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ABSTRACT  

This paper presents a comparative multi-objective optimization framework for intelligent energy management of a grid-

connected microgrid integrating photovoltaic generation, battery energy storage, and bidirectional grid interaction. A 

Bidirectional Long Short-Term Memory (BiLSTM) neural network is employed to accurately forecast load demand and 

photovoltaic power generation using realistic meteorological and operational data. The predicted profiles are 

subsequently integrated into a multi-objective Energy Management System (EMS) formulated over a 24-hour 

scheduling horizon. The EMS optimization problem simultaneously minimizes electricity operating cost and battery 

utilization while satisfying battery State of Charge (SOC) limits and grid operational constraints. Three multi-objective 

optimization algorithms, namely Non-dominated Sorting Genetic Algorithm II (NSGA-II), Multi-Objective Particle Swarm 

Optimization (MOPSO), and Adaptive Multi-Objective Particle Swarm Optimization (AMOPSO), are comparatively 

evaluated for optimal battery scheduling. Simulation results demonstrate that the considered optimization algorithms 

exhibit different trade-offs between economic performance and battery utilization. MOPSO achieves the lowest 

electricity operating cost due to its strong exploitation capability, whereas NSGA-II provides improved Pareto front 

diversity and exploration performance. AMOPSO offers stable convergence behavior and balanced operating solutions. 

The comparative analysis highlights the strengths and limitations of each optimization strategy in the context of 

intelligent microgrid energy management. The obtained results confirm that combining BiLSTM forecasting with multi-

objective optimization provides an effective framework for improving energy scheduling, battery management, and 

operational flexibility in grid-connected microgrids. 

 
Index Terms: Renewable Energy, Battery, Energy Management System, Microgrid, BiLSTM, Multi-objective Optimization, 

Storage. 
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I. Introduction 
The increasing integration of renewable energy sources into modern power systems has strengthened the role of 
microgrids as a practical means of combining local generation, energy storage, flexible loads, and interaction 
with the utility grid [1], [2]. Photovoltaic (PV) generation is particularly attractive because of its relatively 
mature technology and broad deployment potential. Its intermittent nature, however, introduces fluctuations in 
power availability that can complicate the balance between generation and demand [3], [4]. These fluctuations 
become more difficult to manage when PV generation is combined with industrial loads whose demand may 
change considerably over relatively short periods. 
Battery energy storage systems (BESSs) provide an effective means of dealing with this variability. They can 
absorb surplus PV energy and release it when renewable production is insufficient, thereby giving the microgrid 
additional operational flexibility [5], [6]. The benefit of storage nevertheless depends on how it is scheduled. 
Frequent or unnecessarily large charging and discharging actions may increase battery degradation, while 
conservative operation can lead to greater reliance on grid electricity. The coordination of PV generation, BESS 
operation, load demand, and grid exchange therefore results in a constrained optimization problem in which 
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economic operation must be considered together with battery usage [7]. This issue is particularly relevant to 
industrial microgrids, where load variations and peak-demand periods can have a direct impact on operating 
costs [8]. 
Energy management systems (EMSs) are consequently responsible for determining how the available resources 
should be operated while respecting the physical and operational limits of the microgrid [9], [10]. Rule-based 
strategies remain attractive because of their simplicity, but their predefined operating rules may become 
restrictive when system conditions change rapidly or when several conflicting objectives have to be considered 
[11]. Optimization-based EMSs provide greater flexibility because they can incorporate operational constraints 
directly into the scheduling problem and evaluate trade-offs between competing objectives [12]. In a multi-
objective formulation, for example, reducing electricity cost may require battery actions that are not necessarily 
favorable from the perspective of degradation. The resulting Pareto set can therefore provide several feasible 
compromises rather than a single operating solution [13-15]. 
A number of evolutionary and swarm-based algorithms have been investigated for this type of problem. NSGA-II 
has become a widely used benchmark because of its non-dominated sorting procedure and its mechanism for 
maintaining solution diversity [16]. MOPSO offers a different search mechanism based on particle interactions 
and has also been applied extensively to multi-objective energy management problems [17]. Adaptive versions 
such as AMOPSO modify the search behavior during optimization and have been considered for constrained 
microgrid applications [18]. Although these approaches share the same general objective, their search 
mechanisms can lead to different convergence characteristics, Pareto-front distributions, and computational 
behavior. Comparing them under a common experimental setting is therefore useful when the objective is not 
simply to introduce another optimizer, but to understand how different optimization strategies perform for the 
same EMS problem. 
The quality of the optimization, however, is also linked to the information supplied to the scheduling process. In 
a look-ahead EMS, decisions for the coming hours depend on estimates of future load and renewable generation. 
Errors in these forecasts can consequently propagate into the optimization stage and modify the resulting 
battery and grid schedules [19–21]. This has encouraged the use of machine-learning and deep-learning models 
for short-term energy forecasting, particularly when the underlying data contain nonlinear temporal 
relationships [22–24]. LSTM networks are well suited to this type of problem because they can retain 
information over extended sequences and have been widely used for load and renewable-energy forecasting 
[25]. BiLSTM networks extend this structure by processing temporal patterns in both directions, allowing the 
model to use contextual information from the complete input sequence [26], [27]. Their use is therefore relevant 
to a forecasting stage that must provide load and PV trajectories to a subsequent EMS optimization process. 
Despite the substantial body of work on forecasting and microgrid optimization, these two components are still 
frequently investigated independently. Studies that combine forecasting with optimization do not always provide 
a direct comparison of several multi-objective algorithms under the same data, objective functions, and 
operational constraints [28–30]. This makes it difficult to determine whether differences in reported results 
arise from the optimization method itself or from differences in the experimental setup. The issue is particularly 
relevant for industrial microgrids operating under demanding environmental conditions, where both renewable 
variability and battery operating conditions can affect the quality of the resulting schedule. The Hassi Messaoud 
region in southern Algeria provides an appropriate context for such an investigation because of its strong solar 
resource and its harsh Saharan climate [31-34]. These characteristics make the region attractive for PV-based 
generation while also creating practical challenges for the operation and long-term use of energy storage 
systems. 
Against this background, this study develops an intelligent EMS for a grid-connected industrial microgrid 
composed of PV generation, a BESS, electrical loads, and the utility grid [35]. The proposed framework combines 
multivariate BiLSTM forecasting of PV power and electrical demand with a multi-objective scheduling layer 
operating over a 24-hour horizon. Rather than focusing on the development of a new optimization algorithm, the 
study places particular emphasis on a controlled comparison of three established approaches, namely NSGA-II, 
MOPSO, and AMOPSO. The comparison is conducted under the same operating conditions and within the same 
EMS formulation, with the aim of examining their respective capabilities in balancing electricity cost and battery 
degradation. 
The main contribution of this work lies in the integration of short-term multivariate forecasting and degradation-
aware multi-objective energy management within a common framework for a grid-connected industrial 
microgrid. The BiLSTM model simultaneously forecasts PV generation and electrical load using meteorological, 
electrical, and economic variables representative of the Hassi Messaoud operating context. These forecasts are 
then incorporated into the EMS scheduling process, where electricity operating cost and battery degradation are 
considered simultaneously while satisfying power-balance, battery state-of-charge, and grid operating 
constraints. In addition, the study provides a controlled comparison of NSGA-II, MOPSO, and AMOPSO using 
identical initial conditions and the same optimization formulation. Their behavior is examined through 
complementary indicators describing convergence, Pareto-front diversity and spacing, hypervolume, stability, 
and the resulting energy-management performance. This comparative setting is intended to provide a more 
consistent basis for assessing the practical differences between the three optimization strategies rather than 
assuming the superiority of one method in advance. 
The remainder of this paper is organized as follows. Section II presents the microgrid architecture and its 
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mathematical model. Section III describes the data generation process and the BiLSTM forecasting methodology. 
Section IV formulates the multi-objective EMS problem and describes the three optimization algorithms 
considered in the comparison. Section V presents and discusses the simulation results, including the Pareto 
fronts and comparative performance indicators. Section VI concludes the paper and discusses possible directions 
for future work. 

 

II. MICROGRID SYSTEM DESCRIPTION 

A. Architecture of the Proposed Intelligent EMS Framework 
The proposed intelligent Energy Management System (EMS) framework combines advanced forecasting and 
multi-objective optimization techniques to improve the operational performance of a grid-connected microgrid 
integrating photovoltaic (PV) generation, battery energy storage, and utility grid interaction. The overall 
architecture of the proposed framework is illustrated in Fig. 1. 

Fig. 1. Architecture of the proposed intelligent EMS framework 
As illustrated in Fig. 1, the proposed intelligent EMS framework is composed of five interconnected functional 
blocks: weather data generation, PV and load prediction, energy management system formulation, comparative 
multi-objective optimization, and the physical microgrid. 
 
The first block generates the meteorological variables required for photovoltaic power forecasting, including 
solar irradiance and ambient temperature. These data, together with historical load demand information, are 
supplied to the second block, which employs a Bidirectional Long Short-Term Memory (BiLSTM) neural network 
to predict both photovoltaic generation and load demand over a 24-hour scheduling horizon. 
The forecasted profiles are subsequently transferred to the Energy Management System (EMS) block, where the 
microgrid operation is formulated as a constrained multi-objective optimization problem. The EMS aims to 
determine the optimal battery charging/discharging schedule and the optimal power exchange with the utility 
grid while satisfying all operational constraints. 
B. Microgrid System Description 
The physical microgrid considered in this study corresponds to Block 5 of the proposed intelligent EMS 
framework illustrated in Fig. 1. This block represents the real operating environment in which the optimal 
control decisions generated by the Energy Management System (EMS) are applied. The microgrid consists of four 
main components: a photovoltaic (PV) generation system, a battery energy storage system (BESS), local electrical 
loads, and a utility grid connection.                                                                                                                                         
The operation of the microgrid relies on the coordinated exchange of energy among these components. 
Depending on the operating conditions, the photovoltaic generation can directly supply the electrical load, 
charge the battery storage system, or export surplus energy to the utility grid. Similarly, the battery energy 
storage system can provide power to the load or inject energy into the utility grid whenever required by the 
energy management strategy. The utility grid acts as an auxiliary energy source and can supply both the load 
demand and the battery storage system when local renewable generation is insufficient. 
The power exchanged among the PV system, the battery storage system, and the utility grid is continuously 
coordinated by the EMS to ensure reliable operation and efficient utilization of available energy resources. Based 
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on the forecasted photovoltaic generation and load demand profiles, the EMS determines the optimal battery 
charging/discharging schedule and the optimal grid power exchange while satisfying all operational constraints. 
To ensure the proper operation of the microgrid, the generated, stored, imported, exported, and consumed 
powers must satisfy the power balance condition at each scheduling interval. This energy balance principle 
constitutes the foundation of the EMS optimization framework developed in Section IV. 
The following subsections present the mathematical models of the photovoltaic generation system, battery 
energy storage system, and utility grid interaction. 
C. Photovoltaic Generation Model 
The photovoltaic (PV) system is the microgrid's primary renewable energy source. Accurate modeling of its 
power output is essential for reliable forecasting and optimal energy management, as photovoltaic generation 
directly affects battery scheduling and grid power exchange decisions. 
In this study, the photovoltaic power output is modeled using a simplified irradiance-based approach, which is 
widely adopted in energy management and scheduling applications due to its low computational complexity and 
satisfactory accuracy for system-level analysis. The generated PV power at time step t is expressed as:  
𝐏𝐏𝐕(𝐭) =  𝛈𝐏𝐕 𝐀𝐏𝐕 𝐆(𝐭) ∗  [ 𝟏 −  𝛄 ∗  ( 𝐓(𝐭) −  𝐓𝐫𝐞𝐟)]                                                           (1) 
where: 

• 𝑃𝑃𝑉(𝑡) is the photovoltaic power output (kW); 
• 𝜂𝑃𝑉  is the nominal conversion efficiency of the PV modules; 
• 𝐴𝑃𝑉  is the total effective PV panel area (𝑚²); 
• 𝐺(𝑡)    is the solar irradiance (𝑊/𝑚²); 
• 𝑇(𝑡) is the ambient temperature (°𝐶); 
• 𝑇𝑟𝑒𝑓  is the reference temperature under standard test conditions (25°C);  

• 𝛾 is the temperature coefficient of the PV module. 
 

The first term of (2) represents the conversion of solar energy into electrical power as a function of the incident 
irradiance, while the second term accounts for the reduction in conversion efficiency caused by temperature 
variations. As the operating temperature increases, the PV module efficiency decreases, resulting in lower 
electrical power generation.                 
The generated photovoltaic power contributes directly to the microgrid energy balance and can be used to 
supply the local electrical load, charge the battery energy storage system, or export surplus energy to the utility 
grid according to the operating strategy determined by the Energy Management System (EMS). 
D. Battery Energy Storage Model 
The battery energy storage system (BESS) is integrated into the microgrid to enhance operational flexibility and 
mitigate the intermittent nature of photovoltaic generation. By storing excess renewable energy during periods 
of high PV production and releasing it when local generation is insufficient, the BESS contributes to improving 
energy self-consumption and reducing dependence on the utility grid. 
Within the proposed EMS framework, the battery serves as the main flexibility resource and plays a central role 
in balancing power generation and demand. Depending on the operating conditions, the stored energy can be 
used to support the local load or to export energy to the utility grid when economically advantageous. 
The battery operation is characterized by its state of charge (SOC), charging and discharging efficiencies, energy 
capacity, and power limits. These parameters determine the available storage capability and directly influence 
the energy scheduling decisions performed by the EMS. 
The mathematical formulation governing the battery charging/discharging dynamics, SOC evolution, and 
operational constraints is presented in Section IV as part of the EMS optimization framework. 
E. Power Exchange with Utility Grid 
The utility grid provides an additional source of flexibility for the operation of the proposed microgrid. Through 
the grid interconnection, the microgrid can exchange energy with the main electrical network according to the 
operating conditions and the decisions generated by the Energy Management System (EMS). 
When the local photovoltaic generation and battery resources are insufficient to satisfy the load demand, 
electrical energy can be imported from the utility grid to ensure uninterrupted power supply. Conversely, during 
periods of excess renewable generation or surplus stored energy, power can be exported to the utility grid, 
thereby improving the utilization of available energy resources. 
The bidirectional power exchange capability contributes to enhancing the reliability and operational flexibility of 
the microgrid. It also allows the EMS to exploit variations in electricity tariffs by optimally coordinating battery 
scheduling and grid power transactions. 
Within the proposed framework, the utility grid acts as both an auxiliary energy source and an energy sink, 
enabling the microgrid to maintain the balance between power generation, storage, and consumption under 
varying operating conditions. 
The mathematical formulation governing the exchanged grid power and the associated operational constraints is 
presented in Section IV as part of the EMS optimization framework. 

III. DATA GENERATION AND BiLSTM FORECASTING MODEL 
The operational efficiency of an intelligent Energy Management System (EMS) designed for industrial microgrids 
depends heavily on the accuracy of electrical load demand (P_load) and photovoltaic (PV) power (P_PV) 
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forecasting. Reliable predictions allow the central controller to anticipate severe industrial operating conditions 
and optimize multi-period scheduling strategies. In this work, a localized data-driven framework is developed 
through a multi-stage MATLAB simulation pipeline. The execution sequence systematically handles parameters 
specific to the industrial site of Hassi Messaoud, Algeria, moving from deterministic physical simulation to deep-
learning-based temporal prediction. The global pipeline consists of three sequential stages: multi-variable data 
generation, statistical preprocessing, and BiLSTM neural network optimization. 
A. Industrial Data Generation and Site Modeling 
To rigorously evaluate the proposed EMS under real environmental constraints, the first stage of the MATLAB 
simulation synthesizes continuous time-series profiles emulating the microgrid state space of an industrial 
facility located in Hassi Messaoud. The generated multi-period dataset encompasses six concurrent variables : 

𝑋(𝑡) =  [ 𝑃𝑙𝑜𝑎𝑑(𝑡), 𝑃𝑃𝑉(𝑡), 𝐺(𝑡), 𝑇(𝑡), 𝐻(𝑡), 𝐶𝑔𝑟𝑖𝑑(𝑡)]
𝑇

         (2) 

 
where 𝑋(𝑡) represents the multi-variable environmental-demand state vector at a discrete time step 𝑡. Within 
this state space: 

• 𝑃𝑙𝑜𝑎𝑑(𝑡) denotes the instantaneous electrical load demand of the industrial facility (𝑘𝑊); 
• 𝑃𝑃𝑉(𝑡) represents the output power generated by the photovoltaic array, measured in kilowatts (𝑘𝑊); 
• 𝐺(𝑡) is the global solar irradiance (𝑊/𝑚2); 
• 𝑇(𝑡) corresponds is the ambient temperature (°𝐶); 
• 𝐻(𝑡) denotes the relative humidity (%); 
• 𝐶𝑔𝑟𝑖𝑑(𝑡) represents the time-varying electricity price (€/kWh). 

The superscript 𝑇 denotes the matrix transposition operator, indicating that 𝑋(𝑡) is mathematically structured as 
a  6 × 1  column vector to satisfy the input dimensionality requirements of the subsequent deep recurrent neural 
network.  
The photovoltaic generation profiles used in this study were derived from the PV model presented in Section II-C 
and driven by realistic meteorological conditions representative of the Hassi Messaoud region. The generated 
dataset combines electrical, environmental, and economic variables required for both forecasting and energy 
management applications.                                                                                                                                                                   
To assess the realism and seasonal consistency of the generated dataset, annual time-series profiles were 
produced for the year 2021. The resulting data capture the temporal variability of industrial load demand, 
photovoltaic generation, solar irradiance, ambient temperature, relative humidity, and electricity price. Fig. 2 
illustrates the synthesized annual operating conditions of the considered industrial microgrid and provides a 
comprehensive visualization of the generated dataset. 

Fig. 2. Simulated annual industrial electrical load profile and data visualization for the year 2021. 
B. Data Preprocessing and Sequencing 
In the second simulation stage, raw synthesized variables are preprocessed within MATLAB to eliminate scaling 
bias across heterogeneous physical quantities and improve deep learning convergence. The preprocessing 
workflow involves noise filtering, sequential time-lag structuring, and Min-Max linear normalization. All 
variables are mapped into a dimensionless unified interval [0, 1] using the following transformation: 
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𝑿𝒏𝒐𝒓𝒎 =
(𝑿 − 𝑿𝒎𝒊𝒏)

(𝑿𝒎𝒂𝒙 − 𝑿𝒎𝒊𝒏)
 

 
where 𝑋  and 𝑋𝑛𝑜𝑟𝑚 denote the raw and scaled industrial variables, respectively, while 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥  represent 
the absolute boundaries observed across the historical horizon. The structured time-series matrix is then 
partitioned into a training subset (𝑋𝑡𝑟𝑎𝑖𝑛) for gradient tuning and a validation subset ((𝑋𝑣𝑎𝑙) to evaluate 
generalization performance. 
As observable from the 2021 dataset, the consumption peaks are predominantly concentrated during specific 
operational windows. To make these multi-variate profiles exploitable by the deep learning architecture, the raw 
time series are normalized, cyclically encoded, and structured into sliding windows (72-h input / 24-h 
prediction). The resulting preprocessed industrial feature space is illustrated in Fig. 3, where the upper subplot 
displays the bounded internal power variables (𝑃𝑙𝑜𝑎𝑑𝑎𝑛𝑑 𝑃𝑃𝑉)  and the lower subplot outlines the normalized 
environmental drivers (𝐺 𝑎𝑛𝑑 𝑇).                                                                                                                                                                       
 Once this feature space is structured, these sequential matrices are partitioned into training and testing subsets 
to feed the proposed BiLSTM network. 
 
Fig. 3. Preprocessed and normalized industrial time-series feature space prepared for network training. 

C. BiLSTM Forecasting Model Architecture 
Standard unidirectional LSTM networks process sequential information only in the forward temporal direction, 
limiting their ability to exploit future contextual information. To capture temporal dependencies from both past 
and future observations simultaneously, a Bidirectional Long Short-Term Memory (BiLSTM) network is adopted 
in this work. 
For a given input sequence 𝑥𝑡 , each LSTM cell updates its hidden representation by processing the current input 
together with the information stored from previous time steps. The hidden state generated by a standard LSTM 
layer can be generally expressed as 
                                                                               ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡 , ℎ𝑡−1, 𝑐𝑡−1)                               (4) 
where 𝑥𝑡  denotes the input vector, ℎ𝑡   is the hidden state, and 𝑐𝑡−1 represents the memory cell state. 
Within the BiLSTM architecture, two independent LSTM layers process the sequence in opposite temporal 
directions. The forward hidden state ℎ𝑓

𝑡  and backward hidden state ℎ𝑏
𝑡  are respectively computed as 

ℎ𝑓
𝑡 = 𝐿𝑆𝑇𝑀𝑓(𝑥𝑡 , ℎ𝑡−1

𝑓
)                                       (5) 

ℎ𝑏
𝑡 = 𝐿𝑆𝑇𝑀𝑏(𝑥𝑡 , ℎ𝑡−1

𝑏 )                                       (6) 
The final bidirectional representation is obtained by concatenating both hidden states: 

ℎ𝑡 = [ℎ𝑓
𝑡 , ℎ𝑏

𝑡 ]                                                       (7) 

This bidirectional structure enables the network to exploit both historical and future contextual information, 
thereby improving the forecasting accuracy of photovoltaic generation and electrical load demand profiles. 
The detailed architecture of the proposed BiLSTM forecasting model, including the configuration of each 
computational layer and its corresponding role within the forecasting framework, is summarized in Table I. 
 
TABLE I: Computational Layer Configuration of the Proposed BiLSTM Network 
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Layer 
Index 

Layer Type 
Output Shape / 

Hyperparameters 
Function / Role in the 

Framework 

1 Sequence Input 6 × 72 

Accepts 6 
physical/environmental 
variables over a 72-hour 

historical window. 

2 
BiLSTM 

(Stacked 1) 
64 𝐻𝑖𝑑𝑑𝑒𝑛 𝑈𝑛𝑖𝑡𝑠 (′𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒′) 

Extracts forward and backward 
deep temporal context features 

across all time steps. 

3 
Layer 

Normalization 
Channel-wise Normalization 

Stabilizes gradient flow, 
prevents internal covariate shift, 

and accelerates training 
convergence. 

4 
Dropout 

Regularization 
Regularization Rate = 0.2 

Prevents co-adaptation of 
weights and mitigates 

overfitting during training 

5 
BiLSTM 

(Stacked 2) 
32 Hidden Units ('last') 

Captures the final consolidated 
hidden state vector at the last 

sequence step. 

6 
Fully 

Connected 
48 Linear Output Responses 

Maps the extracted high-level 
features onto the multi-step 

prediction space. 

7 
Regression 

Output 
2 × 24 (Load & PV 

Trajectories) 

Computes continuous loss 
residuals via RMSE   during the 

optimization 

D. Network Training and Performance Metrics 
The BiLSTM network parameters are optimized by minimizing prediction residuals via backpropagation through 
time. Core hyperparameters including the number of hidden units, initial learning rate, total training epochs, and 
mini-batch size are systematically tuned within the MATLAB script using grid search cross-validation. The 
prediction accuracy over the validation set D_val is quantified using Root Mean Square Error (RMSE) and Mean 
Absolute Error (MAE): 

𝑅𝑀𝑆𝐸 =  √[ (
1

𝑁
) 𝛴𝑡=1

𝑁 (𝑦𝑡 − 𝑦̂𝑡)
2] ,      𝑀𝐴𝐸 =  (

1

𝑁
) 𝛴𝑡=1

𝑁 |𝑦𝑡 − 𝑦̂𝑡| 

Where  𝑦𝑡   and 𝑦̂𝑡  represent the true measured and network-predicted industrial variables, respectively, and 𝑁 
represents the total number of validation samples. 
The training convergence and multi-step prediction performance of the proposed deep BiLSTM network are 
subsequently evaluated using the synthesized Hassi Messaoud dataset. As shown in Fig. 3, the network exhibits a 
highly stable and monotonic convergence within 30 epochs under the Adam optimizer, with the training RMSE 
dropping from over 3.5 to below 0.5 without any signs of overfitting.                                                                    
 Following this successful training phase, the model is validated on the test subset over a 24-hour horizon, 
displaying normalized profiles for both electrical demand and solar generation (Fig. 4). The model demonstrates 
exceptional tracking accuracy across the normalized scale, achieving a remarkably low mean test RMSE of 0.0631 
for the industrial load demand and 0.0630 for the PV power output. Visually, the bidirectional architecture 
successfully captures the sharp morning and evening industrial load ramp-ups within the normalized 
boundaries. More importantly, the model accurately replicates the highly non-linear solar power drop observed 
at hour 8, effectively capturing sudden localized cloud coverage or irradiance intermittency on the normalized 
output curve. This high-fidelity forecasting framework provides reliable predictive trajectories to the 
downstream optimization layer, thereby mitigating microgrid operational uncertainties.    
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Fig.4. Training Convergence 
 

Fig. 5. Comparison between real and predicted load demand and photovoltaic power generation profiles 
for Hassi Messaoud using the BiLSTM model. 
 
E. Role of Forecasting in EMS Optimization 
The 24-hour ahead normalized predictive trajectories generated by the BiLSTM network specifically the 
predicted load demand 𝑃̂𝑙𝑜𝑎𝑑(𝑡) and the estimated PV power generation 𝑃̂𝑃𝑉(𝑡) serve as critical deterministic 
parameters for the downstream optimization problem detailed in Section IV.   Instead of relying on myopic or 
persistence-based forecasting methods, the proposed predictive stage injects these high-fidelity trajectories 
directly into the operational constraints of the Energy Management System (EMS). Mathematically, these profiles 
govern the state-of-charge 𝑆𝑂𝐶 dynamics of the central battery energy storage system 𝐵𝐸𝑆𝑆 and dictate the 
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optimal scheduling horizon by resolving the power balance equation at each hourly interval  :                                        
𝑃𝑔𝑟𝑖𝑑(𝑡) + 𝑃𝑝𝑣̂(𝑡) + 𝑃𝑏𝑎𝑡𝑡,𝑑𝑖𝑠(𝑡) = 𝑃𝑙𝑜𝑎𝑑̂(𝑡) + 𝑃𝑏𝑎𝑡𝑡,𝑐ℎ(𝑡)   (8) 

 
By anticipating sharp industrial load peaks and localized daytime solar intermittency under extreme desert 
conditions, the optimization layer can proactively schedule battery charging cycles during high-generation 
windows and minimize expensive peak-hour power drawing from the utility grid 𝑃𝑔𝑟𝑖𝑑  .Consequently, integrating 

this deep learning forecasting engine into the microgrid control framework establishes a robust bridge between 
temporal pattern recognition and real-time operational optimization, effectively maximizing renewable self-
consumption while preserving battery health. 
 

IV. ENERGY MANAGEMENT SYSTEM FORMULATION 
The proposed Energy Management System (EMS) aims to determine the optimal battery scheduling strategy 
using the load demand and photovoltaic generation forecasts provided by the BiLSTM model. The optimization 
process is performed over a 24-hour scheduling horizon and coordinates the interactions between the 
photovoltaic system, the battery energy storage system (BESS), and the utility grid. 
A. Power Balance Constraint 
The forecasted load demand and photovoltaic generation are first used to compute the net load: 

𝑃𝑛𝑒𝑡(𝑡) = 𝑃𝑙𝑜𝑎𝑑
𝑝𝑟𝑒𝑑

(𝑡) − 𝑃𝑃𝑉
𝑝𝑟𝑒𝑑

(𝑡)                                                   (9)      

     

where 𝑃𝑙𝑜𝑎𝑑
𝑝𝑟𝑒𝑑

(𝑡)  and  𝑃𝑃𝑉
𝑝𝑟𝑒𝑑

(𝑡)  denote the forecasted load demand and photovoltaic generation, respectively. 

The net load represents the residual electrical demand that must be supplied by the Battery Energy Storage 
System (BESS) and/or the utility grid after accounting for local photovoltaic generation. 
To ensure reliable operation of the microgrid, the power balance equation must be satisfied at each scheduling 
interval: 
𝑃𝑙𝑜𝑎𝑑(𝑡) = 𝑃𝑃𝑉(𝑡) + 𝑃𝑔𝑟𝑖𝑑(𝑡) + 𝑃𝑏𝑎𝑡(𝑡)         (10) 

 
where: 

• 𝑃𝑙𝑜𝑎𝑑(𝑡)  is the load demand (kW);  
• 𝑃𝑃𝑉(𝑡)     is the photovoltaic power generation (kW);  
• 𝑃𝑏𝑎𝑡(𝑡)    is the battery charging/discharging power (kW);  
• 𝑃𝑔𝑟𝑖𝑑(𝑡)  is the power exchanged with the utility grid (kW).  

Using the net-load formulation, the exchanged grid power can be expressed as: 
𝑃𝑔𝑟𝑖𝑑(𝑡) = 𝑃𝑛𝑒𝑡(𝑡) − 𝑃𝑏𝑎𝑡(𝑡)                                                                                   (11)                                 

        
which constitutes the fundamental EMS decision equation. 
For optimization purposes, all internal energy exchanges within the microgrid are represented through the net 
grid power variable 𝑃𝑔𝑟𝑖𝑑(𝑡) , which accounts for the combined effects of photovoltaic generation and battery 

scheduling decisions.  
Although the physical microgrid enables multiple energy exchange paths between the PV system, the battery 
storage system, the load, and the utility grid, the EMS formulation captures these interactions through the 
battery power 𝑃𝑏𝑎𝑡(𝑡)) and the net grid power 𝑃𝑔𝑟𝑖𝑑(𝑡)). This representation simplifies the optimization problem 

while preserving the overall energy balance of the microgrid. 
B. Battery Energy Storage System Model 
The Battery Energy Storage System (BESS) is modeled through its State of Charge (SOC) dynamics. 

𝑆𝑂𝐶(𝑡 + 1) =

{
 
 

 
 𝑆𝑂𝐶(𝑡) −

𝑃𝑏𝑎𝑡𝑡(𝑡) 𝛥𝑡

𝐸𝑏𝑎𝑡  𝜂𝑑𝑖𝑠
if 𝑃𝑏𝑎𝑡(𝑡) ≥ 0                    (12)

𝑆𝑂𝐶(𝑡) −
𝑃𝑏𝑎𝑡(𝑡) 𝛥𝑡 𝜂𝑐ℎ

𝐸𝑏𝑎𝑡
if 𝑃𝑏𝑎𝑡(𝑡) < 0                    (13)

 

where: 
• 𝑆𝑂𝐶(𝑡) is the battery state of charge at time step 𝑡 
• 𝐸𝑏𝑎𝑡  is the nominal battery capacity (kWh)  
• 𝜂𝑐ℎ is the charging efficiency  
• 𝜂𝑑𝑖𝑠 is the discharging efficiency  
• 𝛥𝑡 is the sampling time interval (h)  

To ensure safe operation and extend battery lifetime, the battery SOC is constrained by 
𝑆𝑂𝐶𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶(𝑡) ≤ 𝑆𝑂𝐶𝑚𝑎𝑥                                                                                   (14) 
  In addition, the battery charging and discharging power must satisfy 
−𝑃𝑏𝑎𝑡

𝑚𝑎𝑥 ≤ 𝑃𝑏𝑎𝑡(𝑡) ≤ 𝑃𝑏𝑎𝑡
𝑚𝑎𝑥                                                                                         (15) 

These constraints prevent overcharging, deep discharging, and excessive battery utilization. 
The battery model enables the EMS to optimally manage charging and discharging cycles in order to reduce grid 
dependency and improve overall economic performance. 
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C Grid Power Constraints 
The power exchanged between the microgrid and the utility grid is represented by the variable 𝑃𝑔𝑟𝑖𝑑(𝑡). Positive 

values of grid power indicate energy import from the main grid, while negative values correspond to energy 
export to the grid. 
To ensure safe and stable operation of the grid connection, the exchanged power must remain within predefined 
technical limits: 

𝑃𝑔𝑟𝑖𝑑
𝑚𝑖𝑛 ≤ 𝑃𝑔𝑟𝑖𝑑(𝑡) ≤ 𝑃𝑔𝑟𝑖𝑑

𝑚𝑎𝑥  

where: 
• 𝑃𝑔𝑟𝑖𝑑

𝑚𝑎𝑥  represents the maximum power that can be imported from the grid  

• 𝑃𝑔𝑟𝑖𝑑
𝑚𝑖𝑛  represents the maximum power that can be exported to the grid  

These limits are determined by technical characteristics of the grid connection and contractual agreements with 
the utility operator. 
D. Multi-Objective Optimization Problem 
The EMS optimization problem simultaneously minimizes electricity operating cost and battery degradation 
stress. 
1) Electricity Cost Objective 
The electricity cost objective is defined as: 

𝐽1 = ∑ 𝐶𝑔𝑟𝑖𝑑
𝑁

𝑡=1
(𝑡) 𝑚𝑎𝑥(𝑃𝑔𝑟𝑖𝑑(𝑡),0) 𝛥𝑡                                                                 (16)                       

where: 
• 𝐶𝑔𝑟𝑖𝑑(𝑡) represents the electricity price at time step 𝑡 

• 𝑃𝑔𝑟𝑖𝑑(𝑡) represents the power exchanged with the grid 

• 𝛥𝑡  represents the sampling interval  
The operator 𝑚𝑎𝑥(𝑃𝑔𝑟𝑖𝑑(𝑡),0)  ensures that electricity cost is considered only when power is imported from the 

utility grid. Consequently, the EMS is encouraged to maximize the utilization of locally generated photovoltaic 
energy and stored battery energy. 
2) Battery Degradation Objective 
Frequent charging and discharging cycles accelerate battery aging and reduce its operational lifetime. Therefore, 
the second objective aims to limit battery degradation by penalizing both intensive battery utilization and abrupt 
power variations. 
The battery degradation objective is formulated as 

𝐽2 = ∑ [
𝑃𝑏𝑎𝑡𝑡(𝑡)

(𝑃𝑏𝑎𝑡,𝑚𝑎𝑥)
2 . ∆𝑡] + 0.1. ∑[|𝑃𝑏𝑎𝑡(𝑡) − 𝑃𝑏𝑎𝑡(𝑡 − 1)|]                                              (17) 

The first term penalizes excessive battery throughput, while the second term discourages rapid transitions 
between charging and discharging operating modes. This formulation promotes smoother battery operation and 
contributes to extending battery lifetime. 
3) Multi-Objective Formulation 
The optimization problem is therefore formulated as: 
𝑀𝑖𝑛 𝐹(𝑋) = [𝐽1, 𝐽2]                                                                                                  
Where  𝑋 = [𝑃𝑏𝑎𝑡(1), 𝑃𝑏𝑎𝑡(2), … , 𝑃𝑏𝑎𝑡(24) ]                                             
(18)                    
denotes the battery scheduling decision vector.       
Since the two objectives are conflicting, the optimization process generates a set of Pareto-optimal solutions 
representing different trade-offs between electricity cost minimization and battery lifetime preservation. 
E. Constraint Handling and Optimization Variables 
To guarantee physically feasible operating conditions, constraint violations are incorporated into the objective 
functions through penalty terms. 
The penalized objective functions are defined as 
𝐽1
∗ = 𝐽1 + 𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑆𝑂𝐶 + 𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝐺𝑟𝑖𝑑                                                                               (19) 

𝐽2
∗ = 𝐽2 + 𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑆𝑂𝐶                                                                                                        (20) 

Penalty terms are activated whenever SOC or grid-power limits are violated and are assigned sufficiently large 
coefficients to eliminate infeasible solutions from the search process. 
The optimization vector is defined as: 
𝑋 = {𝑃𝑏𝑎𝑡(1), 𝑃𝑏𝑎𝑡(2), … , 𝑃𝑏𝑎𝑡(𝑁)}  subject to: 

𝑃𝑔𝑟𝑖𝑑
𝑚𝑖𝑛 ≤ 𝑃𝑔𝑟𝑖𝑑(𝑡) ≤ 𝑃𝑔𝑟𝑖𝑑

𝑚𝑎𝑥   

and the battery operational constraints defined in Section IV-B. 
F. Comparative Multi-Objective Optimization Algorithms 
Three multi-objective optimization algorithms are considered in this study: Non-dominated Sorting Genetic 
Algorithm II (NSGA-II), Multi-Objective Particle Swarm Optimization (MOPSO), and Adaptive Multi-Objective 
Particle Swarm Optimization (AMOPSO).                
1) NSGA-II                                                                                                                                       
NSGA-II is an evolutionary multi-objective optimization algorithm based on non-dominated sorting and 
crowding-distance mechanisms. It maintains population diversity while progressively approximating the Pareto-
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optimal front. Candidate solutions are ranked according to dominance relationships and selection pressure is 
applied through elitist survival strategies. 
 
2) MOPSO                                                                                         
MOPSO extends the conventional Particle Swarm Optimization algorithm to multi-objective problems by 
incorporating an external archive of non-dominated solutions. Particle movements are guided by Pareto leaders 
selected from the archive, allowing simultaneous exploration of multiple trade-off solutions. 
3) AMOPSO   
 AMOPSO enhances the conventional MOPSO framework through adaptive parameter adjustment mechanisms 
that dynamically balance exploration and exploitation during the optimization process. This adaptive behavior 
improves convergence stability and helps maintain solution diversity across the Pareto front. 
The three algorithms are employed to generate Pareto-optimal battery scheduling solutions that minimize 
electricity operating cost and battery degradation while satisfying all operational constraints. Their convergence 
characteristics, Pareto-front quality, and energy management performance are comparatively evaluated in 
Section V.  
 

V. RESULTS AND DISCUSSION 
A. Simulation Setup 
The proposed EMS was implemented in MATLAB over a 24-h scheduling horizon using the photovoltaic power 
and load demand forecasts generated by the BiLSTM model. The optimization problem simultaneously 
minimizes electricity operating cost and battery cycling stress while satisfying battery SOC and grid operational 
constraints. NSGA-II, MOPSO, and AMOPSO were evaluated under identical conditions using the same population 
size and maximum number of iterations to ensure a fair comparison. 
B. Comparative Optimization Analysis 
Fig. 6 compares the convergence behavior of the three optimization algorithms. MOPSO exhibits the fastest 
convergence and achieves the lowest objective value, demonstrating strong exploitation capability. In contrast, 
NSGA-II converges more gradually due to its stronger exploration mechanism, whereas AMOPSO presents 
intermediate behavior with smoother convergence characteristics. 

Fig. 6.Convergence Comparison of NSGA-II, MOPSO, and AMOPSO 
 
The Pareto fronts shown in Fig. 7 illustrate the trade-off between operating electricity cost and battery cycling 
stress. NSGA-II provides a wider distribution of solutions, indicating superior exploration capability. MOPSO 
tends to concentrate solutions toward lower-cost regions, whereas AMOPSO generates compromise solutions 
between economic performance and battery utilization 
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. 
Fig.7 .Pareto Front Comparison of NSGA-II, MOPSO, and AMOPSO 
 

whereas AMOPSO generates compromise solutions between economic performance and 
battery utilization. 
Table 2 summarizes the comparative performance metrics of NSGA-II, MOPSO, and AMOPSO. MOPSO achieves 
the lowest electricity operating cost (509.961 €) and best mean economic performance, demonstrating strong 
exploitation capability. However, it exhibits the highest battery stress indicator (Mean J₂ = 1045.011), reflecting 
more intensive battery utilization. In contrast, NSGA-II provides the highest diversity (22.851) and hypervolume 
(1.231), indicating superior Pareto-front exploration and solution diversity. AMOPSO offers a balanced 
compromise, maintaining competitive operating costs while achieving the lowest mean battery stress indicator 
(593.557) and the best spread (0.807) with highly stable convergence. These results confirm that each algorithm 
presents distinct trade-offs between economic performance, battery cycling effort, and search diversity. 
 
TABLE 2: Comparative Performance Metrics of Multi-Objective Optimization Algorithms 

Algorithm Min J₁ (€) Mean J₁ (€) Min J₂ Mean J₂ Diversity Spread Hypervolume Stability 

NSGA-II 529.565 589.008 2.785 692.722 22.851 0.426 1.231 2.151 

MOPSO 509.961 570.074 6.093 1045.011 12.491 0.726 1.168 0.291 

AMOPSO 521.956 593.066 5.264 593.557 12.745 0.807 1.195 0.000 

C. Operational Analysis of the Energy Management System 
The optimal battery scheduling profile is illustrated in Fig 8. The battery is primarily charged during periods of 
low prices and discharged during periods of high prices, thus demonstrating the ability of the EMS system to 
exploit variations in electricity prices while limiting excessive battery charge/discharge cycles. 

Fig.8.Battery Power Profile 
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The corresponding grid power profile, illustrated in Fig.9, indicates reduced grid dependence during periods of 
battery backup and photovoltaic production. Therefore, the energy management system (EMS) improves local 
energy utilization while maintaining power balance within the microgrid. 

 
Fig.9. Grid Power Profile 
The SOC evolution illustrated in Fig. 10 confirms that battery operation remains within the prescribed limits 
throughout the scheduling horizon. The SOC trajectory reflects efficient battery utilization while ensuring 
operational safety and constraint satisfaction. 
 

Fig.10. Battery SOC Evolution 
The relationship between electricity prices and battery management is illustrated in Fig 11. Charging periods 
coincide with periods of low electricity prices, while discharging occurs during periods of high prices. This 
behavior confirms the energy management system's ability to optimize energy planning based on economic 
needs. 
 

Fig.11. Electricity Price vs Battery Scheduling 
D. Discussion                                                                                                        
The comparative analysis demonstrates that no optimization algorithm surpasses all performance criteria. 
MOPSO offers the best economic performance, NSGA-II a greater diversity of solutions, and AMOPSO generates 
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balanced trade-offs between electricity cost and battery utilization. Overall, the combination of BiLSTM 
forecasting and multi-objective optimization provides an effective framework for intelligent energy management 
of grid-connected microgrids. 
 

VI. Conclusion 
This paper presented a comparative multi-objective optimization framework for intelligent energy management 
of a grid-connected microgrid using BiLSTM forecasting and advanced swarm intelligence optimization 
techniques. 
The proposed Energy Management System (EMS) integrates photovoltaic generation, battery energy storage, and 
bidirectional grid interaction in order to improve the economic and operational performance of the microgrid. 
Accurate forecasting of load demand and photovoltaic power generation was achieved using a Bidirectional Long 
Short-Term Memory (BiLSTM) neural network, which demonstrated strong capability in modeling the nonlinear 
temporal behavior of both renewable generation and electricity demand. 
A multi-objective optimization problem was formulated over a 24-hour scheduling horizon to simultaneously 
minimize electricity operating cost and battery degradation. The optimization process determines the optimal 
battery charging and discharging scheduling strategy while satisfying the operational constraints of the 
microgrid, including battery State of Charge (SOC) limits and grid power constraints. 
To evaluate the effectiveness of the proposed EMS framework, a comparative analysis involving NSGA-II, MOPSO, 
and the proposed Adaptive Multi-Objective Particle Swarm Optimization (AMOPSO) algorithm was conducted. 
The obtained results demonstrated different optimization behaviors among the considered approaches. 
MOPSO achieved the lowest electricity operating cost due to its strong exploitation capability. However, this 
aggressive optimization behavior resulted in higher battery utilization and increased battery degradation. NSGA-
II provided better Pareto front diversity and exploration capability, although with slower convergence behavior. 
The proposed AMOPSO achieved a more balanced trade-off between economic performance and battery lifetime 
preservation. The adaptive optimization mechanisms improved convergence stability while maintaining 
competitive electricity cost minimization performance and reducing excessive battery utilization. Furthermore, 
the operational analysis confirmed the capability of the proposed EMS to intelligently coordinate battery 
scheduling and grid interaction according to electricity price variations and renewable energy availability. 
Overall, the obtained results demonstrate that the integration of BiLSTM forecasting with adaptive multi-
objective optimization provides an effective and practical solution for intelligent energy management in grid-
connected microgrids. The proposed framework contributes to improving energy scheduling reliability, battery 
utilization efficiency, and operational flexibility in modern smart grid applications. 
Future work may include the integration of electric vehicles, demand response strategies, uncertainty modeling, 
and real-time implementation of the proposed EMS under dynamic operating conditions. In addition, advanced 
deep learning architectures and stochastic optimization techniques may be investigated to further enhance 
forecasting accuracy and system robustness.  
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