation.

V. METHODOLOGY

A. System Setup

The power system in this study is modeled as a complex
network comprising multiple components, including Power
Generators (PGs), Power Loads (PLs), and Energy Storage
Systems (ESS). The system simulates real-world operations
by representing controllable and fluctuating components. This
distinction helps capture the dynamics of a modern power grid,
especially with the increasing penetration of renewable energy
sources. The system operates based on synthetic data generated
on a logic base using ideal conditions through a combina-
tion of randomized power output, power set generation, and
connection matrices. These components are optimized using
a linear programming (LP) framework that ensures feasible
power flow assignments and efficient operation of the energy
storage systems [13].

1) Controllable Components

Controllable components include power generators and
loads that can modulate their output or consumption based
on grid demands. These include conventional power plants
such as thermal, hydroelectric, and nuclear plants, along with
industrial loads that can participate in demand response pro-
grams. Controllability is crucial for maintaining grid stability
by matching supply with demand.

2) Fluctuating Components

Renewable energy sources such as solar and wind power
fall under the category of fluctuating components due to their
inherent variability. These components depend on weather



conditions and other factors beyond grid control, posing
challenges for maintaining stability, especially as renewable
penetration increases [14]. The LP framework is applied to
manage these fluctuations and optimize energy storage and
power distribution.

B. Synthetic Data Generation and Connection Matrices

The power system model relies on synthetic data to simulate
real-world scenarios. The synthetic data generation process,
which should be based on practical and logical historical data
to better capture real-world behavior and produce meaningful
results, is integral to this study and includes the following
steps:

1) Power Output Ranges: The power outputs for generators
and loads are generated within predefined maximum
and minimum bounds, reflecting real-world operational
characteristics using historical data. These bounds are de-
termined using historical power system data, ensuring that
the generated data mirrors realistic power grid operations
[14].

2) Power Set Generation: The powerset function gener-
ates all possible combinations of the power system com-
ponents (PGs, PLs, and ESS), creating diverse connection
scenarios between generators and loads. This approach
ensures that a comprehensive range of power flows and
load interactions are modeled, which is essential for
accurate scenario prediction.

3) Connection Matrices: Various connection matrices
(Car, Cgs, Csr) are employed to represent interactions
between power generators, storage systems, and loads.
These matrices model power flows within the system,
capturing energy transfers and connection states between
components. The LP optimization process ensures these
connections are feasible, respecting power flow and stor-
age constraints.

4) Linear Programming (LP): The LP optimization is
applied to balance power generation and consumption
across the system, with a focus on minimizing storage
capacity requirements and ensuring that fluctuations in
renewable power sources are handled efficiently. This
optimization is solved using the 1inprog function from
the scipy library, which ensures that system constraints,
such as power balance and load demand, are respected
[13].

1) System Modeling Assumptions

To streamline the complexity of the power system model,

several assumptions are made:

o Linearity: The system is assumed to behave linearly,
allowing for the application of matrix operations and
linear programming solutions for power optimization.

« Negligible Transmission Losses: Transmission losses are
ignored to simplify power flow computations, focusing
primarily on power generation, load distribution, and
storage optimization.

o Perfect Knowledge: It is assumed that system parameters
such as power output ranges, demand, and storage levels
are known with certainty, though in practice, uncertainties
may affect system performance.

These assumptions enable the creation of a tractable model
that retains key dynamics applicable to real-world scenarios.

C. Machine Learning Models

The primary objective of the study is to predict worst-
case scenarios for power system stability, focusing on five
key output variables: EPG Max, EPG Min, EPL Max,
EPL Min, and SOC (State of Charge of the energy storage
systems). These output variables represent the extremities
in power generation (EPG) and power load (EPL), along
with the battery storage capacity (SOC). Multiple machine
learning models are trained on the generated synthetic data,
including LSTM (Long Short-Term Memory), GRU (Gated
Recurrent Units), Bidirectional LSTMs, and SimpleRNN.
These models are designed to capture the time-series nature
of the power grid data, allowing for effective modeling of
temporal dependencies. The models are trained on diverse
configurations of power generation, load distribution, and en-
ergy storage, aiming to predict system behavior under variable
conditions.

1) Model Configuration

The system is evaluated over a series of time steps to
predict these five key output variables. Specifically, the system
operates on 60-minute intervals over the course of 7 days,
which results in 10,080 time steps. Each time step involves the
prediction of the five output variables mentioned earlier, which
helps identify power system behavior during both stable and
extreme conditions. These variables are crucial for determining
potential worst-case scenarios. A configuration class defines
key model parameters:

« Power Generators (PGs): Four power generators are
simulated.

« Power Loads (PLs): Five power loads are modeled.

« Energy Storage Systems (ESS): Four storage systems
are included in the simulation.

o Time Steps: The system is evaluated over 60-minute
intervals, simulated for 7 days, yielding a total of 10,080
time steps.

D. Data Preprocessing, Feature Selection, and Hyperparam-
eter Tuning

Once the synthetic data is generated, it is normalized using
MinMaxScaler from Scikit-learn. Normalization ensures
that the features are scaled to a range between 0 and 1,
which is important for machine learning models, as it prevents
certain features from dominating the learning process due to
differing scales [15]. Given the high dimensionality (i.e., 11
input, 5 output resulting to 11 features/dimensions) of the
synthetic dataset, feature selection is performed using Mutual
Information Regression, which quantifies the relevance of
each feature in predicting the target variable. This approach
helps reduce the complexity of the dataset by eliminating
irrelevant or redundant features, thereby improving model
performance and reducing the risk of overfitting. In Table I,
a description of the selected features that train the models is
provided.

Hyperparameter tuning is conducted using Keras Tuner to
optimize model performance. Key hyperparameters, including



TABLE I: Features used to train the models, with an indication of
which are used as outputs.

Used as Out-
put
Maximum cumulative energy generated by power gen- Yes
erators at a given time step.

Feature Name Description

overall_EPG_Max

overall EPG_Min Minimum cumulative energy generated by power gener- | Yes
ators at a given time step.
Maximum cumulative energy consumed by loads at a | Yes
given time step.
Minimum cumulative energy consumed by loads at a | Yes
given time step.

overall EPL_Max

overall EPL_Min

overall_soC State of Charge of Energy Storage Systems (ESS). Yes

bg_count Number of power generators (PG). No

pl_count Number of power loads (PL). No

ps_count Number of energy storage systems (ESS). No

sum_S_mask Sum of binary mask applied to the power generators | No
(indicates the active generators).

sum_U_NS_S Sum of binary mask applied to non-supplied generators No

(after checking connection sets, indicates active connec-
tions).

condition_satisfied A binary feature indicating if a certain balance condition | No

between energy generation and load is satisfied.

the number of units in each layer, the dropout rate, and
the learning rate, are fine-tuned using a randomized search
strategy. The number of units in LSTM, GRU, SimpleRNN,
and Dense layers ranges from 32 to 128 to balance model
capacity and complexity. Dropout rates between 0.1 and 0.15
are explored to regularize the models and prevent overfitting.
Finally, the learning rate for the optimizer is tuned between le-
4 and le-2 to control the speed and stability of model training.

E. Training and Evaluation Process

To prevent overfitting and optimize performance, several
strategies are implemented during training. Early stopping is
applied, where the training process is halted if the validation
loss fails to improve after 10 epochs, reducing unnecessary
training time and preventing overfitting [16]. Additionally, the
learning rate is reduced by a factor of 0.1 when the validation
loss plateaus, ensuring more refined convergence towards the
end of training. K-fold cross-validation is used to assess the
model’s robustness. In this approach, the dataset is split into
five subsets, and each is used as the validation set in turn,
ensuring that the results are not biased by a specific train-test
split [17].

F. Algorithm Representation and Description

The algorithm begins by initializing the power system com-
ponents, including the Power Generators (PGs), Power Loads
(PLs), and Energy Storage Systems (ESS), as described in Sec-
tion 2.1. Following initialization, synthetic data is generated
based on predefined power output ranges for each component
(Section 2.2). The subsequent step involves generating all
possible combinations of interactions between PGs, PLs, and
ESS using the powerset function (Section 2.2.1). The rela-
tionships between these components are then modeled using
connection matrices (Cqr,, Cag, Csr) as described in Section
2.2.2. The LP optimization ensures that power flows and stor-
age are managed efficiently. The key output variables predicted
are EPG Max, EPG Min, EPL Max, EPL Min, and SOC,
each forecasted for every 60-minute time step over 7 days, as
explained in Section V-D. The choice of a 60-minute interval
is made to balance computational efficiency with predictive
accuracy. This interval allows the model to capture mean-
ingful temporal trends without oversampling, which could
lead to unnecessary computational overhead and overfitting.
Compared to shorter intervals, it reduces noise and prevents

Algorithm 1 Power System Worst-Case Scenario Prediction

1: Initialize power generator (PG), power load (PL), and
energy storage systems (ESS) parameters.

2: Generate synthetic data by randomly generating power
output for each component.

3: Compute power set combinations of PG, PL, and ESS
interactions using powerset.

4: Build connection matrices: Cgr, Cas, Csr to model the
relationships between components.

5: Normalize the data using StandardScaler.

6: Perform feature selection using Mutual Information Re-
gression to reduce feature space.

7: Split the dataset into training and testing sets.

8: Define and initialize machine learning models (LSTM,
GRU, etc.).

9: Perform hyperparameter tuning using Keras Tuner to
optimize model architecture.

10: Train the models using the training set.

11: Apply Early Stopping and Learning Rate Reduction strate-
gies during training.

12: Perform K-fold cross-validation to ensure robustness.

13: Evaluate the model using MSE, MAE, and R? score
metrics.

14: Predict worst-case scenarios based on the trained model,
focusing on EPG Max, EPG Min, EPL Max, EPL Min,
and SOC variables for each 60-minute time step.

data redundancy, while longer intervals might miss significant
fluctuations and degrade the prediction granularity necessary
for real-time power system adjustments. This study aims to
predict critical operational scenarios that could challenge grid
stability by simulating a highly dynamic power system and
employing machine learning techniques. The combination of
LP-based synthetic data generation, feature selection, and
model optimization ensures robust and accurate predictions,
with implications for improving grid reliability in the presence
of renewable energy sources.

VI. EVALUATION AND DISCUSSION
A. Evaluation Metrics

Model performance is evaluated using several key metrics,
each offering a unique perspective on the model’s accuracy
and reliability. Mean Squared Error (MSE), defined as
MSE = 137" (y — §;), where y; is the actual value,
y; is the predicted value, and n is the number of observa-
tions, is sensitive to outliers, making it effective for detect-
ing significant deviations [18]. Root Mean Squared Error
(RMSE) is the square root of MSE, expressed as RMSE =

\/ S (i — §;)°, and provides an error measure in the
same units as the target variable, making it easier to interpret,
particularly when dealing with physical measurements such
as energy or load. Mean Absolute Error (MAE) measures
the average absolute difference between predicted and actual
values and is given by MAE = 13" |y, — g;[, which,
unlike MSE and RMSE, is less sensitive to outliers due to
the absence of squaring the errors, providing a complementary




perspective on performance [19]. R-Squared (R?), a statistical
measure, reflects the proportion of variance in the dependent

variable explained by the 1ndependent variables, and is defined

as R2 —1— ZZ 1(917%)
(wi—)?

values. A value of R? closer to 1 implies that the model

explains most of the variance in the data [20]. Mean Squared
Logarithmic Error (MSLE) is useful when the model per-
formance is evaluated on a logarithmic scale and is defined
as MSLE = 1 3% | (log(1 + y;) — log(1 + §:))°, penalizing
underestimations of large values more than overestimations.
Lastly, Mean Bias Deviation (MBD) measures the average
bias in predictions, calculated as MBD = 1 3% (§; — y;),
where a positive MBD indicates a tendency to overestimate,
while a negative MBD suggests underestimation [21]. To-
gether, these metrics provide a comprehensive evaluation of
model performance.

where 4 is the mean of the actual

B. Model Convergence and Generalization

Moreover, comparing training and validation loss curves,
shown in Figure 2, provides insights into the models’ con-
vergence behavior. SimpleRNN demonstrates the most stable
and consistent performance, with minimal differences between
training and validation losses, indicating strong generalization.
GRU and LSTM also show stable validation losses, while
RNN-BiLSTM converges rapidly but with slightly less accu-
racy.

C. Results and Discussion

The evaluation of model performance across multiple metrics
is crucial to ensuring accurate and reliable predictions in
power systems. The metrics considered in this analysis include
Mean Squared Error (MSE), Mean Absolute Error (MAE), R-
squared (R?), Mean Squared Logarithmic Error (MSLE), and
Mean Bias Deviation (MBD). Together, these metrics offer
a comprehensive view of each model’s ability to generalize,
make accurate predictions, and handle extreme scenarios, as
presented in Table II.

Model MSE MAE R? MSLE MBD
GRU 1.192116 | 0.843337 | 0.619921 | 0.083181 | -0.008981
LSTM 1.092650 | 0.795240 | 0.879643 | 0.073065 | -0.015112
RNN-BILSTM | 1.157707 | 0.815386 | 0.963068 | 0.081506 | -0.000478
SimpleRNN | 1.060784 | 0.770421 | 0.985887 | 0.072920 | -0.000295

TABLE II: Performance metrics for different models (MSE: Mean
Squared Error, MAE: Mean Absolute Error, R?: R-Squared, MSLE:
Mean Squared Logarithmic Error, MBD: Mean Bias Deviation).

The following metrics were used to evaluate model per-
formance, providing a comprehensive assessment of accuracy,
generalization ability, and prediction bias. Each metric plays
a vital role in analyzing the strengths and weaknesses of
the models across different scenarios. The Mean Squared
Error (MSE) measures the squared difference between the
predicted and actual values. A lower MSE indicates higher
model accuracy. According to Table II, SimpleRNN achieves
the lowest MSE (1.060784), indicating the smallest prediction
error. GRU and RNN-BiLSTM show higher MSE values, with
GRU performing the worst, while LSTM exhibits moderate
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Fig. 2: Training and Validation Loss comparison for GRU, LSTM,
RNN-BiLSTM, and SimpleRNN models.

performance. Continuing, Mean Absolute Error (MAE) eval-
uates the average magnitude of prediction errors. SimpleRNN
has the lowest MAE (0.770421), followed closely by LSTM
and RNN-BiLSTM. GRU has the highest MAE (0.843337), in-
dicating it produces less accurate predictions than SimpleRNN.
Next, R-squared (R?) reflects the proportion of variance in
the dependent variable that the model explains. SimpleRNN
achieves the highest R? value (0.985887), suggesting it ex-
plains nearly all the variability in the data. RNN-BiLSTM
and LSTM follow while GRU has the lowest R? (0.619921),
indicating weaker explanatory power. Subsequently, Mean
Squared Logarithmic Error (MSLE) penalizes underestima-
tions of large values. SimpleRNN has the lowest MSLE
(0.072920), closely followed by LSTM (0.073065), highlight-



ing that both models perform well in scenarios involving large
deviations. GRU has the highest MSLE (0.083181), indicating
a relative weakness in handling large-scale variations. Finally,
Mean Bias Deviation (MBD) measures the systematic bias
in model predictions. SimpleRNN and RNN-BiLSTM exhibit
the smallest MBD values, close to zero, implying minimal
prediction bias. GRU and LSTM show slightly higher biases,
though they are still within acceptable limits.

Moreover, the model’s ability to predict critical power
system metrics such as Extreme Power Generation (EPG)
Min/Max, Energy Price Limits (EPL) Min/Max, and State
of Charge (SOC) was further analyzed. According to Table
I, we can extract the following observations: SimpleRNN
consistently delivers the best predictions for both EPG Min
and Max, which are crucial for preventing grid overloading
and ensuring efficiency. LSTM also performs well, especially
in extreme scenarios. These accurate predictions help manage
day-to-day and hourly fluctuations in generation, reducing grid
instability risks. Additionally, SimpleRNN outperforms other
models in predicting EPL. Min, which is key for minimizing
economic risks, while LSTM excels at EPL Max predictions.
Since energy price limits vary daily or hourly, the model’s
adaptability ensures realistic economic simulations. This helps
optimize storage utilization and align operations with price
changes. Moreover, Reliable SOC predictions are essential for
efficient battery management. SimpleRNN provides the most
stable SOC estimates, while GRU and LSTM show some
variability. Accurate SOC forecasts ensure optimal storage
performance, particularly during fluctuating energy demands
and price shifts, reducing inefficiencies and preventing system
instability.

VII. CONCLUSION AND FUTURE WORK

This study presents a comprehensive methodology for de-
veloping, tuning, and evaluating machine learning models to
manage power systems with a high penetration of renewable
energy sources. By applying thorough feature selection, pre-
cise hyperparameter tuning, and extensive model evaluation,
the developed models aim to optimize the use of energy
storage systems (ESS) while ensuring system stability and
power balance. The models were evaluated based on their
ability to predict critical metrics such as Extreme Power
Generation (EPG), Energy Price Limits (EPL), and State of
Charge (SOC), which are essential for efficient power system
operation. SimpleRNN consistently demonstrated the most
stable convergence and reliable performance across various
metrics among the tested architectures. Its low prediction error
and robust generalization capabilities make it highly suitable
for applications that require accurate and steady forecasts,
particularly in managing SOC and predicting EPL Min. LSTM
also proved to be competitive, excelling in scenarios where
managing large deviations, such as predicting EPL Max or
extreme power events, is critical. Despite their strengths, GRU
and RNN-BiLSTM showed higher variability and slower con-
vergence, making them slightly less reliable in some contexts.
The model selection should be tailored to the specific require-
ments of the task at hand. SimpleRNN is recommended for
tasks requiring stable and consistent predictions with minimal

bias, particularly in energy storage system optimization. For
tasks where extreme value management is more critical, such
as mitigating large deviations in power generation or price
limits, LSTM serves as a strong alternative. Future work will
focus on applying these models to real-world power grid data
to validate their performance in dynamic environments.
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