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Abstract

The use of renewable energy sources (RESs) in modern electric grids poses considerable challenges
regarding the balance of supply and demand and the cost-effective operation of the grid. In this paper
we present the decentralized energy management system (EMS) to reduce operational costs, to cope
with uncertainties of the renewable generation and load demand. The solution involves employing a
machine-learning-based approach, the multilayer perceptron artificial neural network (MLP-ANN),
to develop precise forecasts of photovoltaic and wind turbine generation, ambient temperature, and
load demand. Of the two tested training algorithms (Levenberg-Marquardt (LM) and resilient
backpropagation (RP), LM had the best predictive performance. The newly proposed Modified
Cheetah Optimizer (MCO) algorithm eliminates the common local trapping and premature
convergence issue possessed by the traditional optimization methods to optimize generation
scheduling. The integrated EMS based on MCO achieves an impressive reduction of 26.8% in
operational cost in comparison with traditional methods. In addition, the adoption of a DR program
leads to a peak load decrease by 7.5% and a valley load filling increase by 9.6%. Through simulation
results, we find that the proposed framework improves the forecast accuracy up to 15%, resulting in
a more resilient and economic microgrid management strategy. The impacts of matching machine
learning forecasting with enhanced optimization methods and solving methodologies may turn into
a breakthrough in microgrid operational optimizations and economic advantages, as the work
emphasizes.

Keywords: decentralized energy management system; machine learning; forecasting; renewable
energy sources; microgrid optimization; demand response; operational cost reduction; uncertainty
management; photovoltaic generation; wind turbine generation

1. Introduction

Recently, there has been global attention to renewable energy sources due to increased issues
about climate change and depleting reserves of fossil fuel [1]. Microgrids have turned out to be a
suitable solution in integrating renewable energy sources (RESs) while maintaining grid stability.
Microgrids develop evolutionary flexibility in participation in diversified energy resources, moving
energy generation closer to consumption points and reducing transmission losses. The operational
complexities imposed on the variability by the load demand, as well as those because of photovoltaic
(PV) and wind turbine (WT) generations, inherently call for advanced techniques when it comes to
forecasting and optimization.

The need for renewable energy sources —efficient microgrid development, accurate forecasting
of renewable power generation, and active load demand performance—plays a large role in
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conducting an efficient procedure in microgrid operations. Traditional procedures using time series
analysis [2], and several statistical techniques hold low accuracy related to the stochastic and
nonlinear operative natures in RESs [3], whereas conventional procedures of optimization with
higher nonlinear and extensive dimensional constraints fail to obtain a globally optimal solution that
characterizes planning or scheduling of microgrids [4]. These limitations point to the need for novel
approaches in data-driven forecasting and optimization for better performance of energy
management systems (EMSs).

Precise forecasting of renewable generation is one of the key challenges in energy management
within microgrids. Due to the stochastic and intermittent nature of PV systems and WTs, complexity
in power generation scheduling has increased a lot and requires advanced predictive models.
Traditional methods, such as statistical and deterministic approaches, normally cannot predict the
nonlinear nature of renewable sources. This deficiency may lead to suboptimal energy management,
lower system reliability, and higher operational costs [5]. Recent advances in machine learning (ML)
techniques have opened new avenues for surmounting the challenges found in forecasting. These
techniques, especially artificial neural networks (ANN), have been more successful than the old
techniques in dealing with the main difficulties of complex nonlinear relationships that are usually
present in energy forecasting. As such, multilayer perceptron ANNs (MLP-ANN) have been applied
quite successfully in the estimation of PV and WT output using past data and meteorological
variables, while out of the several training algorithms, Levenberg-Marquardt (LM) stands superior
as compared to others such as resilient backpropagation (RP) for its high degree of accuracy and
swiftness of convergence [6-8].

The more sophisticated models, such as Support Vector Regression (SVR), have also shown a lot
of promise. For instance, Singh et al. [9] discussed how SVR models that were trained on extensive
datasets, including historical energy production and meteorological conditions, were able to make
improvements in forecasting accuracy and hence permit better resource allocation with reduced
operational costs.

Other works also confirm the efficiency of machine learning models in renewable energy
forecasting. Greve et al. [10], for instance, propose a hybrid ensemble model. The work combined two
neural network algorithms, bidirectional long short-term memory with mixed integer linear
programming, and two tree-based techniques, namely gradient boosting decision tree and random
forest (RF), to improve local wind power generation forecasting. This ensemble model outperformed
the performance of individual algorithms, improving the Root Mean Squared Error (RMSE) by 10%
and hence providing a more reliable forecast for day-ahead predictions. In the work of Dimitropoulos
et al. [11], it was proposed, for the short-term prediction of energy generation in a community solar
plant other machine learning algorithms like extreme gradient boosting, SVR, and long short-term
memory. Out of these, there resulted in great reductions of RMSE, ensuring that the outperforming
was done by the XGBoost model at all the considered models. These results further confirm that ML
can predict energy production with a high degree of accuracy, a critical factor in the optimization of
energy supply and distribution in microgrids.

Besides, some recent works have targeted the inclusion of ensemble learning and advanced ML
algorithms to enhance forecasting accuracy. Wu et al. [12] developed flexible multi-time-period fuzzy
uncertain demand response models for optimizing load forecasting with the aim of network
stabilization, hence further enhancing robust energy management systems. Other techniques that
have been successful in overcoming the limitations of single models include ensemble methods, such
as Gradient Boosting Regression (GBR), RF, and hybrid frameworks within the scope of both
forecasting and load management. The combined wavelet transformations and ML models show
great potential in handling nonlinear periodic patterns of renewable energy data sets for more
accurate predictions and better energy management performance [13].

In the context of optimization, particle swarm optimization (PSO) and genetic algorithm (GA)
have been two of the popular metaheuristic algorithms long used in scheduling within microgrids
due to their ability to handle complex constraints [2,14]. However, methods using these algorithms
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have generally been criticized for several reasons, including premature convergence and
computational inefficiency when applied in high-dimensional space, hence restricting their
applicability in more complex microgrid settings. Some researchers have tried to overcome such
defects by using enhanced PSO methods, like second-order oscillatory chaotic mapping PSO and
velocity differential evolutionary PSO, aiming at improving both the computational efficiency and
the robustness of such energy management under uncertainty [15,16]. These approaches have fared
well in improving the performance of energy systems under dynamic and uncertain operational
conditions.

In this direction, several hybrid optimization approaches have recently appeared that combine
PSO with the most advanced techniques, such as primal-dual interior point methods and multi-agent
system-based frameworks [17,18]. Such hybrid models aim at providing even better performances in
microgrid operation by properly exploiting the flexibility of PSO and the accuracy of more
deterministic methods. It is such hybridization that has been able to address the concerns of system
efficiency, power quality, and fuel consumption —issues that are of prime importance for real-world
optimization of microgrid operation.

Besides, several recently proposed advanced strategies to mitigate issues related to energy
management within microgrids. Within this context, the two-layer energy management system in
[19] efficiently performed the optimization process of matching between batteries and fuel costs, with
the help of goal programming techniques, proving that by increasing battery lifetimes, there would
be a chance to reduce the total operating costs. Other metaheuristics, such as memory-based genetic
algorithms [20] and grey wolf optimization [21], have also been applied with considerable success to
optimize power distribution, reduce costs, and handle renewable variability. Advanced particle
swarm optimization methods [22] have also shown potential in providing 24-hour forecasts for load
and renewable energy variations, thus ensuring better system adaptability.

Hybrid approaches have also significantly enhanced energy management strategies. Fuzzy logic
hybridized with grey wolf optimization has efficiently implemented operational cost minimization
and fossil fuel emissions by optimally utilizing batteries and minimizing the dependency on
conventional energy [23]. Chaotic and fuzzy self-adaptive particle swarm algorithms have also
shown their effectiveness in the microgrid to minimize emissions and reduce costs in multi-objective
optimization challenges [24]. Stand-alone microgrids have already adopted optimization techniques
such as the application of a genetic algorithm in the optimal placement of renewable resources and
storage devices. Such optimization techniques, by considering environmental variables such as wind
and solar irradiance, optimized lifecycle costs while assuring efficient energy use [25].

Put together, these developments point to a rising role in advanced metaheuristics and hybrid
optimization methods in solving the complexities of microgrid operation. These methods address
issues such as computational inefficiency, resource variability, and system adaptability, thus paving
the way for more sustainable and cost-effective energy management solutions in dynamic and
uncertain operational contexts.

With an increasingly important emphasis on integrating multiple energy sources and optimally
managing the energy, more advanced developments in control strategy are driven. For example,
Abd-Flhaleem et al. developed an intelligent power management system for PHEV using a chaotic
enhanced generalized particle swarm optimization-based interval type-2 Takagi-Sugeno-Kang fuzzy
controller [26]. Their methodology presented evidence of energy savings concerning the conventional
methods, but it also has a big disadvantage: the fact that the system proposed was only simulated
and not tested in real conditions. On the other hand, Aguila-Leon et al. [27] proposed an auto-tunable
energy management system for microgrids based on ANN optimal with PSO. This system showed
remarkable improvements in forecast accuracy, although, with its high reliance on computational
resources, practical feasibility concerns are raised with respect to real-time applications.

Going further with the optimization techniques, Ferahtia et al. proposed an SSA-based energy
management strategy for a DC microgrid that contains various power sources, such as renewables,
fuel cells, and battery storage [28]. Their model showed better performance in terms of fuel savings
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and power quality compared to conventional PSO-based systems; however, the authors mentioned
that more tests should be conducted in different real-world scenarios to be able to fully assess the
robustness of the system.

Besides, demand-side management strategies, as analyzed by Thornburg et al. [29], have already
turned out to be viable in the context of an isolated system with high renewable energy penetration.
These are demand-shifting, and peak-shaving applied to specific scenarios characterized by
variability and uncertainty of renewable generation that give a great contribution to enhancing the
reliability and efficiency of the systems.

While significant progress has been made in forecasting and optimization for microgrid EMSs,
several gaps remain. For instance, most of the existing forecasting models are far from fully capturing
the complex nonlinear interactions among photovoltaic generation, wind turbine output, ambient
temperature, and load demand, which significantly limits their accuracy under variable and dynamic
conditions. While ANN-based models, especially MLP ANNs, have been very successful in
forecasting PV and WT outputs using historical data and meteorological variables [6,7], their use
within a general framework of energy management systems has not been sufficiently investigated.
Most previous work has concentrated on enhancing the accuracy of the forecasts without considering
how these models could be integrated within a general framework of energy optimization and
decision-making. Besides, the LM training algorithm has been proved to be more accurate and with
higher convergence speed compared to some other methods, such as resilient backpropagation, but
its power for solving dynamic and uncertain microgrid environment problems is yet to be tapped.
Development and implementation of an MLP-ANN-based forecasting model within energy
management systems could bridge the gap in allowing better accuracy and more informed decision-
making.

Besides, most conventional optimization techniques also lack the potential to balance
exploration and exploitation effectively, hence resulting in suboptimal scheduling solutions when
dealing with high-dimensional nonlinear constraints. This drawback is further exacerbated by the
fact that most of the approaches ignore the correlations among the forecasted variables, hence leading
to a lot of inefficiencies in scheduling and resource allocation. These challenges call for novel
approaches that will integrate advanced forecasting techniques with robust optimization frameworks
to enhance the overall efficiency and performance of EMSs.

To address these gaps, this paper proposes an advanced EMS for microgrids that will
incorporate sophisticated forecasting and optimization techniques. The major contributions of this
research work are as follows:

1. Development of ML-based forecasting models using MLP-ANN trained with LM and RP
algorithms for the prediction of PV and WT generation, ambient temperature, and load demand.
The proposed approach will have higher accuracy; LM performed better as compared to RP.

2. Inthis paper, the MCO algorithm is proposed, adding advanced mechanisms of exploration and
exploitation to traditional metaheuristic approaches, like cheetah optimizer (CO) [30], PSO, and
teaching-learning-based optimization (TLBO) [31] algorithms. MCO successfully solves
microgrid scheduling problems containing high-dimensional and nonlinear optimization.

3. Incorporation of the DR program within the EMS to handle peak and valley loads will help to
ensure that the balance between the supply and consumption of electricity will be much better.
This reduces operation costs.

4. A consideration of correlations among forecasted variables to enhance the reliability and
adaptability of the EMS in its operating modes under uncertainty.

The proposed EMS provides a robust solution for cost-effective and reliable microgrid operation
by combining high accuracy forecasting with a well-advanced optimization framework, thus
contributing to the broader adoption of renewable energy technologies.

The rest of the paper is organized as follows: Section 2 defines the optimal EMS’s formulation;
Section 3 presents the proposed MLP-ANN forecasting method. Section 4 presents the proposed
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MCO algorithm in detail. Section 5 discusses the simulation results regarding system performance.
Finally, Section 6 concludes this paper and advises on further areas of research.

2. Problem Formulation

The optimization problem for the EMS is defined in this section, with an emphasis on optimal
generation scheduling. The primary goal is to reduce operational costs, which are subject to a variety
of constraints, including power balance constraints, spinning reserves constraints, generation
capacity constraints, and DR constraints.

2.1. Objective Function

The optimization goal is to achieve a compromise between the reduced total operational cost of
the generation units deployed at the generation locations and the costs associated with a specific DR.
The objective function can be constructed in the following manner:

Min Ciota) = Cgeneration + Cgrid + Cgiesel + Cpr

M
Cgeneration = Z%:l Z{:l thind,l ' lwind,l + Zlk(=1 Ptpv’k : lPV,k
| @
Cgrid = Z:l Ptgrld : lgrid,t
®)
Catesel = Li=1 Xh=1 (B°"- (a;P"% + b))
(4)

where the system’s total operational cost is denoted as Cigtal- Cgeneration indicates the operational
expenses of renewable generation (WT and PV with the cost coefficients of Ilyinq; and Ilpyy,
respectively) at their respective nodes. Cgq represents the cost of purchasing power from the
primary utility, which is susceptible to time-of-use (TOU) pricing (lgriq.c)- The cost associated with
diesel generators, including their operational costs, is denoted by Cgiesel, Which is calculated using
specific cost coefficients a; and b; for diesel generator i. The costs associated with the demand
response program are denoted by Cpr and are elaborated upon below.

2.2. Demand Response Program

DR comprises the demand resources designed and implemented to provide specific demand
reduction and to enhance grid stability through voluntary load reduction. Costs for the demand
response program are defined as follows:

Cor(t) = Brjc - PPRVELET

()
where:
¢ PPRdenotes the voluntary load reduction in the DR program at time t.
* B¢ illustrates the cost coefficient of interruptible/curtailable (I/C) loads.
The load reduction is constrained by:
—02-PE<PPR<02-PiVteT
(6)

where:
* Pfrepresents the power demand at time t.
¢ It is assumed that only 20% of the total demands participate in the load response program.

2.3. System Constraints

To guarantee the solution’s reliability and feasibility, the subsequent constraints must be
considered:
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2.3.1. Power Balance Constraint

The balance constraint of power guarantees the sum of all generated power at every millisecond

is equal to the demand at that moment. Mathematically, this is depicted by:
%:1 I_}wind,l + Z£=1 PtPV,k + Ptgrid + Z{=1 PtDGi _ tDR — P,'fi,
)

where:

* P{ represents the total power demand at time ¢.

e [ is the total number of wind units, and K is the total number of PV units.

This restriction guarantees that the energy generated by all sources matches the energy
demanded by consumers to maintain grid stability.

2.3.2. Spinning Reserves Constraint

The constraint of spinning reserves becomes important to deal with unexpected power outages

and sudden changes in load. This can be expressed as:
=1 P2 P+ P,
(8)

where:

* Pf represents the total generation capacity of the system at time t.

* P, denotes the line losses during the transmission of power.

Therefore, the system is rendered more reliable by guaranteeing that generation capacity will
consistently satisfy demand and mitigate potential losses.

2.3.3. Generation Capacity Constraints

It is imperative that the generation of each generating unit is within the designated parameters.
The capacities of PV, wind, and diesel generators deployed at their respective nodes are limited by
the following:
PRV < PPVK < PRV fork =1,2,..,K

min =

©)
PWind < pwindl < pwind for | = 1,2, ..., L
(10)
P2oi < PPOU < PRlifori = 1,2, .., 1
(11)
Prin < P < PR
(12)

where: PEY and PPY, are the minimum and maximum generation capacities for the PV units,

Pgrid / Pgrid

i i DG; , DG . . :
pyind jpwind - p ol P = " Prax  define the minimum/maximum

min max s “min max ’/ and

respectively. Similarly
capacities for wind turbines, each type of diesel generator, and the grid, respectively.

2.4. Problem Solution (Decision Variables) Representation

These are the optimization problem’s decision variables, and they reflect power generating
outputs from all energy sources as well as demand response at each time step. To address the
optimization issue, the MCO method combines all these decision variables into a single vector.

The decision vector X is organized as follows:

X =
PV, PV, wind, wind; DG, DG, grid DR
pfVr pPV2 . p ) .. pPG pPG peid pi
PV, PV, wind, wind; DG, DG, grid DR
pYv P2 . P J2) .. pP61 pPéz peid pI
PV, PV, wind, wind, DG, DG, grid DR
pPPYv pPV2 . P P .. pPS pPGz peid pr
(13)

The total length of the decision vector X is given by:
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Lengthof X =T X (K+L+1+2)
(14)
where:

T: Number of time steps in the optimization horizon.
K: Number of photovoltaic (PV) units.
L: Number of wind turbines.

¢ [: Number of diesel generators.

® The +2 represents the power purchased from the grid and the demand response for each time
step t.

As a result, the decision vector X provides a compact representation for all energy sources’
power generation scheduling and demand response, which will be optimized by the proposed MCO
method.

3. Machine Learning Forecasting Approach
3.1. Data Collection and Processing

The development process for the proposed model, specifically MLP-ANN, begins with the
collection and processing of data. Therefore, the dataset includes temporal, meteorological, and
environmental variables that are pertinent for predicting solar irradiance, ambient temperature, wind
speed, and energy demand. The primary characteristics include the time of day, the day of the week,
humidity levels, and the percentage of cloud cover.

Normalization techniques were applied to scale the data within the range of —1 to 1, enhancing
numerical stability and accelerating convergence. The mathematical representation of min-max
scaling is expressed through the following formula:

X—Xmi
Xnorm =ﬁx (b—a)+a,
(15)
where a= -1 and b =1. The processed dataset was divided into 70% for training, 15% for
validation, and 15% for testing.

The proposed structure is designed on three significant layers for the MLP model: an input layer,
a hidden layer, and an output layer. The model can also contain one or more activation functions in
the hidden layer. To determine the best predictive model for solar irradiance, ambient temperature,
wind speed, and energy demand, this study employs two training methods, namely LM and RP. This
network features two hidden layers, designated as H1 and H2, which comprise 2 neurons in the first
layer and 3 neurons in the second layer. Following several attempts and evaluating various
alternatives, the log-sigmoid activation function [32] was selected for the first hidden layer, while the
SoftMax [33] was designated for the second layer. The output layer employed a linear activation
function. Figures 1 and 2 illustrate the configuration of MLP-ANN and the overarching architecture
of the neural network, respectively. Figure 1 demonstrates the methodology employed for training
and testing utilizing MLP-ANN to predict four distinct outputs. Figure 2 illustrates the transfer
functions integrated within the model.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Schematic representation of MLP-ANN.

SHE il e

Figure 2. ANN architecture for the prediction.

3.2. Principles of MLP-ANN

The MLP-ANN was structured with a single input layer that aligns with the specified inputs,
complemented by two hidden layers and a single output layer, engineered to simultaneously predict
all four target variables. The output of the MLP-ANN can be expressed as follows:

y = ¢2(Wy - ¢1(W; - X+ by) +by),
(16)
where:

* x is the input feature vector,

* ¢, and ¢, are activation functions for the hidden and output layers, respectively,

* W;, W, are the weight matrices for the hidden and output layers,

¢ b,, b, are the bias vectors.

The architecture comprises two hidden layers, featuring 2 neurons in the initial layer H1 and 3
neurons in the subsequent layer H2. Within this configuration, the activation function for the first
hidden layer, denoted as ¢;, is characterized by a logarithmic sigmoid function defined as:

$1(2) = —=

(17)
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The model becomes non-linear because of this. Since the SoftMax activation function is capable
of handling multi-class classification problems, it will replace ¢, in the second hidden layer. It is
common practice to utilize a linear activation function, ¢,, for regression tasks at the output layer.
Since ¢, is linear, it works well for tasks involving regression.

3.3. Levenberg-Marquardt Backpropagation (LM)

Due to its high efficiency for nonlinear at least squares problems, the LM method is utilized to
train the MLP-ANN. By reducing the mean squared error, LM optimizes the weights and biases

iteratively:
MSE = % i1 i =90
(18)
where:
* y; and J; are the actual and predicted values, respectively,
* N is the total number of samples.
The weight update rule in LM is expressed as:
AW = —(JT] + D)7 e,
(19)

where:
¢ ] is the Jacobian matrix of partial derivatives of errors with respect to weights,
* 1 is a damping factor,
* e is the error vector.

3.4. Resilient Backpropagation (RP)

The resilient RP serves as a variant of the training algorithm designed to ensure the enhancement
of robustness within the MLP-ANN framework. Unlike LM, RP focuses solely on the sign of the
gradient rather than its magnitude for weight updates; this approach ensures that weight
adjustments remain stable despite noise in the gradient signals. The weight update rule is articulated

as follows:
- aw®, 22O B
iy’ owi; ow; i 4
AVv(t+1) _ ij ij
ij - - A (t) fa—E(t) . O0E (t_l) <
77 Wij ’ ! awij aWij
(20)
where:

e n* and 71~ are the factors for increasing and decreasing the step size,
* Aw;; represents the weight update for neuron i, ;.

3.5. Performance Analysis

The evaluation of the proposed MLP-ANN model will be conducted through several statistical
metrics, including RMSE, Mean Absolute Percentage Error (MAPE), Coefficient of Correlation (CC),
and Mean Absolute Deviation (MAD). The statistical metrics previously mentioned will be
elaborated upon in the following sections.

3.5.1. MAPE

The MAPE quantifies the accuracy of predictions expressed as a percentage. It is expressed as
follows:
MAPE = ~3 |yy;y| x 100,
(21)
In this context, y; represents the actual value, ; denotes the predicted value at the ith data
point, and N signifies the total number of samples.
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MAPE serves as a dimensionless metric, indicating that a lower value corresponds to improved
model performance. In broader terms, a MAPE value below 10% indicates that the model’s
performance is exceptional. The MAPE ranging from 10% to 20% is typically regarded as good
performance. A MAPE between 20% and 50% is seen as acceptable, while values exceeding 50% are
generally deemed unacceptable. Nonetheless, this classification should not be considered definitive,
as the acceptable baseline for MAPE can be influenced by the specific characteristics of the dataset
being utilized.

3.5.2. RMSE

A widely utilized metric for assessing the efficacy of predictive models is the RMSE. The process
involves computing the mean magnitude of discrepancies between the predicted outcomes and the
actual values observed. The RMSE is defined as follows:

1 ~
st = (551, 005

(22)
In this context, y; represents the actual values while ¥; denotes the predicted values, with N

indicating the total number of data points involved in the analysis.
Reduced RMSE values indicate improved accuracy, demonstrating the proximity of predicted
values to their actual counterparts.

3.5.3. MAD

MAD quantifies the mean of the absolute discrepancies between observed and predicted values.
It is represented as:
MAD = % i1 lyi = 3il,
(23)
MAD provides a straightforward approach to quantifying the mean error in the predictions
generated by a given method.

3.54.CC

The CC serves as a metric that quantifies both the strength and direction of the linear relationship
between observed and predicted values. It is articulated as follows:
CC = L 0mN@i=9)
L oeprsl, 097
(24)
where y and § denote the mean of the actual and predicted values, respectively. CC is situated

within the range of —1 to 1. A correlation of zero signifies the absence of any relationship, whereas
values approaching —1 or 1 denote a perfect negative or positive correlation, respectively. A higher
CCindicates that the predicted values align more closely with the actual values, resulting in increased
accuracy.

The flowchart of the proposed MLP-ANN using LM and RP algorithms are given in Figure 3.
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Figure 3. Flowchart of the proposed MLP-ANN.

4. Proposed Optimization Method
4.1. Overview of the CO Algorithm

Akbari et al. [30] proposed the Cheetah Optimization Algorithm, which is based on the hunting
strategies of cheetahs, which include searching for prey, sitting-and-waiting, and attacking. To
prevent early convergence to local optima, the algorithm employs a mechanism for abandoning the
prey and returning to the search space. The mathematical model of the algorithm is presented below,
along with its enhanced version.

The optimization problem’s potential solutions include the cheetah population. Prey is regarded
as the optimal solution, and any positioning of the cheetahs constitutes a solution. In order to achieve
an optimal position, the cheetahs dynamically adjust their positions during foraging.
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4.1.1. Searching Strategy

During the searching phase, cheetahs meticulously analyze their environment and seek out prey
by interpreting various environmental signals and employing specific hunting strategies. The
location of a cheetah i at hour f is adjusted according to the following method:

1
ij'l:Xt+A—at

where:
* X{;: Current position of cheetah i for variable j,
* X{I': New position of cheetah i,
e 7;;: Anormally distributed random value (randomization parameter),
* «/;: Step length at time t, defined for the leader as:
af; = 0.001 % U; - L)
(26)
The step length for non-leader cheetahs is influenced by the proximity to another cheetah,
denoted as k.
af; = 0.001- = (X5 - X£ )
(27)
In this context, U; and L; represent the upper and lower limits for the variable, while T denotes
the total duration allocated for hunting activities.

4.1.2. Sitting-and-Waiting Strategy

To conserve energy, cheetahs do not attack prey until they are sufficiently close; during this
phase, their position does not change:
Xijt=Xi;
(28)
Hunting with this method will be more energy efficient.

4.1.3. Attacking Strategy

Cheetahs employ their remarkable speed and agility to effectively engage their prey when it
comes within proximity. The revised position of the cheetah during an attack is represented by:
XiJ" = Xo, 70 B
(29)
Here:
* X j: Position of the prey (best solution),
e 7;;: Turning factor representing the prey’s evasive maneuvers:
S exp(r;,j/2)
7ij = Il
(30)
* B{;: Interaction factor defined as:
Bij = Xij = Xij
(31)

sin(2mr; ;)

4.1.4. Strategy Selection Mechanism

The CO employs strategies that are determined randomly through a mechanism influenced by
uniformly distributed random values r, and r3: If 1, exceeds 73, the strategy of sitting and waiting
is chosen; if not, either searching or attacking will be implemented. The equilibrium between
exploration and aggression is governed by the parameter H, which is defined as:

H = e?=t/M2r, — 1)
(32)
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In this context, r; represents a stochastic variable within the interval [0, 1], while H denotes a
function that exhibits a monotonically decreasing behavior over time. This function initially
influences the search process during the early stages of the hunt and subsequently transitions to a
more aggressive approach as the hunt progresses.

4.2. Proposed MCO Algorithm

This section presents an enhanced CO aimed at refining exploration and exploitation
capabilities, optimizing convergence behavior, and boosting computational efficiency. Proposed
modifications focus on the searching and attacking strategies, as well as the strategy selection
mechanism, with particular emphasis on leveraging the H value to transition from exploration to
exploitation over time.

4.2.1. Searching Strategy

The position updating exhibits increased randomness during the search strategy in the enhanced
algorithm. The revised mathematical model for the new position of a cheetah is presented below:
XU =X 4L af; + 72,50 B
(33)

where #1;; and 72;; denote a uniformly distributed random value in the interval [0,1], af

Lj
signifies the step length as outlined in the traditional CO algorithm, and Bf; represents the
interaction factor among cheetahs, as defined in Eq. (31). Incorporating random elements into both

t
a; j

solution space and reducing the risk of premature convergence to local optima. The enhanced

and Bf; enhances the search process’s diversity, allowing for a more effective exploration of the

stochastic characteristics enable the algorithm to more effectively navigate intricate and diverse
optimization landscapes.

4.2.2. Attacking Strategy

The attacking strategy refines the basic structure of this turning factor, 7 ;. Conversely, aside
from the intricate formulation presented earlier, 7;; adheres to a uniformly distributed random
value within the interval [0, 1] (which is defined by 71;;). During an offensive maneuver, each
modification of any position is directed as follows:

Xij" = Xp,; +71, B
(34)

This approach streamlines the computation while preserving the randomness and
unpredictability inherent in the prey’s movement during an attack phase. This approach allows the
algorithm to maintain lower computational intensity while effectively leveraging the prey’s unstable
conditions for a successful hunt.

4.2.3. Strategy Selection Mechanism

A crucial adjustment has been implemented in the strategy selection process, which will dictate
whether the cheetah opts for a searching or attacking approach. The selected cheetah subsequently
employs the sitting-and-waiting tactic. For a selected subset of the dimensions, the length is defined
as:

d = [D/randint([D/3])],
(35)

The algorithm determines its course of action —whether to initiate a search or launch an attack —
based on the latest H value assessment. The revised H can be determined using the following
expression:

H = |2 - rand? — rand|,
(36)
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where rand represents a stochastic variable within the interval [0,1]. The H value establishes a
dynamic framework that effectively balances exploration and exploitation during the optimization
process. When H is greater than 1, the approach focuses on exploration, while if H is less than or
equal to 1, the strategy shifts towards exploitation. The algorithm incorporates a dynamic mechanism
that prioritizes exploration in the initial phases of optimization, as recognizing promising areas
within the search space is essential. As time advances, once the target is identified, H will inherently
adapt to enhance the attack strategy, allowing the algorithm to execute a more efficient exploitation
of the recognized areas. An illustrative example of the proposed strategy selection mechanism for
updating a cheetah’s position is shown in Figure 4.

In conclusion, the adaptive modulation of the equilibrium between exploration and exploitation
ensures that this algorithm avoids premature convergence and facilitates a seamless shift from broad
research to focused refinement.

BB e FE e o] Variables with

oooooooooo e

[10] Selecting subset of

OQOOOOOOO variables with d = 5

220000200 /-
0000000000 L N

T~ He1
O Sit & wait @ Search O Attack

r+1
i

)
P

Figure 4. Updating a cheetah’s position using the proposed strategy selection mechanism in MCO.

4.2.4. Impact of the Modifications

These adjustments improve the CO algorithm’s capacity to escape from local optima, adapt to
varied optimization phases, and effectively converge to the global optimum. The use of simplified
randomness in searching and attacking strategies encourages variation and adaptation, while the
updated H value ensures that the algorithm transitions seamlessly from exploration to exploitation
over time. It concentrates computation on only a subset of all dimensions during strategy selection,
achieving a balance between efficacy and efficiency, making it suitable for handling complex
optimization problems.

4.2.5. Explanation of the Steps
The MCO follows the following steps:

1. Define parameters: The number of dimensions D, the population size n, and the maximum
number of iterations MaxIt are defined.

2. The initial population is created, which includes a number of cheetahs, denoted as X? (i =
1,2, ...,n). After that, calculate the fitness values based on a certain objective function.

3. Main loop: The main loop of the algorithm runs until the maximum number of iterations MaxIt
is reached:

4. Sorting of the population: In each iteration, the cheetahs are sorted based on their fitness, and
the position of the prey (Xp) and the position of the (X, ) are identified.

5. Randomness Update: The randomness update updates the random values #* and #* within a
chosen strategy for each cheetah at every step.
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6. For each cheetah i, a random subset of dimensions j€{1, 2, ..., D} is selected. The length of this
subset is determined by d = [D/randint([D/3])]. Each cheetah initializes itself with the sitting-
and-waiting strategy.

7.  Compute H, a and p: Using the equations provided in Equations (26), (27), (31), and (36), the
algorithm will determine the values of these parameters that will guide the movement strategy.

8. Search or attack:

9. -If H > 1, the cheetah performs the searching strategy, Equation (33), preferring exploration.

10. -If H <1, the attacking strategy presented by Equation (34) is implemented by the cheetah, and
it is based on an exploitation approach.

11. Update positions: The position of cheetahs and prey are updated based on the strategy adapted,
and the new position is added in the population.

12. Termination: The loop runs until the maximum number of iterations Maxlt is met.

13. Return the best solution: Finally, the position of the prey Xy is returned as the output, which
represents the best solution obtained by the algorithm.

4.3. Implementation Procedure of the Proposed Model

An overview of proposed EMS is shown in Figure 5. The proposed model can advance energy
management in microgrids through the incorporation of state-of-the-art forecasting and optimization
techniques, as shown in Figure 6. The steps described below are how the implementation will be
affected, providing an approach with detail to how forecasting, optimization, and system constraints
interact in pursuit of optimally using energy, reducing costs, and enhancing operational efficiency in
a microgrid environment. These steps are also represented in Figure 7.

Controller I:I
Local Generating Units Aol i . E|

!

Generation
Scheduling

A

Main Grid

Demand
Response

Figure 5. Representation of EMS.

e  Step 1: First, we forecast energy generation from RESs and the overall demand in the microgrid.
The forecast of the power output prediction from systems equipped with photovoltaic and wind
turbines, as well as load demand in the microgrid, are predicted using the proposed MLP-ANN.
It is with respect to these, along with other variables such as weather conditions and time of day,
that the historical data trains the MLP-ANN for an accurate forecast at each instant of the
optimization horizon. The forecast becomes an input to the optimization process, which
accounts for the variability in renewable generation and demand.

e  Step 2: Once the forecasts are available, the next step is to formulate the optimization problem.
The main objective is to minimize the total operational costs, including energy generation, grid
purchases, diesel generator operation, and demand response. The objective function consists of
several cost components, each corresponding to a different energy source or system operation.
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The optimization problem is subject to supply-demand balance, generation capacities, and
system stability requirements, as already discussed in previous sections.

e  Step 3: It describes decision variables to present power generation scheduling for each source of
energy along with curtailed power due to demand response programs. In addition, a decision
vector comprising of decision variables provides the value of power output by PV systems, wind
turbines, and diesel generators together with purchased grid power amount. Each variable is
related to a specific instant in the considered optimization horizon; therefore, this can correctly
represent the temporal dynamics in energy management. The main decision vector on which the
optimization approach relies is constructed as shown in this figure.

Historical whether, RES, and / Renewable generation and load uncertainty J

load data modeling using MLP-ANN

[ Generate Initial Solutions

RES and price data #{ Check and handle the constraints Jdi

v

[ Evaluate the objective function

A 4
[Define the prey and leader, and update the algorithm’s parameters}

h 4
[ Apply MCO’s modified strategies J

No

Check termination
criteria

[ Return the prey position as the best solution J

Figure 6. Flowchart of the proposed MLP-ANN-based MCO for optimal EMS problems.

e  Step 4: The fitness function computes the overall operational cost of the microgrid over the
optimization horizon. All the costs associated with the sources of energy, such as renewables,
grid purchases, diesel generation, and demand response, are included here. This fitness function
is minimized by the optimization algorithm through changes in decision variables. In this step,
the forecasted inputs from Step 1 are linked to the optimization process that could enable the
algorithm to find the most cost-effective energy management strategy.

e Step 5: The model is going to be defined with a set of constraints that allow it, after the
optimization procedure, to maintain feasible and reliable solutions. These would be related not
only to balance in power systems but also limit generation in different energy sources, renewable
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and conventional; systems related to reliability issues, therefore, are usually spinning reserves,
among others, that ensure a system operation within physical and operative limits, consequently
guaranteeing good and sustainable energetic management.

e  Step 6: Decision variables are optimized using the MCO algorithm. This is because it offers a
good balance between exploration and exploitation, which is highly required to deal with such
complex-high-dimensional optimization problems like decentralized energy management. The
MCO algorithm has used search-attack strategies, controlled by dynamic selection mechanisms
based on the H value. The decision variables will be interactively updated with cheetahs in
pursuit of a solution that would return a minimum of the total operational cost while satisfying
all system constraints. It does the iterations for convergence; upon convergence, the result shall
be used for determining the optimum energy scheduling of the microgrid.

e  Step 7: Results after optimization are used to analyze the performance of the microgrid: the
optimal power generation schedule from every available energy source is extracted, together
with the demand response values. The evaluation shall concentrate on key performance
indicators such as cost efficiency, system reliability, renewable energy use, and grid stability.
The results are compared with the operational objectives of the system to ensure that the model
meets its goals for cost minimization and improvement in the overall performance of the system.

: Step 1: Forecasting (MLP-ANN for EES & Load) :
(Step 2: Define Optimization Problem (Objective & |
L Constraints) )
( Step 3: Decision Variables Eepresentation |
. # J
( Step 4: Define Fitness Function |
. ‘ J
( Step 3: Define Constraints |
. # J
( Step 6: MCO Optimization |
. # J
: Step 7: Post-Optimization Evaluation :

Figure 7. Flowchart for implementation of the proposed energy management system.

5. Results and Discussion

The study used different simulations to test how well the proposed method would work in terms
of operational costs. It focused on improving forecasting accuracy and system resilience for better
performance. The decentralized prediction and optimization modeling algorithm is executed in
MATLAB 2021 on an Intel® Core™ 17-6500U processor, operating at 2.5 GHz, with 8.00 GB of RAM.
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5.1. Test System Overview

As shown in Figure 8, the proposed strategy is tested in a microgrid that is connected to
distributed energy resources (DERs). These DERs are two diesel generators (DGs), two WT, and two
PV systems. The system serves as a comprehensive model atmosphere for evaluating the
performance of the decentralized energy management approach.

Consequently, Buses 22 and 28 will connect the two DG units. Each possesses a distinct cost
function, as outlined in Table 1. The operational limits of diesel generators for power supply range
from a minimum output of 30 MW to 33 MW and a maximum output of 125 MVA to 143 MVA per
unit. The operational cost functions of the diesel generators within the system are defined by
quadratic cost coefficients. The quadratic cost functions for the DGs are characterized by coefficients
a=[0.00043, 0.000394] USD/kWh? and b = [21.6, 20.81] USD/kWh. The coefficients encompass the fuel
and maintenance costs associated with diesel generators, incorporating both variable and fixed
expenses.

The constraints reflect the actual limitations and operational capacities of distributed generation
units within a microgrid. On Bus 15, two wind turbines, each with a rated power of 200 kW,
contribute renewable energy to the system. The cost coefficient for wind power generation is 0.1095
USD/kWh, identical to that of the two photovoltaic systems, each with a capacity of 200 kW located
at Bus 12, which also stands at 0.1095 USD/kWh. This indicates comparable economic viability for
these renewable energy sources. The microgrid interfaces with the main grid at Bus 1, enabling the
importation of power during periods of inadequate local generation. TOU pricing, which varies
between peak and off-peak hours, determines the expense associated with importing electricity from
the grid. We set the grid power values during peak hours at 0.17 USD/kWh from 1:00 PM to 7:00 PM.
Conversely, during off-peak hours, from 7:00 PM to 1:00 PM, the cost is 0.076 USD/kWh. The import
of microgrids from the grid is constrained, with a minimum import of 0 kW and a maximum limit of
300 kW.

A DR program equips a microgrid to manage peak demand and enhance grid stability. The
demand response program incentivizes load reduction during periods of high demand. The cost
coefficient is 0.1 USD per kilowatt-hour for the reduction in load.

c1
Nep!
28 o - DG2
c2
27 8
26 @
s »  u 3

34

—3 %&T 22 5

Figure 8. Microgrid test system.

5.2. Assessment of Forecast Accuracy

The simulation techniques implemented in a sequential manner displayed the final predictions
for solar radiation, temperature, wind speed, and electrical load demand. The two algorithms used
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were LM and RP. In order to accomplish three consecutive events —training, validation, and testing —
the necessary model, MLP-ANN, has been parameterized with variables to be constructed. We have
specifically selected a value division ratio of 7:1.5:1.5 based on the data set. The overall architecture
of this model, which executes a total of 600 iterations, consists of the following specifications: two
concealed layers, seven input variables, and four output variables. Minimize the training error by
employing a minimum-maximum normalization technique for preprocessing.

Figure 9 illustrates the predicted and observed values of solar irradiance (a), temperature (b),
wind speed (c), and demand (d) for both LM and RP models. The performances of both models are
described. Table 1 thoroughly compares the evaluation metrics for both algorithms, incorporating a
variety of performance metrics such as the CC, RMSE, MAD, and MAPE for each of the predicted
variables.

Table 1 demonstrates that both models readily account for relatively high feasible performances
in their forecasts of ambient temperature and solar radiation conditions, which themselves maintain
a fair CC > 0.97. Conversely, the LM will result in reduced RMSE, MAD, and MAPE when it comes
to the precise prediction of the variables selected for solar irradiance and power demand. Conversely,
the wind speed and load demand variables do not exhibit any significant differences. Consequently,
the models report relatively similar results, with higher error metrics obtained in RP than in LM.

These results also illustrate the LM algorithm’s ability to make more accurate predictions of
variables such as solar irradiance and power demand, which could be crucial for energy system
optimization. Both models produce outcomes that are highly comparable in terms of ambient
temperature, as evidenced by their low RMSE and MAD values. This indicates that temperature can
be predicted with relative ease in comparison to the other variables.
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Figure 9. Predicted solar Irradiation (a), Temperature (b), wind speed (c), and demand (d) for LM and RP.

Table 1. Evaluation metrics for the LM and RP.

Model LM RP
Variable CC RMSE MAD MAPE (%) CC RMSE MAD MAPE (%)
Solar Irradiance 097 7321 4138 8.22 097 8027 46.79 9.84
Ambient Temperature 0.99  0.50 0.41 3.18 099 071 0.62 4.55
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Wind Speed 0.88 1.18 0.92 8.63 0.82 1.38 1.08 10.78
Power Demand 0.68 62.73 49.62 9.39 066 6223 48.89 9.19

Figures 10 and 11 illustrate the regression between network outputs and actual values for
training, validation, and testing, as well as across all datasets, using the LM and RP algorithms. The
regression coefficients obtained from the LM and RP models are 0.95896 and 0.95642, respectively,
indicating that the LM has greater explanatory power. Observed data is quite consistent with neural
network outputs, as evidenced by the strong correlation between predicted and actual values in both
models.

The regression plots truly serve as a visual representation of the algorithms’ capacity to identify
the fundamental patterns in the data. The degree to which the predictions align with the actual values
in both LM and RP truly demonstrates the accuracy of the model. However, LM outperforms RP in
this regard. These findings underscore the robust predictive capabilities of the MLP-ANN, bolstering
the efficiency of both algorithms in forecasting solar radiation, temperature, wind speed, and load
demand.

Training: R=0.95896 ; Validation: R=0.96114

Output ~= 0.92*Target + -0.0066

Output ~= 0.92*Target + -0.001

-1 -0.5 0 0.5 1 -1 05 0 0.5 1
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Test: R=0.95667

Data

Output ~= 0.91*Target + 0.012

Output ~= 0.92*Target + -0.003

-1 0.5 0 0.5 -1 0.5 0 0.5 1
Target Target

Figure 10. Regression analysis for LM.
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Figure 11. Regression analysis for RP.

5.3. Generation Scheduling and Demand Response Initiative

The simulation results of the optimal generation scheduling and load-shifting demand response
system targeted at lowest running costs are presented in this part. Three separate cases—each
reflecting a different forecasting method and/or renewable energy source—allow us to assess the
suggested approach. We reduce the overall expenses related to fuel consumption, generator
operation and maintenance, and power procurement from the main grid by means of the MCO
algorithm-based optimization of generating schedule.

The three cases analyzed are as follows:

e Case 1: Actual Load and RES

e  This case analyzes the efficacy of generation scheduling and demand response programs under
actual load and RESs situations, devoid of any forecasting methodologies. The system leverages
real-time data for both load and renewable energy sources during the operation.

e  Case 2: Forecasted Load and RES with LM
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e  The LM algorithm offers the forecasting for this case, which employs anticipated demand and
RESs data for system optimization. In this test, we used the LM technique to generate values for
upcoming periods, using the predicted output as inputs for optimization.

e  Case 3: Forecasted Load and RES with RP

e  This case employs the same forecasting methodology as Case 2 but employs the RP algorithm to
predict the load and RES data. The RP-based forecasts are subsequently employed to optimize
the generation scheduling and DR program, as in the previous case.

This assesses the effectiveness of the proposed MCO-based optimization strategy in reducing
operational costs, considering load management strategies and forecasting techniques. The
subsequent findings provide a comprehensive analysis of the operational cost, demand response
impact, and microgrid performance of each case.

5.3.1. Results of Case 1

Case 1 presents the optimal generation scheduling for the microgrid using actual load data and
the real-time availability of RES. The contributions of various generation sources, including PV, wind
turbines, diesel generators DG1 and DG2, and the main grid, over a 24-hour period is shown in Figure
12. As can be seen, the integration of renewable energy sources significantly influenced the
scheduling strategy, especially during periods of elevated wind or solar generation. For instance, the
reliance on diesel generators and grid power significantly decreased during hours with high wind
generation, such as hours 4, 5, and 20. Hour 5 saw a peak in wind generation of 345.53 kW, resulting
in a significant reduction in demand from DGI1 and DG2. During daylight hours, say, at hour 10, PV
generation attained 239.15 kW and hence reduced dependence on grid power. On the other hand,
during the hours with the least or no renewable generation, such as 1 and 24, there was a significant
reliance on DG1, DG2, and grid power to meet the load demand. During hour 1, when wind and PV
generation were absent, the load contributions from major participants DG1, DG2, and the grid were
55.58 kW, 74.84 kW, and 259.26 kW, respectively.

The MCO algorithm will optimize the cost of operation to USD78,970.35, a significant
improvement from USD 110,488.34 without optimization. This reduction has shown the efficiency of
the algorithm in the minimization of operational costs by giving a high priority to renewable energy
sources and using strategic management for non-renewable generation. We further optimized this
by incorporating DR strategies and shifting the load at specific times to optimize resource utilization
as indicated in Figure 13. For example, we reallocated 472.34 kW at hour 5 to shift 303.66 kW from
that hour to 775.99 kW. At hour 12, the DR strategy shifted 272.11 kW from its original 613.60 kW to
a lower 341.50 kW. Overall, the results highlight the potential of the MCO algorithm in handling the
variability of renewable energy sources, optimizing operational costs, and leveraging demand
response strategies to further improve performance and sustainability of microgrids.
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Figure 12. Optimal microgrid generation scheduling for Case 1.
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Figure 13. Hourly shiftable DR program in Case 1.
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5.3.2. Results of Case 2

The LM algorithm generates forecasted load and RES data to optimize the generation scheduling
of the microgrid in Case 2. Predictive methods delivered highly precise insights for optimization,
enabling efficient resource distribution and adaptability in response to the inherent fluctuations in
sustainable energy sources. The findings emphasize the impact of various generation sources,
including photovoltaic systems, wind turbines, diesel generators (DG1 and DG2), and the primary
grid over a 24-hour timeframe as shown in Figure 14.

Enhancements related to the fluctuations in the inputs from renewable sources, a crucial factor
in the formulation of scheduling approaches, have enabled efficient management. Indeed, during
times of increased availability, particularly noticeable at hour 9, the peak output from wind sources
soared to 193.58 kW, complemented by a substantial contribution of 179.53 kW from photovoltaic
systems. As a result, the resources highlighted played a crucial role in minimizing reliance on
dispatchable units and grid imports. The dispatchable units, DG1 and DG2, produce only 57.99 kW
and 51.64 kW, respectively, and the grid can only sell 164.17 kW. Hour 14 saw the peak of RES
contributions, with PV producing 179.53 kW and wind generating 105.80 kW. Consequently, we
capped the outputs for DG1 and DG2 at 98.03 kW and 69.52 kW, respectively, and minimized the
import from the grid to 148.53 kW. The results demonstrate that the system can prioritize sustainable
utilization, reduce operational costs, and improve scheduling efficiency.

During times of diminished generation from sustainable sources, the model responded by
enhancing its dependence on traditional energy sources and grid imports to satisfy the demand for
power. During the first hour, with no photovoltaic generation and a slight wind input of 47.77 kW,
DG1 and DG2 provided 45.91 kW and 84.50 kW, respectively, while the grid fulfilled the remaining
demand with 253.63 kW. During hour 23, the wind generation decreased to 35.58 kW, with no PV
availability. This situation necessitated increased outputs from DG1 and DG2, approximately 38.57
kW and 71.00 kW, respectively, along with grid imports of 201.15 kW. These examples illustrate the
model’s ability to adaptively redistribute resources to guarantee optimal load satisfaction in response
to changing circumstances.

As illustrated in Figure 15, the incorporation of demand response strategies enhanced the
system’s performance by adjusting the loads according to operational conditions. For example, a
decrease of 131.18 kW in load during hour 6 alleviated pressure on the system, while an increase of
191.22 kW during hour 11 promoted more effective use of excess clean energy production. This
approach will synchronize the load profile with generation availability, leading to a decrease in
dependence on grid power and fossil fuels while enhancing overall efficiency.

This resulted in significant reductions in the unoptimized operating expenses, totaling USD
110,488.34. Through optimization, LM-based forecasting and demand response have significantly
boosted operational efficiency, resulting in substantial cost reductions and enhanced management of
resources. This result shows how important predictive modeling and resource optimization are for
dealing with the unpredictable nature of clean energy sources. This improves the microgrid’s
operational reliability, long-term viability, and cost-effectiveness.
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Figure 14. Optimal microgrid generation scheduling for Case 2.

200 Power Demand Before and After Demand Response

) I Original Power Demand
600 L i | [ Demand Response
] . [ INew Power Demand

500 o - :
400 |

300

200 j

O R Y

-100 .

Power Demand (kW)

-200 I I I 1
5 10 15 20

Time (hours)

Figure 15. Hourly shiftable DR program in Case 2.
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5.3.3. Results of Case 3

Case 3 illustrates the generation scheduling optimization problem by using forecasted demand
and RES predicted by the Resilient Backpropagation algorithm. Using these RP-based forecasts as
input provides a reliable and effective foundation for the efficient scheduling of resources, seamlessly
integrating demand response. This has demonstrated that the system dynamically adjusts to
fluctuations in renewable energy availability, utilizing dispatchable resources in a manner that is both
economical and stable.

Throughout the 24-hour period, as shown in Figure 16, the optimized scheduling guarantees the
most efficient utilization of renewable energy sources, particularly wind and photovoltaic systems,
during peak generation hours. For instance, it lessens dependence on grid power and dispatchable
units during the peak hour of wind generation, which is 257.83 kW at hour 6. Therefore, we assume
that DG1 and DG2 produce medium-level outputs of 81.48 kW and 112.17 kW, respectively, and
achieve load balancing by importing 267.09 kW from the grid. Consequently, this diagram endeavors
to illustrate the potential for resource utilization that is more efficient because of the increased
availability of renewable energy sources. The 236.01 kW increase in wind generation at hour 17
further reduces the dependency on the grid to 174.36 kW. The sharing of dispatchable units is also
effective, with 84.67 kW from DG1 and 97.90 kW from DG2. The system’s ability to adapt to the
fluctuations in renewable energy sources guarantees economical and dependable operation,
particularly when renewable energy is abundant.

Simultaneously, PV generation has the potential to significantly reduce grid dependence,
particularly during midday. The combined shares reduce grid imports to 127.49 kW and DG1/DG2
feed at a reduced amount of 76.54 kW and 40.50 kW, respectively, at hour 11, when they achieve its
peak value of 187.35 kW with the help of 50.31 kW from wind output. This guarantees a decrease in
operating costs and reliance on nonrenewable sources by optimizing the utilization of variable
renewable resources.

When renewable energy generation is insufficient, the system responds by increasing its reliance
on dispatchable units and grid imports. For instance, at hour 1, there is no PV generation and a
restricted wind output of 78.69 kW. DG1 and DG2 supply 72.54 kW and 85.49 kW, respectively, while
grid imports increase to 206.89 kW. Similarly, at hour 23, the wind generation declines to 48.66 kW,
while there is no PV output. In addition to 232.36 kW grid imports, the system has now increased
DGI1 and DG2 to 63.60 kW and 50.91 kW, respectively. The system consistently implements these
modifications to meet demand, even during periods of low renewable availability.

The DR program, as shown on Figure 17, improves the system’s performance by adjusting the
load in accordance with operational conditions. For instance, the program reduces operational costs
by reducing peak demand and adjusting the load profile to match generation availability, thereby
reducing reliance on grid imports and dispatchable units. In this manner, incorporating DR will
ensure the system remains cost-effective even in the face of adversity.

As a result, Case 3 optimizes its operating cost, demonstrating the effectiveness of RP-based
forecasting and integrated DR strategies. Consequently, the operating cost significantly decreases
compared to unoptimized scenarios. These results underscore the system’s resilience in managing
the variability of renewable energy sources, ensuring reliable operation and minimal costs while
optimizing the efficient integration of renewable energy sources.
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Figure 16. Optimal microgrid generation scheduling for Case 3.

Power Demand Before and After Demand Response

800 l T I '

600 n - I _ . |
= 400 | ' Telanar
=<
o
C
£
S 200
o
o)

2, ML M)A 1
[a
-200 | I Original Power Demand | |
- Demand Response
[ INew Power Demand
-400 : : ' '
5 10 15 20

Time (hours)

Figure 17. Hourly shiftable DR program in Case 3.
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5.3.4. Total Power Generation in the Case Studies

This section contrasts the total power generation of the three case studies, emphasizing the
interaction between grid imports, local generation, and the impact of the demand response program.
The findings offer a comprehensive understanding of the impact of the optimization strategies in
each case on the utilization of local resources and the overall power generation.

In Case 1, as represented in Table 2, the maximum generation and DR contribution are presented
as follows: Local generation is 7850.77 kW, and the total DR is 1041.68 kW. In this instance, the grid
imports amount to 3680.00 kW, which suggests a significant reliance on local generation and DR
programs to satisfy the demand. As the local generation decreased to 7653.86 kW, Case 2 indicates a
minor increase in grid importation to 3690.55 kW. Additionally, the DR total decreased to 607.11 kW.
Therefore, despite nearly identical grid importation, it is reasonable to infer a diminished
contribution from the DR program compared to Case 1. Case 2’s optimization strategy is to blame for
this. Case 3 further increases utility imports to 3943.65 kW, while local generation marginally
decreases to 7598.34 kW. The reduction of the total DR in Case 3 to 355.97 kW further demonstrates
the reduced role of demand response in load balancing. This trend is consistent with the other cases.

Throughout the three cases, the fluctuations in grid import, local generation, and the DR
contribution demonstrate how each scenario has responded to varying levels of renewable energy, a
distinct approach to load forecasting, and, as a result, the effectiveness of the demand response
strategy in optimizing the cost of total power generation.

Table 2. Total power generation in the case studies.

Case# Gird (kW) Local gen. (kW) DR_total(kW)
Casel 3680.001456 7850.774091 1041.677698
Case2 3690.546699 7653.857775 607.1113135
Case3 3943.648099 7598.336085 355.9692446

5.3.5. Analysis of Operational Costs

The operational costs of generation sources are assessed over a 24-hour period in four scenarios:
without optimization (wo/optimization) and three optimization cases (Case 1, Case 2, and Case 3).
The results of Table 3 illustrate the significant influence of optimization strategies on the reduction
of costs and the enhancement of efficiency.

In Case 2, we used the LM algorithm to obtain the forecasted load and RES data, which led to
an operational cost of USD 80,909.51. This represents a reduction of approximately 26.8% from the
baseline of USD 110,488.34. Case III employed the RP algorithm to forecast load and renewable
sources data, leading to a reduction of approximately 26.3% in the total cost of USD 81,421.78. These
findings demonstrate the extent to which sophisticated forecasting algorithms can optimize
generation scheduling and reduce uncertainties.

Table 4 emphasizes the competitiveness of Cases 2 and 3 by contrasting the results with the
existing literature. For instance, in [34], the authors achieved a 15.6% cost savings by considering the
uncertainty in PVs’ demand response and energy storage. In [35], the authors achieved a 5%
reduction by employing load-shifting strategies without resolving system uncertainties. In contrast,
Case 2 and Case 3 have accomplished more substantial reductions by integrating uncertainty
modeling with LM and RP algorithms, respectively. Similarly, Case 2’s cost savings of 26.8% and
Case 3's cost savings of 26.3% surpasses the 16% reduction reported in the study, which optimized a
network-load interaction framework to capture pricing uncertainty. Additionally, the model
incorporated wind uncertainty and demand response, resulting in savings of 27%. These results are
consistent with the performance of Cases 2 and 3 under the more comprehensive modeling of
uncertainty.

In Cases 2 and 3, the operationalized proposed approach aligns with the forecasting results of
the ARIMA model, leading to a 22% cost reduction. Nevertheless, the LM-based and RP algorithms
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that were implemented in Cases 3 and 3 demonstrated a greater ability to adjust to system
uncertainties in order to achieve optimal conditions for the local generation scheduling applications
while simultaneously balancing demand-side management algorithms. This behavior suggests that
the optimization modeling methodology is effective in mitigating uncertainties related to renewable
energy use and load preconditioning.

The comparison study showed that using advanced forecasting algorithms along with demand
response strategies can effectively lower operational costs, even when there are a lot of unknowns.
The substantial cost reductions that Case 3 and Case 3 generated among all the optimized cases
demonstrated the effectiveness of utilizing predictive algorithms for energy management in modern
power systems.

Table 3. Operation costs (USD/h) of the generation sources in the cases.

time (h) wo/opt Case 1 Case 2 Case 3
1 4016.49901 2791.127 2775.326 3370.753
2 4012.299966 3380.883 3957.249 3854.598
3 3415.209351 3547.918 3265.85 2886.221
4 5514.428394 2822.845 2223.335 4311.081
5 3715.604693 3372.593 2156.397 3041.558
6 5605.418322 3399.249 4880.023 4128.463
7 4078.380805 2706.178 2514.636 3025.003
8 4845.054157 4082.725 3523.624 2926.634
9 5337.48599 2928.058 2390.988 2974.416
10 5745.957024 4246.864 4058.731 4853.323
11 5748.957753 3155.872 4837.422 2558.217
12 5746.599395 2729.704 3493.648 2308.117
13 5228.080859 2897.346 2268.99 3829.498
14 5741.948459 3743.277 3625.395 3336.166
15 4764.706964 3574.969 2475.976 3200.479
16 5157.624 3135.079 4891.306 2574.407
17 5751.342471 3441.607 2745.905 3921.388
18 3538.947464 4487.293 3580.845 3492.784
19 4736.03933 3409.708 3482.03 3563.465
20 3625.319983 2303.714 4031.57 3875.136
21 2456.36054 3701.873 3089.849 3743.393
22 4377.830472 3308.831 3951.49 3917.054
23 2700.935559 2841.413 2337.571 2458.137
24 4627.31293 2961.224 4351.358 3271.488

Total cost 110488.3439 78970.35 80909.51 81421.78

Table 4. Comparison of operational cost reduction between the proposed method and the state-of-the-art

results.
method Uncertainty Operating cost reduction (%)

[34] PV uncertainty 15.6%
[35] Not consider 5%
[36] Wind uncertainty (10%) 27%
[12] Price uncertainty 16%
[2] 11% PV uncertainty, 10% wind uncertainty 23%

Case 2 Forecasted Load and RES with LM 26.8%

Case 3 Forecasted Load and RES with RP 26.3%
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5.4. Comparison with Other Algorithms

The demand response program’s implementation within the microgrid led to substantial
reductions in peak load and enhanced load balancing. This adaptability enabled the microgrid to
enhance its overall resilience and stability by dynamically adapting to fluctuations in demand and
generation.

The proposed system has been evaluated in comparison to four well-known optimization
algorithms: MCO, CO, PSO, and TLBO. Each algorithm was executed once, with a population size of
10, a maximal number of iterations of 100,000, and a total of 25 trials. Key performance trends are
emphasized within the summary of the results from three distinct cases as represented in Table 5.

In Case 1, MCO demonstrated its efficiency in cost minimization by generating the minimum
and mean values of operation costs for all scenarios. In comparison to other algorithms, the SD value
of MCO is also exceedingly small, which demonstrates that the convergence of MCO is more
consistent. In contrast, the other three algorithms, namely CO, PSO, and TLBO, exhibit a significantly
higher operational cost and a greater degree of variability in their results. Their standard deviations
are significantly greater than those of MCO. MCO maintained its optimal performance in Case 2. The
average costs of CO and TLBO were higher, resulting in poorer operating practices, as well as higher
standard deviations. PSO exhibited an even greater degree of variability; its maximal operational cost
and SD were all higher than those of other algorithms. The robustness of the system in managing
uncertainty was underscored by the smaller mean and SD of MCO. MCO once again surpassed the
other algorithms compared in Case 3 by providing the minimum average operational cost with the
least standard deviation. This implies that it not only ensures a superior performance in terms of cost,
but also reliable results after repeated trials. The PSO and TLBO have led to a relatively higher cost
with greater variability, particularly in terms of maximal cost and standard deviation.

Figures 18-20 illustrate the convergence trajectories of the algorithms for the optimal run over
25 trials. The convergence behavior of each algorithm during the optimization process is illustrated
in these diagrams. PSO has consistently converged to suboptimal solutions and has converged
prematurely in all trials. It was unable to evade local optima and was found to be the least efficient
algorithm in terms of convergence efficiency. Conversely, CO achieved a higher convergence rate
during the initial iterations than TLBO and MCO. Nevertheless, CO was unable to investigate
superior solutions during subsequent optimization iterations, as it converged to a local optimum. In
both Cases 1 and 2, it is evident that MCO converges more rapidly, and TLBO was outperformed by
avoiding local optima. In Case 3, both TLBO and MCO exhibited a comparable convergence trend;
however, MCO achieved a marginally faster convergence rate.

In general, the efficacy of MCO has been superior in all three cases. MCO is more stable and
efficient, as evidenced by the minor deviations from the minimum operational cost in all three cases.
This conclusion can also be drawn from the convergence behavior illustrated in the subsequent
figures, which demonstrate that MCO has superior convergence. Specifically, it identifies the optimal
solution with greater speed and reliability than other algorithms. Its successful operational
management was significantly influenced by the integration of demand response with an optimal
scheduling approach, as well as modifications to the MCO algorithm. The balance between
exploration and exploitation is improved in the improved MCO algorithm by simplifying the
randomization and turning factors, H value, and presenting an improved search strategy that utilizes
the leader’s position. Consequently, MCO possessed a robust and adaptive search process that was
more cost-effective and stable than the other algorithms.

Table 5. Statistical results of optimal EMS using different algorithms in case studies.

Case# Maetric MCO co PSO TLBO
min 7.90E+04 8.63E+05 8.08E+06 2.32E+06
1 mean 2.17E+06 2.73E+07 5.80E+07 1.54E+07
max 3.55E+11 3.71E+12 2.09E+13 4.33E+12
SD 8.02E+04 1.76E+12 1.96E+13 4.67E+12

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.0384.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 July 2025 d0i:10.20944/preprints202507.0384.v1

31 of 37
min 80909.53 21894794 4.3E+08 96116699
” mean 4610438 26485154 58549038 14268439
max 1.7E+11 3.16E+12 1.19E+13 2.98E+12
SD 94543.7 3.18E+12 2.21E+13 5.92E+12
min 81490.88 134489.5 824219.3 168877.8
3 mean 5944093 24715388 41816119 11115255
max 1.43E+12 4 9E+12 2.65E+13 5.79E+12
SD 78730.35 5.87E+11 4.13E+12 1.34E+12
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Figure 18. Convergence curves of the best fitness values obtained using comparative algorithms in Case 1.
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Figure 19. Convergence curves of the best fitness values obtained using comparative algorithms in Case 2.
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Figure 20. Convergence curves of the best fitness values obtained using comparative algorithms in Case 3.
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6. Conclusions

This investigation illustrated the efficacy of integrating DR and sophisticated optimization
methodologies into microgrid operations. When used with the LM and RP algorithms for forecasting,
the MCO algorithm consistently did better than other optimization methods in terms of stability and
operational costs. Case 1: The MCO had the lowest operational cost at USD 80,909.51, while the CO
and PSO had the highest at USD 81,471.72 and USD 83,225.12, respectively. Case 2: By utilizing LM
for load and renewable energy forecasting, MCO achieved an operational cost of USD 81,421.78. This
represents a 26.3% reduction from the base cost of USD 110,488.34. RP forecasting achieved the same
percentage cost reduction in Case 3, with MCO obtaining USD 81,422.00. The convergence analysis
showed that the result consistently converged with the CO, PSO, and TLBO algorithms. This was
done by keeping non-local optima and improving the global search efficiency, which led to faster
convergence. The DR program assisted in the reduction of grid imports, resulting in a response to
demand of 1041.68 kW in Case 1. This helped balance the load and improve the overall efficiency of
the system. Considering this, the purpose of this study is to show that advanced forecasting
algorithms like LM and RP are necessary for optimizing microgrid operations, which greatly
improves stability and cuts down on costs. Future work could concentrate on integrating current data
to assess whether optimization has improved. Additionally, it would be beneficial to employ multi-
objective optimization, which allows for the inclusion of additional objectives, such as emissions
reductions. The development of more sophisticated forecasting methodologies and machine learning
models can further reduce operational costs and improve system performance.
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Abbreviations

The following abbreviations and symbols are used in this manuscript:

Crotal Total operational cost of the system

Cgeneration Operational cost of renewable generation

Ceria Cost of purchasing power from the grid

Caiesel Cost of diesel generators, including operational costs
Cpr Cost associated with the DR program

pindl Power output of wind unit [ at time ¢

lwind) Cost coefficient for wind unit [

PtPV'k Power output of PV unit k at time ¢

lpy x Cost coefficient for PV unit k

Ptgrid Power purchased from the grid at time ¢
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lgriat TOU cost coefficient for the grid at time ¢

ppei Power output of diesel generator i at time t

a;, b; Cost coefficients for diesel generator i

PPR Voluntary load reduction in the DR program at time ¢t

Bic Cost coefficient of interruptible/curtailable (I/C) loads

PE Power demand at time ¢

Py Line losses during power transmission

Pf Total generation capacity of the system at time ¢t

PRy PRV, Minimum and maximum generation capacities of PV units

pyind - pwind  Minimum and maximum generation capacities of wind units

pRGi pDGI Minimum and maximum generation capacities of diesel generator i
Pﬂ;d, Pn%;if Minimum and maximum power purchased from the grid
X Decision vector containing all decision variables

T Number of time steps in the optimization horizon

K Number of PV units

L Number of wind turbines

I Number of diesel generators

x Input feature vector

o} Activation function for the first hidden layer

o2 Activation function for the output layer

wy, W, Weight matrices for the hidden and output layers

by, b, Bias vectors for the hidden and output layers

y Output of the MLP-ANN

z Input to the activation function

e Error vector

A Damping factor in the Levenberg-Marquardt algorithm

] Jacobian matrix of partial derivatives of errors with respect to weights
MSE Mean squared error

N Total number of samples

Vi Actual value at the i-th data point

i Predicted value at the i-th data point

ntn” Factors for increasing and decreasing step size in RP

Awy; Weight update for neuron i, j

RMSE Root mean squared error

MAPE Mean absolute percentage error

MAD Mean absolute deviation

cC Coefficient of correlation

y Mean of the actual values

3 Mean of the predicted values

Xt Current position of cheetah i for variable j at time t
Xt New position of cheetah i for variable j at time t +1
fij Normally distributed random value (randomization parameter)
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af; Step length at time t for cheetah i and variable j

U, L Upper and lower limits for variable j

T Total duration allocated for hunting activities

Xi; Position of cheetah k for variable j at time ¢

Xgj Position of the prey (best solution) for variable j at time t

Ty Turning factor representing the preya€™s evasive maneuvers

Tyj Random value influencing the turning factor

! Interaction factor between cheetah i and another cheetah at time t

r Stochastic variable within the interval [0, 1]

H Strategy selection parameter governing exploration and aggression

d Length for selected dimensions during strategy selection

D Total number of dimensions in the solution space

T1(i,jy T20,5) Uniformly distributed random values in the interval [0, 1]

Abbreviation

RESs Renewable Energy Sources

EMSs Energy Management Systems

MLP-ANN Multilayer Perceptron Artificial Neural Network

LM Levenberg-Marquardt

RP Resilient Backpropagation

ML Machine Learning

ANN Artificial Neural Network

SVR Support Vector Regression

RMSE Root Mean Squared Error

RF Random Forest

PSO Particle Swarm Optimization

GA Genetic Algorithm

GBR Gradient Boosting Regression

TLBO Teachinga€”Learning-Based Optimization

CcO Cheetah Optimizer

MCO Modified Cheetah Optimizer

DR Demand Response

1% Photovoltaic

WT Wind Turbine

TOU Time-of-use
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