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ABSTRACT: Integrating renewable energy sources presents technical challenges due to their variable nature,
particularly in predicting and managing microgrid operational modes. Accurate identification of grid states—
interconnected or islanded—is essential for maintaining stability and optimizing performance under fluctuating
environmental conditions to meet energy demand. This work proposes a bio-inspired, optimized binary classification
model based on Multi-Layer Perceptron Artificial Neural Networks (MLP-ANN), with the architecture and hyper-
parameters tuned using the novel Mosquito Mating Swarm Optimization (MMSO) algorithm, inspired by mosquito
mating behavior and swarm dynamics. The model employs an MLP-ANN with a variable number of hidden layers
and neurons per layer, configured to maximize classification accuracy by dynamically adjusting parameters, including
the learning rate and regularization coeflicients. Training utilizes k-fold cross-validation on experimental microgrid
data. The MMSO approach is benchmarked against Particle Swarm Optimization (PSO), Genetic Algorithm (GA),
and Grey Wolf Optimizer (GWO) to validate its effectiveness. Results show that the MMSO-optimized MLP-ANN
achieved an 86.34% recall, 98.96% precision, and 92.29% accuracy, while minimizing the Mean Squared Error to
0.0206. The MMSO-optimized MLP-ANN model achieved competitive classification performance compared to the
other algorithms evaluated; although no statistically significant differences in recall were observed among the optimizers
(p = 0.22), the MMSO achieved the lowest MSE (0.0206). The MMSO was the only algorithm capable of discovering
a four-layer architecture hidden within the same search space, evidencing superior exploration of deeper architectural
regions of the solution space. These findings demonstrate the model’s capacity to predict microgrid operational modes
under variable conditions, highlighting the potential of integrating bio-inspired algorithms with neural networks for
energy management systems. This approach could enhance the efficiency and reliability of integrating renewable energy
sources into dynamic energy systems.

KEYWORDS: Microgrids; binary classification; deep learning artificial neural network; mosquito mating swarm
optimizer; operational mode prediction

1 Introduction

The increasing penetration of renewable energy sources (RES) in the form of hybrid electric microgrids
(MGS) poses new challenges in the management and stability of electricity systems. MG is defined as
distributed generation systems comprising renewable energy generation technologies that can operate
connected to the grid or independently in isolated mode, ensuring local supply even in remote rural areas [1].
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This ability to disconnect and operate independently of the grid provides resilience against central power
grid failures, allowing critical loads to be maintained by islanding during contingencies [2]. However,
control in hybrid MGs, with a mix of renewable energies, storage, and conventional generation, faces
challenges not only of the variability and intermittency in the generation of renewable energy sources but
also entail a challenge in control and management to achieve the effective coordination of all systems, which
makes it challenging to predict and manage the operation modes optimally [3]. Suppose operating mode
transitions are not detected or managed on time. In that case, the MG can experience power quality issues
and even disruptions to the continuous supply of energy, which can become critical for certain loads. For
example, a late switch to island mode after a fault can cause voltage and frequency instability and even
damage equipment in critical facilities within a community [4]. Therefore, it is crucial to have systems that
accurately predict the operating mode, anticipate changes, and apply control strategies that maintain the
microgrid’s stability

Although Al-based approaches have demonstrated significant advantages in terms of accuracy and
adaptability, challenges remain. For example, traditional ANN models require manual hyperparameter
configurations, such as learning rate or regularization, which can be tedious and suboptimal in dynamic
environments. In addition, the high dimensionality of the MG operation data, combined with fluctuations
in environmental variables such as solar irradiance or wind speed, requires algorithms capable of balancing
exploration and exploitation in complex search spaces. This underscores the need for bio-inspired optimizers
that automate parameter adjustment, thereby improving predictive robustness across varying conditions.

Traditionally, the detection of changes in the state of MGs (e.g., island detection) has been performed
using passive or active methods based on local measurements of electrical parameters. However, in recent
years, there has been a growing interest in artificial intelligence (AI) approaches for this task [5]. Various
machine learning methods have been investigated, including artificial neural networks (ANNs), support
vector machines (SVMs), decision trees, and fuzzy logic, among others, to classify operational mode events
for electric MGs [6-8]. These intelligent methods can overcome some shortcomings of traditional techniques
for operation modes detection schemes, for example, by avoiding the need to set thresholds manually and by
improving detection speed and efficiency with less human intervention and better adaptability to changing
environmental conditions [9].

In particular, ANN model-based techniques can learn nonlinear features of complex systems from
experimentally measured data, such as voltages, frequencies, powers, and so on, thus identifying subtle
variations in system parameters that would indicate the optimal time for an operating mode change [9]
For example, in [10], it was shown that ANN approaches achieve high accuracy in island detection even
with multiple distributed sources. However, a major challenge of these intelligent methods is the high
computational load and algorithmic complexity [11]. Their sensitivity to the hyperparameter configuration of
ANN models. Recent studies in Deep Learning have shown that architectures incorporating attention mech-
anisms and recurrent structures, such as multi-LSTM networks, that achieve 99.3% accuracy in islanding
detection [12] and Attention-LSTM models that reach 98.4% with enhanced capabilities for extracting
temporal features [13], can outperform conventional MLP networks in sequential classification tasks. Other
studies have demonstrated that transformer-based architectures with domain adaptation capabilities exhibit
transferability across domains in classification problems, achieving over 82.04% accuracy under domain shift
conditions [14]. However, these deep learning approaches typically require extensive, standardized datasets
with expert labeling [15], as well as significant computational resources that may be impractical for real-
time deployment on embedded controllers for MG systems. In contrast, MLP architecture offers advantages
in interpretability, computational efficiency, and rapid convergence with limited-sized tabular data, moti-
vating their optimization through bio-inspired algorithms as a viable alternative for resource-constrained
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applications. The effectiveness of an ANN model depends on its structure, specifically the number of layers
and neurons, and on appropriately tuned training parameters, such as the learning rate and regularization
coefficients, which must be appropriately tuned to achieve robust performance. Manually determining these
hyperparameters can be challenging, especially in complex problems due to the large number of possible
parameter combinations. In this context, automatic hyperparameter optimization techniques have emerged
using bio-inspired optimization metaheuristic algorithms to improve the accuracy of AI models based
on ANN [16], metaheuristic optimization efficiently explores the space of solutions, configurations of the
ANN in this case, avoiding being trapped in local optima and considering interdependencies between
hyperparameters, resulting in more precise and generalizable models as shown in [17]. Recent literature
has demonstrated the successful application of metaheuristic algorithms for hyperparameter optimization
and meta-optimization, including Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and, more
recently, the Grey Wolf Optimizer (GWO) [18,19]. For instance, the GWO algorithm was applied to ANN
models to predict wind speed for RES applications in India [20] and achieved a competitive performance
due to its hierarchical hunting strategy, inspired by wolf packs, which enabled effective exploration and
exploitation. Nevertheless, despite the reported advancements, there is still an opportunity to explore
other bio-inspired metaheuristics that could offer enhanced performance in ANN improvement. Hybrid
optimization algorithms that integrate evolutionary and swarm-intelligence characteristics can achieve
faster convergence and higher accuracy in complex optimization scenarios [21]. In this regard, quantum
swarm intelligence algorithms are promising by integrating principles of quantum computing with meta-
heuristic optimization techniques. The Quantum Particle Swarm Optimization (QPSO) algorithm replaces
the traditional PSO velocity vector with quantum probability distributions, employing the superposition
principle to allow particles to explore multiple potential states [22]. Recent applications of QPSO in energy
programming for multi-energy community systems with electric vehicle aggregators have shown operational
cost reductions of up to 9.67% compared to traditional approaches [23]. For their part, the authors of [24]
propose a game-theoretic framework combined with improved QPSO to optimize energy programming
in multi-energy community systems, achieving significant reductions in operational costs through chaotic
perturbation and adaptive quantum behaviors. These approaches demonstrate the potential of advanced
swarm algorithms to address complex energy management problems, providing a relevant methodological
precedent for the application of the MMSO proposed in this work.

Effective system operation must account for resource availability, historical behavioral patterns, and user
energy demand profiles [25]. However, traditional control strategies generally lack adaptability to rapidly
changing operating conditions and are unable to optimize performance in real time, resulting in reduced
reliability and suboptimal energy utilization. To overcome these limitations, mathematical models play a key
role in characterizing the thermal behavior of bifacial PV modules and guiding the design and operation of
efficient energy systems [26].

Recent advances have integrated predictive thermal modeling with Al-driven forecasting and
optimization techniques for more intelligent microgrid operation. For instance, cluster-based demand
prediction using Grey Wolf Optimizer (GWO) combined with multilayer perceptrons has been proposed to
improve forecasting accuracy in dynamic environments [27]. Similarly, other studies have applied genetic-
algorithm-based approaches to increase microgrid profitability through optimal storage integration [28].

Motivated by the above, this work proposes a model based on a Multilayer Perceptron (MLP) neural
network optimized using a new generation of bioinspired algorithms, specifically the Mosquito Mating
Swarm Optimization (MMSO). The objective is to improve the accuracy of predicting operating modes in
hybrid microgrids, especially in maximizing the capacity to detect critical events, which involves achieving
a high recall to avoid dangerous false negatives. The MMSO algorithm is chosen due to its balanced
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exploration-exploitation capabilities and dynamic adaptation. The proposed MMSO is an evolutionary
algorithm inspired by the swarming and mating behaviour of mosquitoes in nature, which integrates random
“zigzag” flight movement stages with genetic operators of crossing and mutation stages to search for optimal
solutions in complex spaces, combining the strengths of Particle Swarm Optimization (PSO) and Genetic
Algorithm (GA). Unlike PSO, which depends solely on the movement of particles based on velocity and
influenced by the best personal and global positions with fixed rules, and GA, which operates with discrete
crossover and mutation operations, the MMSO integrates both paradigms into a two-stage optimization
strategy. Conventional Swarm Intelligence (SI) algorithms govern particle movement through mathematical
equations; in MMSO, a dynamic zigzag movement is incorporated to enhance exploration in complex
search spaces. The zigzag mechanism shares theoretical foundations with Lévy flight strategies, as shown
in recent hybrid optimization algorithms such as the Hybrid adaptive Wolf-Particle swarm optimization
(HAWPSO) algorithm [29], where the authors demonstrated that nonlinear perturbations significantly
enhance escape from local minima. Additionally, MMSO employs self-adjusting coefficients («, {3, y) that
are dynamically balanced for exploration and exploitation, similar to strategies that have proven effective for
tuning ANN architectures [30]. The reproductive stage of MMSO, which involves crossover and mutation
among the elite mosquitoes of each generation, adds mechanisms of genetic diversity absent in purely
swarm-based approaches.

From a methodological standpoint, the present study employs an advanced approach that begins by
defining the ANN optimization process through MMSO, including the number of hidden layers, the number
of neurons per layer, the learning rate, and the L2 regularization coefficients. The optimization algorithm
iteratively generates multiple candidate configurations, which are evaluated through k-fold cross-validation.
Each ANN candidate is trained and validated using experimental data collected from a hybrid microgrid
located at the Renewable Energy Laboratory of the Polytechnic University of Valencia. These data include
electrical variables such as renewable generation power, battery state of charge, grid power exchange, voltage,
and frequency at the point of common coupling (PCC). The recall metric, which indicates the model’s
ability to accurately detect critical operational modes, is the primary performance criterion guiding the
MMSO optimization process. The novelty of this study arises not only from the introduction and application
of the MMSO algorithm but also from its comprehensive search approach, exploring ANN structural
complexity and training parameters simultaneously applied to real-world renewable energy challenges such
as MG operation mode estimations using data from an experimental MG located in the Renewable Energy
Laboratory (LabDER) of the Universitat Politecnica de Valencia (UPV), Spain.

The rest of the paper is structured as follows: Section 2 details the methodology, explaining the
architecture of the proposed ANN model, the implementation of the MMSO algorithm, and the experimental
data used for model training and validation. In Section 3, the results are presented and discussed, evaluating
the predictive performance of the optimized ANN relative to alternative optimization approaches and
providing insights into the implications for microgrid management. Finally, Section 4 presents the main
conclusions and future research opportunities emerging from this study

2 Methodology

This section outlines the methodology employed for developing a predictor of the operational state
of MG based on an MLP ANN, whose structure is optimized by the novel bio-inspired algorithm,
Mosquito Mating Swarm Optimization (MMSO). The methodological process comprises three main stages:
(1) selection and design of the MLP-type ANN as a classifier, (2) detailed implementation of the MMSO
algorithm to optimize the architecture and hyperparameters of the MLP ANN, and (3) performance
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evaluation of the proposed optimized MLP ANN model. The Fig. 1 illustrates the general methodology for
implementing the proposed model and evaluating it.
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Figure 1: The overall methodology for the proposed optimized MLP-ANN model for MG operation mode estimation.

2.1 ANN MLP

An MLP (Multi-Layer Perceptron) ANN is a machine learning model that consists of a set of neurons
organized into layers: an input layer, one or more hidden layers, and an output layer. Each neuron applies a
nonlinear transformation to a weighted linear combination of its inputs, as defined in Eq. (1).

yi=f 2 wijxi+b )
i=1

where y; is the output of the j neuron, x; are the input of the neurons, w; ; are the neuron weights of
connection, b; is the neuron bias and f is the activation function.

In this work, the implemented MLP ANN employs the sigmoidal tangent activation function in the
hidden layers defined by Eq. (2).

f(x):tansig(x):L—l (2)

1+e 2
For the output layer of the MLP, a sigmoid logistic function is used to achieve the classification of the
operating mode of the MG in binary mode (0, 1) according to Eq. (3).

1
x) =logsig(x) = —— 3
f(x) =logsig (x) = —— 3)
An output value of 0 indicates the operation mode connected to the power grid, indicating normal
interconnection with the main power grid, while an output value of 1 indicates the island operation mode, in
which the MG operates autonomously, disconnected from the main power grid. For the ANN training stage,
the MLP aims to adjust the weights of the neurons in such a way that the difference between the values of
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the output layer and the targets of the training dataset is as minimal as possible; for this, the mean squared
error (MSE) is used as the objective function of this stage, as defined in Eq. (4).

1 & X
MSE = N Z (yz —yi)z (4)
i=1

where in Eq. (4), y; is the target output value, y; is the predicted output value, and N is total number of
samples used during the training stage of the ANN. An important aspect in the training of ANN models
is the implementation of techniques that avoid overfitting; for this, in the proposed model, the L2 type
regularization is implemented for the function of the MSE, according to Eq. (5).

j(w)=MSE+A 3 w; (5)

Being A in Eq. (5), the L2 regularization coefficient is implemented and automatically adjusted during
the optimization process by the MMSO algorithm for the optimized ANN.

2.2 MMSO Algorithmn

The MMSO algorithm is a bio-inspired algorithm that combines evolutionary strategies, such as
mutation and crossing, with collective swarm behaviors, simulating mosquitoes’ mating and flight patterns in
nature. Its goal is to comprehensively explore the search space to optimize complex structures and parameters
such as those of artificial neural networks.

The first generation of mosquitoes initialization is described by Eq. (6), for each mosquito i, where x!
is its initial position for the upper UB and lower bounds LB related to each optimization variable.

x{ = LB+ (UB - LB) - rand (1, nvars) (6)

After the mosquito population has been created and distributed in the search space, the position of the
7

mosquitoes is updated, and the movement of the particles along the search space is carried out by Eq. (7),
which also incorporates the zigzag motion of the mosquitoes’ flight.

xf“=xf+a-(xbest—xf)+/3-(xbest—xf)+Z(xf) (7)
t+1
1
position; coefficients « and f3 are global and personal influence factors which dynamically adjusted during
algorithm iterations; and Z (x!) is the mosquito zigzag fight pattern function, defined by next Eq. (8).

In Eq. (7), x;*! is the updated position of mosquito i for the iteration ¢ + 1; x! is the current mosquito

Z (x}) = zigzagFactor -sin(2m - r - ) ®

The zigzagFactor term is a coefficient determining the amplitude of the zigzag movement during
mosquito flight. This coeflicient decreases along with iterations. The zigzag flight pattern implemented in
the MMSO serves a dual purpose in the optimization process. First, it introduces controlled stochastic
perturbations to prevent premature convergence to local optima, analogous to the Lévy flight mechanisms
employed in next-generation hybrid optimizers [30], where nonlinear perturbations have been shown to
significantly enhance the escape of local optima in multimodal search spaces. The sinusoidal formulation
implemented by Eq. (8) generates nonlinear displacement vectors, allowing exploration of neighborhoods
of solutions that would be inaccessible with purely linear position updates, such as those employed in the
traditional PSO algorithm. Second, the zigzagFactor decreasing over the iterations, implicitly defined as
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zigzagFactor(t) = zigzagMax - (1 - t/ Tiyax ), implements an adaptive balance between exploration and
exploitation that translates into perturbations of greater magnitude in the initial iterations to promote a wide
coverage of the search space, while perturbations when they progressively decrease in later iterations facilitate
a refined exploitation in the vicinity of promising solutions.

MMSO equations incorporate the alpha «, beta 8, and gamma y dynamic coefficients. A high value of «
intensifies mosquitoes movement to the best overall solution, starting with a low value promoting exploration
and gradually increasing to encourage exploitation as the algorithm converges to the best global solution. The
B coeflicient is the attraction to the best personal position of each mosquito. Each mosquito “remembers” its
best position to guide itself in the next movements. A high value of  increments the influence of personal
best position on the mosquito’s flight stage, promoting the exploration and helping to avoid local optimal.
The y coefficient is implemented in the MMSO for the crossover and mutation operations in the mating stage
of the mosquitos. The variation during iterations of the «, § and y coefficients is defined by Eqs. (9)-(11).

& = Qipitial + ((Xfinal - (Xinitial) T 9)
max
t
ﬁ = /jinitial + (ﬁfinal _ﬁinitiul) : T (10)
t
Y = Vinitial + (Vinal = Vinitial) - T (11)
max

In the crossover stage, the crossover and mutation of the selected mosquitoes is done by the function
of Eq. (12).

parent [i] ifi<c

parenty [i] ifi>c (12)

of fspringsiarting (i) = {

In Eq. (12), the ¢ term represents the crossing point for the mosquitoes” genetic material. The crossing
point ¢ is an interval between 1 < ¢ < the number of variables of the optimization problem. The offsprings
generation depends on two stages, first crossing between parents, and the second in the mutation of genes.
The Eq. (13) defines how the final offsprings of mosquitos are obtained for each generation after the mutation,
and the Eq. (14) defines the integration of the dynamic y coefficient into the mutation stage, # is a random
number between 0 and 1.

of fspringfinai (i) = offspring,,,, (i) + mutation (i) (13)
mutation (i) = y - random (n) (14)

Based on the above mentioned equations, the pseudocode implementation of the MMSO algorithm is
shown in Algorithm 1.

The following section details the integration of the MMSO with the MLP-type ANN for its optimization
in the context of the problem of estimating optimal modes of operation for MG.
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Algorithm 1: Pseudocode for the MMSO proposed optimization algorithm

1. Initialization:

11. Randomly distribute mosquitoes within the search space boundaries. Evaluate their fitness,

identify the best global solution, and initialize «, 8, and y coefficients.
2. Iterative Process—FOR each iteration t = 1 to maxIter:

2.1.  Update Parameters: Adjust «, 3, and y dynamically based on iteration progress.

2.2.  Update Non-Reproductive Mosquitoes:
FOR each non-reproductive mosquito:
- Update position influenced by the best global and a random mosquito (modulated by «, f3).
- Apply zigzag movement for exploration and correct boundary violations.
- Evaluate the new fitness value.

2.3.  Reproduction and Mutation:

- Select reproductive mosquitoes based on fitness.
- Perform crossbreeding and mutate offspring (regulated by y).
- Replace worst mosquitoes with better offspring if applicable.

2.4.  Update Global Best: Update the best global solution if a superior one is found.
2.5.  Goto 2 if stop criteria are not fulfilled; if so, go to 3.

3. Output Results: Return the best position found and fitness value.

2.3 Optimized MMSO MLP-ANN Proposal

In the proposed approach for this paper, an integrated optimization framework is developed for
combining a Multi-Layer Perceptron (MLP) neural network with the novel Mosquito Mating Swarm Opti-
mization (MMSO) algorithm to predict the operational modes of microgrids under different conditions. The
framework is designed to optimize simultaneously the architecture and the training hyperparameters of the
related MLP, enhancing its predictive performance. To reinforce the validity of the proposed MMSO-based
strategy, the same optimization procedure has been implemented using three widely adopted metaheuristics,
PSO, GA, and GWO, for validation and comparison. The following Fig. 2 shows the overall architecture of
the proposed optimized MLP-ANN model.

# of hidden layers

# of neurons per hidden layer
Learning rate

L2 regularization coeff.

E MG operation
=y mode

PV power MLP-ANN

Solar irrad. . model > .

Eolic power ANN inputs g estimator
Wind speed d

Batterics power
Load demand

Figure 2: Diagram of the MLP-ANN optimized model using the MMSO algorithm.

As shown in Fig. 2 above, the model proposed in this work is based on an MLP-ANN model of binary
classifier type, which aims to establish recommendations of mode of operation for a hybrid MG. The MLP-
ANN is optimized in its structure and hyperparameters by the MMSO within an internal optimization loop,
which at the same time is fed with the inputs of the model, which are the power of the solar PV array,
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the solar irradiance, the power generated by the wind, the wind speed, the power in the batteries and the
energy demand in the MG. Once the data was obtained, it was preprocessed. Data preprocessing included:
(1) elimination of physically implausible outliers, (2) linear interpolation for missing values in gaps smaller
than five samples, excluding segments with larger gaps, and (3) min-max normalization to the range [0, 1]
for all input variables. The resulting validated dataset comprises 5605 instances. Based on this structure, the
optimization problem and its parts are defined.

The optimization variables vector X represents each candidate solution encoded, representing the ANN
configuration and structure. The optimization vector is defined by Eq. (15).

X =[L, ny, na,..., np, 1, A] (15)

where L is the number of hidden layers of the MLP ANN, #; is the number of neurons in the ™™ hidden
layer for j =1,..., L; 5 is the learning rate, and, A is the L2 regularization coefficient. The vector X unifies the
optimization both architecture and the training parameters of the MLP ANN for the optimization through
the MMSO algorithm.

The proposed MMSO MLP-ANN model’s primary objective is to maximize the ANN’s recall in
predicting critical operational modes. For a given candidate solution X, the corresponding ANN is trained
and evaluated on experimental data using k-fold cross-validation. The training objective of the ANN is
based on minimizing the MSE augmented with L2 regularization. The cost function for the ANN is defined
in Eq. (16).

jw)=MSE+LAY w} (16)

where j (w) is the objective function integrated into the MMSO, MSE is the mean squared error, A is the
regularization L2 coeflicient and w; are the ANN weights. The recall metric was obtained to evaluate each
candidate optimal solution, as defined in Eq. (17).
TP
Recall = ——— (17)
TP+FN

With TP representing the true positives and FN the false negatives. The overall objective function of

the ANN optimization process is therefore defined in the next Eq. (18).

Fmin — F (X) =1- Recall (18)

The minimization of F (X) corresponds to the maximization of the recall. This formulation is integrated
into the MMSO, which is structured to minimize the objective function according to the optimization process
of the MMSO algorithm described in previous Eqs. (6)-(14).

The ANN is trained using these parameters on the entire experimental dataset obtained from the
Renewable Energy Laboratory (LabDER) at the Polytechnic University of Valencia. The final model is
evaluated on unseen data using metrics such as recall, precision, accuracy, and MSE, ensuring that the
integrated approach yields a robust predictor of microgrid operational modes. In order to contextualize
the performance of the proposed method, all the optimization algorithms (MMSO, PSO, GA, and GWO)
were run under identical dataset partitions and parameter bounds. This uniform experimental setup
systematically compares their respective convergence behaviors and classification metrics.

To illustrate in detail the integration of MMSO into MLP-ANN processing, Algorithm 2 below presents
the pseudocode for MLP-ANN integration.
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Algorithm 2: Pseudocode for the MMSO-MLP integration

INPUT: Dataset (inputs, outputs), search bounds (Ib, ub), population size N, maximum iterations Max_iter
OUTPUT: Optimal MLP configuration, trained network, performance metrics

L

INITIALIZATION

11.  Define optimization vector X = [L, nj, ny, ..., 0y, #, A]

where: L = number of hidden layers

n; = neurons in layerj (j=1, .., L)

n = learning rate

A = L2 regularization coeflicient
1.2. Initialize N mosquitoes randomly: x° = Ib + (ub - Ib)-rand(1, dim)
1.3.  Set initial coefficients: ay, Py, Yo, zigzagFactor,

FITNESS EVALUATION (for each mosquito i)

2.1.  Define solution vector -~ MLP architecture [ny, ..., n; ]
2.2.  Build MLP network: patternnet([ny, ..., n ], trainscg)
2.3.  Configure ANN: tansig (hidden layers), logsig (output), L2 =\
2.4. Evaluate fitness using stratified 5-fold cross-validation:
fitness(i) = mean(Recall across k folds)
2.5.  Update global best if fitness(i) > best_fitness

MMSO ITERATIVE PROCESS (for t = 1 to Max_iter)
3.1.  Update dynamic coeflicients a, 3, y according to Eqs. (9)-(11)
3.2. NON-REPRODUCTIVE PHASE (Exploration):
FOR each non-reproductive mosquito i:
- Compute zigzag movement: Z(x;') according to Eq. (8)
- Update position: x'*! according to Eq. (7)
- Apply boundary constraints
- Evaluate fitness (Go to Step 2)
3.3. REPRODUCTIVE PHASE (Exploitation):

- Select top 75% mosquitoes by fitness as reproductive
- FOR each reproductive pair (parent;, parent,):
o Crossover according to Eq. (12)
o  Mutation according to Eqs. (13) and (14)
o  Replace worst mosquito if offspring is better
3.4. Update global best solution
3.5. Store convergence: Convergence_curve(t) = best_fitness

FINAL TRAINING

4.1. Build MLP with optimal configuration from X_best

4.2. Train on complete dataset with k-fold cross-validation

4.3. Compute metrics: Recall, Precision, Fl, Specificity, Accuracy, AUC, MSE
4.4. Generate confusion matrix and ROC curve

RETURN optimal MLP architecture, hyperparameters, trained network
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Additionally, Fig. 3 presents the flowchart corresponding to the MMSO-MLP optimization framework,
illustrating the logical sequence of operations and the iterative cycles of the algorithm.

START

INITIALIZATION: FINAL TRAINING:
Optimization vector definition. *  Build optimal MLP
¢ Mosquitoes' initialization. Train on the complete dataset
Initialize dynamic coefficients for validation
and zigzag factor + Compute performance
‘ evaluation metrics

FITNESS EVALUATION:

+ Decode solution vector

*  Build MLP ANN

* Evaluate fitness via stratified k-
fold cross-validation

A\ 4

END

Do while t=1 to Max. iter. *

UPDATE DYNAMIC COEFFICIENTS
AND ZIGZAG FACTOR

'

NON-REPRODUCTIVE PHASE
(EXPLORATION)

v

REPRODUCTIVE PHASE
(EXPLOITATION)

'

UPDATE GLOBAL BEST

—>

Figure 3: Flowchart of the MMSO-MLP optimization framework showing the integration of the mosquito mating
swarm optimization algorithm with the MLP training process.

3 Results and Discussion

This section provides an in-depth analysis of the proposed MLP-ANN classifier optimized by MMSO. It
compares it to three different bio-inspired algorithms, PSO, GA, and GWO, to predict the operational mode
for a hybrid microgrid.

3.1 MLP Configurations Identified by the Bio-Inspired Optimization Algorithms

The proposed MLP-ANN was optimized using four different bio-inspired algorithms to identify the best
optimizer for the application. Each algorithm explored a predefined solution space and evaluated different
MLP-ANN architectures and hyperparameters. During optimization, each method iteratively generated
candidate solutions, trained and validated the corresponding MLP, and updated the search according to its
specific evolutionary or swarm-based rules. The Table 1 shows the preset search space and configurations of
the implemented algorithms to optimize the proposed MLP-ANN.
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Table 1: Configuration parameter for the MLP-ANN optimization.

Parameter Value
Hidden layers 0-10
Neurons per hidden layer 0-300
Learning rate 0.0001-2
L2 0.01-0.05
Search agents (MMSO, PSO, GA, GWO) 1-100

As mentioned, the proposed approach of an MLP-ANN optimized by the new proposed MMSO
algorithm was validated against PSO, GA, and GWO to compare performances. After performing the
simulations and training of the MLP-ANN using all the algorithms, the following Table 2 was obtained, which
summarizes the results of the optimizations of the hyperparameters and architecture of the MLP-ANN to
obtain the best recall in the prediction of the operating state of the experimental MG.

Table 2: Best MLP-ANN configurations obtained for each optimization algorithm.

Hidden Layers and Neurons Computing Time

Algorithm Per Layer Learning Rate L2 (min) MSE
MMSO (8,173, 106, 54] 0.0001 0.0100 60 0.020618
GWO (261, 231] 1.1661 0.0377 57 0.023577
PSO [300] 1.2542 0.0145 42 0.028834
GA (12, 95] 11823 0.0435 43 0.021806

The above Table 2 compiles the resulting optimal configurations after the optimization process of each
of the algorithms, illustrating that the MMSO algorithm converged on a four-layer architecture with the
architecture of [8, 173, 106, 54], paired with a relatively small learning rate (0.0001) and a moderate L2 value
(0.0100). These settings suggest a preference for a more intricate representation, potentially enabling the
model to capture subtle nonlinearities in the MG dataset. The PSO algorithm, in contrast, concentrated on a
single wide hidden layer of 300 neurons with a larger learning rate (1.2542), indicating a more straightforward
structure but faster parameter updates. The GA favored a two-hidden-layer design of [12, 95] and a similarly
high learning rate of 1.1823, while GWO also settled on two hidden layers but with larger neuron counts
[261,231] and alearning rate of 1.1661. The total computing time ranged from 42 to 60 min, with PSO finishing
the fastest but simultaneously reporting the highest mean-squared error (MSE). The proposed MMSO
algorithm, though not the quickest, obtained the smallest MSE (0.020618), providing an early indication that
deeper networks might yield more precise decision boundaries. The analysis of trainable parameters reveals
differences in model complexity. The MMSO algorithm’s four-layer architecture contains 25,890 trainable
parameters, compared to 62,581 for GWO (two layers), 2401 for PSO (single layer), and 1415 for GA (two
layers). Notably, the GWO’s architecture, despite having only two hidden layers, requires the highest number
of parameters due to its wide layer configuration (261 and 231 neurons), whereas MMSO achieves superior
MSE performance with a deeper but narrower topology. This suggests that architectural depth, rather than
sheer parameter count, may be more effective for capturing the nonlinear dynamics inherent in microgrid
operational data.
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3.2 Cross-Validation Performance and Statistical Analysis

A stratified 5-fold cross-validation procedure for evaluating each optimized network on multiple
independent partitions to reduce variance and to offer a more reliable picture of generalization for each MLP-
ANN compared. The Table 3 displays the average metrics of recall, precision, Fl-score, specificity, accuracy,
and area under the ROC curve (AUC) and their standard deviations computed across the five k-folds. These
metrics reflect each bio-inspired optimization algorithm’s ability to correctly distinguish the “islanded” and
“interconnected” classes for the MG operation mode, primarily emphasizing recall for capturing critical
islanding events.

Table 3: Average k-fold performance metrics for the MLP-ANN.

Algorithm Recall (%) Precision (%) F1-Score (%) Specificity (%) Accuracy (%) AUC (%)
MMSO 85.90 + 1.68 98.23 £ 1.05 91.64 + 1.10 98.26 + 1.06 91.72 £ 1.04 99.91 + 0.12
PSO 85.93 £1.21 98.57 + 0.65 91.81 +£ 0.94 98.60 = 0.64 91.90 £ 0.90  99.95 + 0.05
GA 86.00 £ 1.37  99.53 + 0.33 92.27 + 0.87 99.55 £ 0.32 92.38 £ 0.80  99.99 + 0.01
GWO 86.40 +1.63  99.11 + 0.60 92.32 +£1.03 99.13 + 0.59 92.40 £ 0.97 99.96 + 0.03

As shown in Table 3, the four optimization algorithms all achieved recall values between the 85.9%
and 86.4% range, reflecting their shared capacity to detect islanded conditions with low false negative rates.
Although GA and GWO show slight numerical improvements in recall (86.0% and 86.4%), the differences
remain within approximately 1% of the MMSO and PSO results. A similar pattern emerges in precision,
specificity, and accuracy, where GA and GWO surpass 99% in precision and specificity, while MMSO and
PSO remain close behind at around 98%. The AUC values exceed 99.9% for all methods, confirming that
each optimized MLP correctly separates the two operational modes across various decision thresholds.

A repeated-measures one-way ANOVA was conducted on the recall metric, using the individual
fold-level data for all four algorithms, but the resulting p-value exceeded 0.05 (p = 0.22). This lack of
statistical significance implies that the cross-validation differences between algorithms cannot be conclu-
sively distinguished within the present dataset. Post-hoc Tukey analyses further confirmed overlapping
95% confidence intervals. Hence, despite the slight numerical variations, all four strategies robustly solve
the classification problem. However, the deeper network arrived at by MMSO emerges as notable since it
systematically explores more multi-layer topologies. While its recall does not exceed that of GA or GWO in
this dataset, it appears well-suited to more complex or larger training scenarios, given its exceptionally low
MSE during optimization. These findings emphasize that MMSO and PSO represent robust metaheuristics
for discovering near-optimal MLP architectures. The final choice may thus be influenced by secondary
factors, such as ease of parameter tuning, convergence speed, or system complexity, which MMSO appears
to handle better than the other optimization algorithms. The Fig. 4 illustrates the recall performance
with 95% confidence intervals for each optimization algorithm, providing a visual representation of this
statistical equivalence.

After determining each algorithm’s best hyperparameters, the MLP was retrained on the entire dataset
of 5605 instances to generate final predictions. The following Table 4 shows the key classification metrics
recall, precision, Fl-score, specificity, accuracy, and AUC, along with the MSE for the proposed optimized
MLP-ANN comparison for all optimization algorithms evaluated.
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Figure 4: Cross-validation recall performance with 95% confidence intervals for each optimization algorithm.

Table 4: Key classification metrics for the proposed optimized MLP-ANN.

Algorithm Recall (%) Precision (%) F1-Score (%) Specificity (%) Accuracy (%) AUC (%) MSE

MMSO 86.34 98.96 92.22 98.98 92.29 99.99 0.020618
PSO 86.07 98.80 91.99 98.83 92.08 99.96 0.028834
GA 86.44 99.73 92.61 99.73 92.70 99.99 0.021806
GWO 86.47 99.30 92.44 99.32 92.52 99.98 0.023577

The results shown in Table 4 are consistent with the cross-validation findings, with all four methods
maintaining recall in the mid-86% range, accuracy near or above 92%, and extremely high AUC values. It is
notable how MMSO registers the lowest MSE (0.020618), underscoring that its deeper architecture may offer
a tighter fit to the global data distribution, even if its recall is not markedly distinct from its competitors. The
precision achieved for the GA was 99.73%, and GWO achieved 99.30%, slightly surpassing the ~98% range
of MMSO and PSO, indicating fewer false positives. Fig. 5 presents a comparative visualization of the MSE
achieved by each optimization algorithm, ordered from lowest to highest error.

The MSE comparison in Fig. 5 above reveals differences in model fit across optimization algorithms.
MMSO achieved the lowest MSE (0.0206), representing a 28.5% reduction compared to PSO (0.0288) and a
12.5% improvement over GWO (0.0236). This indicates that the MMSO-optimized architecture provides a
tighter fit to the underlying data distribution, resulting in predictions closer to the actual target values. While
GA achieved a competitive MSE (0.0218), the MMSO result demonstrates that its balanced exploration-
exploitation strategy enables the discovery of network configurations that minimize prediction error more
effectively than the benchmark algorithms.
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Mean squared error comparison across optimization algorithms
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Figure 5: Mean squared error comparison across optimization algorithms.

The Fig. 6 illustrates the confusion matrices of MMSO, PSO, GA, and GWO for the entire dataset,
emphasizing the low ratio of false negatives across all approaches. This is particularly important since failing
to detect a legitimate island mode can compromise the resilience of a microgrid, potentially leading to adverse
voltage or frequency events.

The consistently high precision achieved by the optimized MLP-ANN confirms that false alarms remain
minimal, an essential consideration if unnecessary isolation disrupts the power supply or imposes additional
switching losses. The strong alignment between the fold-by-fold statistics and the overall confusion matrices
affirms that none of the algorithms overfit a particular subset of data and that all four trained MLPs achieve
stable performance across the microgrid’s operational range.
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Figure 6: (Continued)
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Figure 6: Confusion matrix from (a) MMSO, (b) PSO, (c¢) GA, and (d) GWO obtained after the MLP-ANN training.

3.3 Microgrid Operation Mode Estimation

The mid-80% recall documented in this study suggests that all four bio-inspired optimization techniques
can effectively detect islanding events in a timely manner, thus reducing the risk of equipment damage or
supply interruptions for critical loads. In addition, precision near or above 98% translates to minimal false
positives that might otherwise lead to spurious islanding decisions. While GA and GWO algorithms achieve
slightly higher recall and precision on the final dataset, the deeper MLP discovered by MMSO stands out for
attaining the lowest MSE, hinting at a more thorough exploration of the optimal possible parameter spaces.
This outcome aligns with the strategic design of MMSO, which combines “zigzag” exploration, swarm-based
adaptation, and crossover—mutation steps to navigate the search space with a balance of exploration and
exploitation. Although these advantages do not manifest as a substantial difference in recall or AUC in the
present dataset, they hold promise for more demanding or expansive microgrid environments. Indeed, a
deeper and more expressive network architecture may prove advantageous if the system evolves to include
additional generation units or the operating conditions become increasingly heterogeneous. The relationship
between architectural depth and prediction error is illustrated in Fig. 7, where bubble size represents the total
number of neurons in hidden layers

Fig. 7 reveals an inverse relationship between network depth and MSE for the evaluated algorithms.
MMSO uniquely discovered a four-layer architecture with 341 total neurons, achieving the lowest MSE, while
PSO converged to a single-layer network with 300 neurons but yielded the highest error. Interestingly, GWO
produced the largest network (492 neurons across two layers). This finding highlights MMSO’s capability to
explore deeper topological configurations that other algorithms did not reach, providing empirical evidence
that its zigzag exploration mechanism and dynamic coefficient adjustment facilitate the discovery of more
expressive architectures for complex classification tasks. The Fig. 8 shows the results of a practical case
application for estimating the optimal mode of operation of the experimental MG located in the Renewable
Energy Laboratory of the Polytechnic University of Valencia, Spain.



Energy Eng. 2026;123(7):6

Figure 7: Relationship between network architectural depth number of hidden layers and mean squared error.
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Figure 8: Plots of (a) environmental variables, (b) power generation and load from the MG and (c) optimized MLP-
ANN model MG mode recommendation and established MG operation mode based on model recommendation.

As shown in Fig. 8, data were obtained from an experimental MG to validate the optimized MLP-
ANN model proposed in this work; the model was then trained using the proposed MMSO. Panel (a)
reflects the variability in environmental conditions, particularly solar irradiation and wind speed, while panel
(b) illustrates the corresponding variations in power generation and load. To estimate the most appropriate
mode of operation, the optimized MLP-ANN model, considering all variables, provides a recommendation,
as shown in Fig. 8c by the grey line. As shown, the MLP-ANN recommendation exhibits significant
differences between the connected mode (value of 1) and the isolated mode (value of 0). However, frequent
changes between modes can damage the equipment involved, increase wear on switching mechanisms,
and even render the process physically unviable. To address this issue, in addition to the optimized MLP-
ANN model recommendation, a practical filtering layer was implemented that accounts for the minimum
residence times in each mode. In this way, the red line in Fig. 8c represents the final, established MG mode.
This additional management layer ensures that the microgrid does not oscillate excessively between modes,
thereby balancing the predictive responsiveness of the MLP-ANN with the practical operational constraints
that aim to protect the hardware and maintain stable power quality. From an operational perspective,
the false negative rate of approximately 14% (corresponding to a recall of approximately 86%) warrants
careful consideration. In microgrid applications, a false negative occurs when the system fails to recommend
islanding when it should, potentially exposing critical loads to grid disturbances. However, the consistently
high specificity (>98.8%) ensures that unnecessary islanding events, which could disrupt service and increase
equipment wear, are minimized. This asymmetric error profile, which favors specificity over recall, may be
appropriate for microgrids where false alarms incur higher operational costs than brief exposure to grid
anomalies; however, the optimal trade-off depends on the specific application requirements.

Recent studies on power system classification have shown that the cost ratio between false negatives and
false positives typically ranges from 4:1 to 5:1, reflecting asymmetric consequences where undetected critical
events incur significantly higher operational and safety costs than false alarms [30]. In MG applications, false
negatives occur when the system fails to recommend switching to island mode when grid conditions require
it, potentially exposing critical loads to voltage and frequency disturbances, damaging sensitive equipment,
and posing safety risks to maintenance personnel [3]. The consistently high specificity (>98.8%) achieved
by all optimizers in this study ensures that unnecessary isolation events remain minimized, reducing
wear on switching equipment and service interruptions, while the approximately 86% recall represents an
acceptable trade-off for applications where false alarms generate immediate operational costs greater than
brief exposure to grid anomalies. However, for critical safety installations such as hospitals or data centers,
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future implementations should consider cost-sensitive learning approaches or threshold adjustments to
prioritize recall over precision, potentially reaching recall levels above 98% as recommended for compliance
with the IEEE 1547 standard, which requires detection within less than 2 s.

4 Conclusions

This work presented a binary classification model based on an MLP-ANN model whose architecture
and hyperparameters were optimized by the novel MMSO algorithm. The primary objective was to enhance
the accuracy of predicting operational modes in a hybrid microgrid, with a focus on reducing false negatives
to prevent late or missed detections of island conditions. The proposed approach was trained and validated
with real data from an experimental microgrid hosted at the Renewable Energy Laboratory of the Polytechnic
University of Valencia, thereby providing a robust test bed with varying environmental conditions and power
flow profiles.

The comparative analysis against other widely used bio-inspired optimizers (PSO, GA, and GWO)
underscored that all methods achieved commendably high recall, exceeding 85%, and accuracy surpassing
92%. However, the proposed MMSO-based model exhibited the lowest MSE, with a value of approximately
0.0206, which suggests a finer-grained fit to the underlying data distribution for complex systems. Although
GA and GWO attained slightly higher recall in some folds, the observed differences were statistically
nonsignificant. These findings indicate that each algorithm can reliably capture essential system dynamics;
however, the proposed MMSO’s capacity to consistently search deeper and more complex network structures
positions it as a powerful metaheuristic for scenarios that necessitate a more nuanced representation of
microgrid behavior. Furthermore, the resultant MLP-ANN model demonstrated strong resilience to false
positives, with a precision exceeding 98%, thereby mitigating the risk of unnecessary switching events. This
work introduced a methodological framework for optimizing neural network architecture and hyperparam-
eters using bio-inspired algorithms, showing that the search space can be effectively explored without manual
intervention. The presented MMSO algorithm’s ability to discover four-layer architectures, which exceeds
the reach of PSO, GA, or GWO within the same bounds, underscores its enhanced exploration capabilities,
especially when optimal solutions are located in deeper architectural regions.

From an operational standpoint, the MMSO-optimized MLP-ANN’s practical feasibility was demon-
strated by integrating an operation-mode management layer that filters a mechanism enforcing minimum
residence times in both connected and islanded modes. This solution aims to balance the sensitivity of the
proposed classifier, which can detect subtle fluctuations in power or environmental conditions, with the
need to avoid excessive switching and maintain hardware longevity, as well as practical implementation con-
straints. Overall, the results suggest that a bio-inspired hybridization of neural networks with evolutionary
swarm-based strategies can provide a viable foundation for advanced energy management in modern hybrid
microgrid systems. The MLP-ANN model optimized using MMSO proposed in this work has characteristics
that make it attractive for practical implementation in MG systems. The oftline optimization, which takes
about 60 min, is a one-time computational processing cost that must be performed only once to adapt the
model to the system on which it will operate; in turn, the ANN architecture found by MMSO with four hidden
layers [8, 173, 106, 54] allows inference in the order of milliseconds, meeting the requirements of the IEEE
1547 standard. Additionally, the training using the scale-conjugate gradient method (trainscg) showed stable
convergence, and validation via k-fold cross-validation with k = 5 yielded a model with standard deviations
below 1.68% for recall. However, the limitations of the proposed approach must be acknowledged, including
that, since the model is based on an ANN, it must be retrained with data from each new location where it is
to be implemented. Furthermore, the performance of the proposed model depends on the availability and
quality of measurements, as well as on the filtering and preprocessing of such data.
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Future research may extend this framework to larger, more heterogeneous systems, incorporate addi-
tional performance metrics (e.g., latency or computational overhead), and embed real-time constraints for
grid-interactive MG control.
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Nomenclature

Symbol Description

a Global-best attraction coefficient in MMSO algorithm

B Personal-best attraction coefficient in MMSO algorithm
y Crossover and mutation dynamic coefficient in MMSO algorithm
A L2 regularization coefficient

n Learning rate

b; Bias term of the j-th neuron

c Crossover point in genetic operations

f(-) Activation function

j(w) Cost function with L2 regularization

L Number of hidden layers in MLP

LB Lower bound of optimization variables

n; Number of neurons in the j-th hidden layer
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N Total number of training/validation samples
t Current iteration number

Tmax Maximum number of iterations

UB Upper bound of optimization variables

Wi,j Synaptic weight connecting i-th input to j-th neuron
X Optimization variables vector

X Input variable to the MLP model

X' Position of mosquito i at iteration t

xbest Best global position found

Yi Output of the j-th neuron

Vi Predicted output value

Vi Target output value

Z(-) Zigzag flight pattern function in MMSO
Abbreviation Definition

Al Artificial Intelligence

ANN Artificial Neural Network

ANOVA Analysis of Variance

AUC Area Under the Curve

CI Confidence Interval

Ccv Coeflicient of Variation

FN False Negative

FP False Positive

GA Genetic Algorithm

GWO Grey Wolf Optimizer

LabDER Laboratorio de Energias Renovables (Renewable Energy Laboratory)
logsig Logistic sigmoid activation function

MG Microgrid

MLP Multilayer Perceptron

MMSO Mosquito Mating Swarm Optimization
MSE Mean Squared Error

PCC Point of Common Coupling

PSO Particle Swarm Optimization

PV Photovoltaic

RES Renewable Energy Sources

ROC Receiver Operating Characteristic

tansig Hyperbolic tangent sigmoid activation function
TN True Negative

TP True Positive

UPV Universitat Politecnica de Valencia
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