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Abstract


To combat the catastrophic effects of climate change, the usage of renewable energy sources (RESs) has increased dramatically in recent years. The main drivers of the increase in solar photovoltaic (PV) system grid integrations in recent years have been lowering energy costs and pollution. Active and reactive powers are controlled by a proportional–integral controller, whereas energy storage batteries improve the quality of energy by storing both current and voltage, which have an impact on steady-state error. Since traditional controllers are unable to maximize the energy output of solar systems, artificial intelligence (AI) is essential for enhancing the energy generation of PV systems under a variety of climatic conditions. Nevertheless, variations in the weather can have an impact on how well photovoltaic systems function. This paper presents an intelligent power management controller (IPMC) for obtaining power management with load and electric-vehicle applications. The architecture combines the solar PV, battery with electric-vehicle load, and grid system. Initially, the PV architecture is utilized to generate power from the irradiance. The generated power is utilized to compensate for the required load demand on the grid side. The remaining PV power generated is utilized to charge the batteries of electric vehicles. The power management of the PV is obtained by considering the proposed control strategy. The power management controller is a combination of the twisting sliding-mode controller (TSMC) and Modified Pufferfish Optimization Algorithm (MPOA). The proposed method is implemented, and the application results are matched with the Mountain Gazelle Optimizer (MSO) and Beluga Whale Optimization (BWO) Algorithm by evaluating the PV power output, EV power, battery-power and battery-energy utilization, grid power, and grid price to show the merits of the proposed work.
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1. Introduction


To fulfill our expanding energy demands and reduce our dependency on fossil fuels, solar photovoltaic (PV) power plants have emerged as a viable solution [1]. To fulfil the energy needs of the world’s expanding population by 2050, we will need to produce energy at a rate four times faster than we currently do [2]. Developing countries need to make the most of renewable resources to fulfill the growing demand for energy and maintain energy security. Many rural villages lack energy because they are far from the main grid [3]; freestanding PV systems are perfect for these types of remote settings. Furthermore, with the right operation strategy, a battery-free PV–diesel microgrid can reduce the total energy transferred while keeping a consistent power supply [4].



Nevertheless, it is not a more environmentally friendly option, because it relies on fossil fuels. Because hybrid generating systems—photovoltaic, wind, and hydro—generate and use power without requiring long-distance transmission, installing them is economically advantageous [5]. However, a single photovoltaic system is insufficient as a source of electricity due to power oscillations caused by varying solar radiation and nighttime power interruptions. Consequently, to provide continuous electricity day and night [6], a freestanding photovoltaic system and a battery energy storage (BES) system [7] can be combined. The load factors, technical specifications, and needs of the PV application determine the conventional solar photovoltaic PV energy designs. PV applications fall into four categories: standalone, grid-connected, small-scale solar, and solar-powered vehicles [8]. Regardless of the surrounding circumstances, all the previously listed applications require the necessary voltage, power, and current. Additionally, depending on the characteristics of the load, the necessary voltage may be categorized as DC or AC. In recent decades, standalone applications have become increasingly common where grid power becomes costly due to large connection costs [9]. Emergency receivers, parking meters, and water pumps are examples of such applications. A battery is primarily used to store and buffer the generated electricity if the load is to be supplied without regard to solar insulation. The rated power of the load determines the battery size [10]. To safeguard the battery from harm caused by excessive charging and discharging, a charger controller may also be installed by internally connecting the battery to the PV system.



A system that is grid-linked feeds energy directly into a larger independent grid, usually the public electrical grid. Buildings that are residential or commercial may share this energy. The use of PV technology in automotive applications has been the subject of increased research efforts in the last ten years, particularly because of the development of sophisticated integration techniques, for instance, when an electric vehicle’s controls, communications, or other auxiliary operations are powered by solar energy. Regarding control tactics, several models have been created for effective power sharing and quick dynamic reactions in electric vehicles, including model-based, predictive-control, and heuristic approaches. These strategies include heuristic techniques [11,12] like genetic algorithms, predictive demand-based energy scheduling, and hierarchical power allocation based on battery C-rate and PV power availability, with the goal of enabling current sharing between the sources in a hybrid power supply [13]. For example, genetic algorithms offer a method for maximizing the current distribution across the various power sources to satisfy the load needs, improving the system’s overall responsiveness and efficiency. Other tactics include driving cycle-based power demand estimation and sharing function determination [14], which use historical data on driving patterns to estimate future power requirements; and anticipatory demand control [15,16], which predicts future demand changes based on a variety of inputs, such as weather and driver behavior. Model predictive current reference generation uses mathematical models to predict future current demands.



Despite the growing popularity of PV systems, their efficiency is still overwhelmed by several technical constraints. These are mismatch losses, variable energy output because of weather instability, ineffective utilization of energy, and poor resistance to dynamic load conditions like EV charging. Conventional control techniques, such as proportional–integral (PI) regulators or simple heuristic schemes, are insufficient in dealing with the intricate, nonlinear dynamics of hybrid energy systems comprising PV, battery energy storage systems (BESs), and grid supply. Additionally, the EV loads’ dynamic behavior needs smart and adaptive power management methods that can respond rapidly to varying energy demands and generation capacities. Furthermore, current methods suffer from non-robustness, slower convergence rates, or sensitivity to suboptimal solutions with multi-modal constraints. Consequently, the effective coordination and integration of PV, BES, and EVs are still a major issue in current power systems. For the abovementioned limitations, this paper proposes an intelligent power management controller (IPMC) that combines the twisting sliding-mode controller (TSMC) and Modified Pufferfish Optimization Algorithm (MPOA). The TSMC provides disturbance robustness and quick finite-time convergence, whereas the MPOA provides optimal parameters tuning of controllers through the trade-off between exploration and exploitation in optimization. Combining these, the hybrid controller seeks to optimize the power flow across PV generation, grid interaction, battery storage, and EV demand. The most significant contributions of this paper are summarized as follows:



	
The study introduces TSMC, a hybrid control system that integrates TSMC and MPOA for optimal and stable power regulation in grid-integrated PV systems with EV applications.



	
The TSMC guarantees resilience to external disruptions and system uncertainty. It provides both voltage and current tracking with quick, finite-time convergence. This is enhanced by MPOA, which optimizes TSMC settings to minimize transient and steady-state faults and increase control precision.






This study provides thorough insights into how the controller handles dynamic swings in grid, assessing fluctuations, EV demand profiles, batteries’ state of charge, and PV irradiance. This is a useful guide for developing flexible, reasonably priced power control systems for smart grids with renewable energy integration.




2. Related Works


Several research publications have focused on power management control systems for grid-connected photovoltaic systems integrated with battery storage, as reviewed in the following literature:



A hybrid CSA-QNN method for grid-connected PV with an effective inverter-based wireless EV battery charger was reported by P. Meenalochini et al. [17]. The suggested hybrid approach, also known as the CSA-QNN methodology, combines the capabilities of quantum neural networks (QNNs) with the circle search algorithm (CSA). The quantum neural network maximizes the total power flow and charging efficiency, while the circle search algorithm helps locate the ideal charging place by forming a virtual circle. When combined, these technologies help to improve the effectiveness and convenience of EV wireless charging. The design of a wireless EV battery charger with PV integration is the manuscript’s main objective.



An artificial neural network (ANN)-based energy management system (EMS) with battery backup and vehicle-to-grid (V2G) support was described by Soumya Sathyan et al. [18] for the cost-effective operation of a PV powered electric-vehicle charging station (EVCS). By charging during off-peak hours and discharging during peak hours, the charging-station battery (CSB) and parking-lot EVs (PLVs) help the EVCS run more profitably. They also increase the EVCS’s dependability by acting as a backup supply while it is in stand-alone mode. The suggested approach lowers the PV-powered EVCS’s running costs, while guaranteeing that the grid, EVs, CSB, PV, and PLV are ready for V2G operation and maintain the correct power balance.



Particle Swarm Optimization (PSO) in conjunction with artificial neural networks (ANNs) was introduced by Achraf Nouri et al. [19] to guarantee precise and steady extraction from solar systems even in the face of fluctuating irradiation circumstances. The fuzzy logic controller guarantees that the electric-car batteries are charged and discharged in accordance with certain predefined circumstances when used in conjunction with the Constant Current–Constant Voltage (CCCV)/CC (Constant Current) approach. A voltage source control strategy-controlled three-phase inverter connects the system to the grid.



A hybrid energy management system for photovoltaic cars that can automatically manage energy under complicated settings was described by Bi Li et al. [20]. Simulink simulation models are built using an upgraded PV model and the solar irradiation (S)–temperature (T) transfer function. The simulation evaluates the efficacy of four energy management strategies, in addition to comparing the charging impacts of a PV cell and a charging station. Lastly, validation tests are carried out for the PV charging model and the upgraded PV model.



A two-stage grid-connected PV system with reactive power management capabilities was reported by Bashar Aldbaiat et al. [21]. To restore the voltage levels of the grid’s feeders during a low-voltage ride through (LVRT), the suggested model includes the ability to transmit phase-shifted current to the grid. The suggested approach is unusual in that it manages active and reactive power injection concurrently without requiring the disabling of the maximum power point tracking (MPPT) state, in contrast to conventional methods. Furthermore, by providing the PV inverter with overcurrent protection, the novel technique enhances safety. Using a genetic algorithm (GA), the phase-locked loop based on the synchronous reference frame (SRF-PLL) is optimized.




3. Proposed Methodology


This paper presents an intelligent power management controller (IPMC) for obtaining power management with load and electric-vehicle applications. The architecture combines the PV, battery, electric-vehicle load, and grid system, as illustrated in Figure 1. Initially, the PV architecture was utilized to generate power from the irradiance. The generated power is utilized to compensate for the required load demand on the grid side. The remaining power generated from the PV is sent to the battery to charge the electric vehicle. The power management of the PV is obtained by considering the proposed controller. The power management controller is a combination of the TSMC and the Modified Pufferfish Optimization Algorithm (MPOA). The proposed controller is utilized to balance the power between the PV and grid with electric load applications. The required power is computed from the load side, and after that, it is compensated through the assistance of the PV system.



3.1. PV System


In a solar power system, the MPPT (maximum power tracking) control system incorporates the intermediate boost converter. To obtain control power and energy, MPPT is utilized. The duty cycle is generated using the MPPT algorithm in conjunction with an MPOA [22]. As a result, the solar system’s producing power may be estimated by the power management system. The produced PV power is shown below:


     P   P V   = I × P   V   e     ×   r   e     ×   P   A     



(1)




where




	
    P   P V    —output energy of PV;



	
  I  —irradiance   ( w /   m   2   )  ;



	
  P   V   e    —PV efficiency;



	
    r   e    —factor that reduces efficiency;



	
    P   A    —entire installed panel’s area.









3.2. Battery Bank System


Due to solar systems’ inability to meet load demands, the capacity structure is essential to the grid-connected PV system. Chemical energy in the electrochemical process is transformed into electricity in charge mode and back into chemical energy in the discharge model. If generating power is unavailable or there is extra power on the generation side, the battery’s storage capacity is calculated depending on its ability to supply EV demand. The SOC is used to calculate battery performance:


    Δ   S O C     i   =   Δ   S O C     i − 1   +      P   P V     i   −   P   L   E V       i       V   B   ∗   C   B       



(2)




where     P   P V     i     is the PV power generation,     P   L   E V       i     is the load or electric-vehicle power requirements,     V   B     is the battery voltage, and     C   B     denotes the battery capacity. The three-phase grid-connected PV system is designed using photovoltaic cells and a battery bank. Rechargeable batteries are charged via SOC power management to offset the charging demand. SOC is used to show how much energy is utilized to store the battery. The equilibrium between energy generation and dynamic sleep indicates a SOC battery [23].


    Δ   S O C     %   = 100 ∗    1     P   n B       ∑  P   t      



(3)




where   P ( t )   is the battery power is at t (1 h), and     P   n B     is the nominal battery power.



Given the SOC, the highest battery charge in the corresponding time may be used to calculate power management, the power of the additional charge discharge, and the extreme battery discharge [24]. The following equations provide the charge and discharge expressions:


         P   c h a r g   m a x       t + 1   =   Min     P   M a x   B   ,      P   n B     t    ∗      100 − S O C   100          



(4)






         P   d i s c h a r g   m a x       t + 1   =   Min     P   M a x   B   ,      P   n B     t    ∗      S O C −   S O C   M i n     100          



(5)




where   S O   C   M i n     is the minimum SOC of the battery base;     P   M a x   B     is the highest power, the battery’s capacity to discharge under circumstances; and   t   is the amount of time that passes between two duplicate phases. This is ascribed to the accountability that connects functionality to the application’s loading needs.




3.3. Electrical Vehicle


The EV battery capacity, the distance driven, and the driving mode are the three main factors that affect how much power an EV uses on public roads. As a result, the daily average power used by an EV       P   A v g   E V       is equal to the average power required to charge the battery from its starting SOC     I   t   S O C       to its final value     F   n   S O C       over the course of a daily charging cycle     I   t   S O C      . One may estimate the daily average maximum power (kW) required by a single EV battery as follows:


    P   A v g   E V   =      C   E V   ∗ M a   x   D o D       R   C h c       



(6)




where     C   E V     and   M a   x   D o D     denote, respectively, the maximum depth of discharge that an EV battery is allowed to reach (=70% [25]) and the nominal EV battery capacity (kWh).



The     R   C h c     daily charging time of the EV battery (in hours) is chosen to be 30 to achieve the intended quick-charging concept for the batteries [26]. As a result, the daily average maximum power used by many EVs may be computed using the following formula:


    P   A v g   E V   =      N   C h p   ∗   C   E V   ∗ M a   x   D o D   ∗ P   t       R   C h c       



(7)




where   P   t     denotes the daily time-dependent duty cycle of the charging station, and     N   C h p     reflects the quantity of charging piles. In this study, the EV load profile is mainly evaluated using lithium-ion (Li-ion) batteries for EVs with a total capacity of 84 kWh per vehicle.




3.4. Mathematical Modeling of the Inverter


An inverter is essential to the 95% efficient transmission of electricity between sources and loads. The inverter’s rating was chosen to meet the system’s yearly total cost. Equation (8) may be used to get the inverter rating,   I   n   r a t i n g     t    .


  I   n   r a t i n g     t   =      P   L     t     I   n   η     %       



(8)




where   I   n   η     %     refers to the inverter efficiency, and     P   L     t     represents the peak load demand, which is crucial for selecting the appropriate inverter.




3.5. Mathematical Modeling of the Grid


The grid can create an energy shortfall if the PV and battery bank are too insufficient to fulfill the demands of the load. Equation (9) can be used to determine the money received from the selling of electricity to the utility grid.


      Re   Grid     =     ∑  t = 1   n    F   T   r t e     ∗   E   G r i   d   s e l l i n g      



(9)







The selling energy price is denoted by     E   G r i   d   s e l l i n g      , and     R e   G r i d     stands for the feed-in tariff rate.





4. The Intelligent Power Management Controller Is Achieved by Using TSMC with MPOA


This section introduces a novel scheme for enhancing power management in a PV battery within the grid-integrated EV context. To generate the required power and load-demand power, the proposed method uses a Modified Pufferfish Optimization Algorithm (MPOA). The MPOA is employed to derive optimal parameters for enhancing the search behavior of the pufferfish, specifically targeting optimal gain. Enhanced MPOA is then applied to reduce the error function, thereby improving power management for the grid-integrated EV-connected PV and battery system. The reduction in the PV, grid voltage, and current error function is achieved by optimizing tuning gain parameters, including those related to the TSMC. The enhanced MPOA is utilized to achieve the goal function, as detailed in the following section.



4.1. Design of TSMC Controller


In a grid-connected PV with a battery system, the recommended TSMC controller is utilized in conjunction with the MPOA to manage power issues related to voltage and current. Compared to more conventional controllers such as the proportional–integral (PI) controller and sliding-mode controller (SMC), the TSMC controller offers more flexibility in power management. With its two parameters, the TSMC controller gives the best results in the control process. By delivering ideal pulses, the TSMC controller dramatically lowers error voltage and error current levels. The augmented MPOA method is used to choose these ideal pulses with the goal of minimizing error voltage and error current. Power compensation problems in the grid-connected PV with a battery system are successfully reduced by this TSMC controller by improving the power management system. This section offers a thorough explanation of the TSMC controller.



This work presents the design of a second-order sliding-mode current and voltage controller based on the twisting controller algorithm [26]. Currently, the purpose of initially choosing the voltage sliding surface is as follows:


    V   e   =   V   ∗   −   V   a c t    



(10)







Consequently, the twisting control algorithm-based second-order sliding-mode voltage controller may be created as follows:


         q   i   = −   K   P       V   e       tanh       V   e       +   q   i 1         q   i 1   = −   K   I     tanh       V   e             



(11)




where     K   P     and     K   I    , the voltage controller’s settings, can be designed. The voltage of the mover is carefully tracked by the specified reference voltage, using the designed voltage controller, while the power management system is operating in the presence of complex external disturbances. Likewise, based on Equation (12),


       d   2     q   i     d   t   2      = −    P Q     q   L         d   q   i     d t    +      d   L       q   L         v π   τ         d     d   i       d t    −      ψ   f       q   L         d v   d t    +    1     q   L         d   q   u     d t     



(12)







The d- and q-axis voltages in the rotating coordinate system are represented by     d   u     and     q   u     in the formula above;     d   i     and     d   q     represent the voltage and current; and the d- and q-axis currents are represented by     d   L     and     q   L    , respectively. PQ is the real and reactive power of the power management system. PQ,     d   L    ,     q   L    , and     ψ   f    , the necessary and sufficient criteria for finite-time convergence, are limited quantities in this case.



At this stage, the current sliding surface’s function is first chosen as follows:


    I   e   =   I   ∗   −   I   a c t    



(13)







The second-order sliding-mode control is called the twisting algorithm and utilizes both the sliding surface and the derivative of the sliding surface to compute the control signals. This method maintains the following technologic characteristics: the finite-time convergence, the high disturbance robustness, and the low chattering properties, which are important properties of accurate power control in PV systems. In contrast to the first-order sliding modes, whose control has been provided based on single-layer error, the twisting algorithm contributes more accuracy and robustness in controlling the given system because it works with dual-loop correction, which is very applicable in environments with high dynamics of energy, like the grid-connected PV battery and EV systems.



Consequently, the twisting control algorithm-based second-order sliding-mode current controller may be created as follows:


         q   u   = −   K   P       I   e       tanh       I   e       +   q   u 1         q   u 1   = −   K   I     tanh       I   e             



(14)




where     K   P     and     K   I    , the present controller’s settings, can be calculated.



Figure 2 displays the block diagram of the twisting sliding-mode controller created using Equations (11) and (14).



The applied control rule is far more complex than the proportional controller scenario depicted in Figure 2. The twisting sliding-mode controller (TSMC) is a second-order discontinuous sliding-mode control technique that serves as the foundation for this controller. Its control signals are dynamically changed in relation to the sliding surface and its time derivative. Although the picture depicts a high-level abstraction, the inside method features a nonlinear control logic that ensures durable convergence and a decrease in noise.




4.2. Optimization of Gain Parameter for Power Management Utilizing MPOA


The best values for accomplishing power management in the power management control structure are found using the MPOA, and they are used to obtain the optimum values of the parameters of the TSMC controller. Pufferfish belong to the Tetraodontidae family and Tetraodontiformes order of fish, mostly found in the sea and estuaries. The pufferfish resembles the large-spiked porcupinefish morphologically. Pufferfish have tiny-to-medium-sized bodies, and they may reach a maximum length of 50 cm. The four teeth on a pufferfish’s beak are one of their most distinguishing characteristics. Another distinctive feature of pufferfish is its lack of ribs, pelvis, and pectoral fins [27].



	
Step 1: Initialization






The population of the algorithm is made up of all POA members together. From a mathematical perspective, a matrix may be used to describe the input of error voltage, current, TSMC gain parameters, and community of these vectors, as shown by Equation (15).


  R =              R   1       ⋮       R   i       ⋮            R   n           n × l    



(15)




where     R   i     is the ith POA member (candidate solution), n is the number of population members, l is the number of decision factors, and   R   is the population matrix.



	
Step 2: Fitness Function






The main goal of this study is to propose an IPMC that is efficient and achieves the generated power and required power.


  O   F   p   =     G   P   =   R   P      



(16)




where     G   P     and     R   P     are the generated power and required power, respectively. Fitness is dependent on load demand, for which PV and battery generation provide electricity. The algorithm is employed to obtain the desired level of fitness.



	
Step 3: Predator Attack on Pufferfish during the Exploration Stage






The position of the population members is updated in step 3 of the MPOA based on a simulation of the predator’s attack plan directed at the pufferfish. It is believed that the predator chooses one pufferfish at random from the candidate pufferfish,   P   F   C    , identified in the set; this pufferfish is referred to as the selected pufferfish     P   F   S      . Equation (17) is used to determine each MPOA member’s new position in the problem-solving space based on the modeling of the predator’s progress toward the pufferfish. Then, in accordance with Equation (18), if the goal function value is increased in the new position, that new location takes the place of the corresponding member’s prior position.


    r   p , q   E   r   p     =   r   p , q   + r a n   d   p , q   ∗   P   F     S   p , q     −   δ   p , q     r   p , q      



(17)






    R   p   =        R   p   E   r   p     , O   F   p   E   r   p     ≤ O   F   p         R   p   , E l s e       



(18)




where


  P   F     C   p     =     R   I t   : O   F   I t   < O   F   p     a n d   I t ≠ p    



(19)




where     R   p   E   r   p       is the new position calculated for the pth predator based on the first phase of the proposed POA;   O   F   p   E   r   p       is the objective function value;   P   F     S   p       is the selected pufferfish for the pth predator chosen randomly from the   P   F     C   p       set (i.e.,   P   F     S   p       is an element of the   P   F     C   p       set);     r   p , q   E   r   p       is its qth dimension;   r a n   d   p , q     represents random numbers from the interval [0, 1]; and     δ   p , q     represents random numbers selected as 1 or 2.



	
Step 4: Pufferfish’s Defense Mechanism (Exploitation Phase) against Predators






Based on a modeling of a pufferfish’s defensive mechanism against predator assaults, the location of population members is updated in step 4 of the MPOA. A pufferfish fills its very elastic stomach with water to transform into a ball of pointed spines when it is assaulted by a predator. In response, the predator flees from the pufferfish’s location rather than taking an easy meal in the face of such a warning. By simulating the predator’s retreat from the pufferfish, the MPOA members’ positions are slightly altered, which boosts the algorithm’s capacity for local search exploitation. Equation (20) is used to determine a new location for each POA member based on the modeling of the predator’s position shift when moving away from the prey. Then, in accordance with Equation (21) this new location replaces the corresponding member if it increases the value of the objective function.


    r   p , q   E   i   p     =   r   p , q   +   1 − r a n   d   p , q     ∗    U   B   q   − L   B   q     I t     



(20)






    R   p   =        R   p   E   i   p     , O   F   p   E   i   p     ≤ O   F   p         R   p   , E l s e       



(21)




where t is the iteration counter,   O   F   p   E   i   p       is the objective function value,     r   p , q   E   i   p       is its qth dimension,     R   p   E   i   p       is the new location estimated for the pth predator based on the exploitation phase of the proposed POA, and   r a n   d   p , q     represents the random values from the interval [0, 1].



	
Step 5: Repetition Process






The first iteration of the algorithm is finished by updating the positions of all MPOA members depending on the phases of exploration and exploitation. The algorithm then moves on to the following iteration, and up to the last iteration, Equations (17) through (21) are used to update the positions of MPOA members. Based on a comparison of the assessed values for the objective function, the best MPOA member’s position is updated and saved at the end of each iteration. These fitness functions are used to calculate the gain parameters of the TSMC controller. A final condition check becomes essential before implementing the optimal solutions, considering factors such as reaching the maximum number of iterations and verifying constraints. The perfect power management in the grid-integrated EV with a PV and battery system is then achieved by using optimal solutions. The system’s voltage and current error problems are successfully mitigated by using the improved MPOA. The execution steps are given in Figure 3.



The combination of the TSMC and MPOA has some advantages: the TSMC is used to deliver robust real-time control of voltage and current, and the MPOA can be used offline or online for optimization of the parameters of the dynamics. The TSMC uses gain parameters,     K   v     and     K   i    , to control the system’s voltage and current using second-order sliding-mode surfaces that are defined by Equations (22) and (23).


    S   i     t   =    d   d t        I   r     − I   t   +   ρ   i       I   r   − I   t      



(22)






    S   v     t   =    d   d t        V   r     − V   t   +   ρ   v       V   r   − V   t      



(23)







The control law is defined as Equation (24):


  c   t   = −   K   v   · s i g n     S   v     −   K   i   · s i g n     S   i      



(24)







Although fixed gains are suboptimal in control, the MPOA adjusts the parameters     K   v     and     K   i     to minimize a cost function that is assumed to reduce tracking errors and enhance stability, as shown in Equation (25).


  J     K   v   ,   K   i     =   ∑  t = 0   T      α ·     V   r     t   − V   t     + β ·     I   r     t   − I   t     + γ ·   c   t     2        



(25)




where   c   t     denotes the control output;   α , β  , and   γ   are the weighting coefficients; and the optimization domain is constrained to stable gain ranges,     K   m i n     and     K   m a x    . The search of this space is conducted by an adaptive predator–prey-inspired strategy by the MPOA. The minimum voltage and current deviation       K   v   ∗     a n d     K   i   ∗       found are optimal values that are injected into the TSMC in tuned design parameters.



The TSMC’s capabilities of pushing state trajectories onto the sliding surface in finite time are connected to the convergence speed of the control system. The MPOA conducts the optimal selection of gain pairs to minimize the sliding time-condition   ( s ( t ) = 0 )   that can evidently be seen in the reduced rising time and settling time, as in the simulation results. Additionally, compared with standard controllers such as the BWO and MGO, the suggested MPOA-TSMC architecture has a much faster convergence speed and smaller load transient over-shoot.



Though the finite-time stability may not be formally proven with Lyapunov, as it is out of the scope of this research, the design guarantees the closed-loop behavior of the system being convergent asymptotically with smaller chattering that meets the following condition:


    V  ^    S   =    1   2       d   d t        S   2     ≤ − η   S   ⟹ s ( t ) → 0  











This disparity proves that the best gain adjustment maintains gliding stability and enhances convergence measures empirically, thus validating the advantage of the MPOA in steering the conduct of the TSMC.



The TSMC is a second-order sliding-mode controller which ensures finite-time convergence property, enhanced robustness in the face of external disturbances, and substantially less chattering effects of first-order SMC. Such characteristics make it especially suitable to applications with unsure and dynamically fluctuating systems, such as PV-EV–grid combinations. The MPOA is based on the behavior of the ability of pufferfish to defend against the attack and escape, and it is outstanding in terms of the balance between global search and local search. In contrast to the traditional algorithms, its dynamic, dual-phase approach of predator attacks and defense is further assisted by resisting the collapse converge and enhancing the diversification of solutions. These features make it best for optimizing the evaluation of TSMC gain parameters, convergence speed, and reduction of voltage and current error functions in order to allow for the optimization of the entire power management strategy. The innovation of TSMC computing combined with the MPOA can make the proposed intelligent power management have better control precision, robustness, and energy efficiency than any other techniques.



The subsequent section provides a comprehensive overview of the findings and discusses them.





5. Results and Discussion


This section utilizes the suggested algorithmic regulator’s competence to provide power to the executives inside the framework of the intelligent power management controller. The IPMC is examined for testing using the MATLAB/Simulink 7.10.0 (R2022a) platform and an Intel(R) Core (TM) i5 CPU with 4 GB RAM. The optimal convergence is achieved by the improved interaction between the MPOA and the suggested TSMC. Figure 4 depicts the suggested paradigm for MATLAB/Simulink execution. The detailed system and simulation parameters used in this study are summarized in Table 1. Three characteristics were taken into consideration for the experimental analysis: power, irradiation, and PV power system. It was derived by considering the interpolation approach that was used on measured data points that corresponded to potential operational voltage outputs, such power keys. Lastly, the results of this suggested approach are contrasted with those of the Mountain Gazelle Optimizer (MSO) and Beluga Whale Optimization Algorithm (BWO) techniques.



5.1. Performance Analysis of Proposed Power Management Controller Using MPOA Method


To maximize energy flow, the suggested power management controller effectively combines PV panels, batteries, EVs, and the grid. The controller provides backup power, load shifting, peak shaving, and optimal performance by assessing output power depending on time in hours and samples. Midday is when PV production peaks, batteries go through cycles of charge and discharge, EVs control charging and discharging, and the grid manages to provide load-demand electricity and exports. The power management system’s dependability and affordability are improved by this dynamic modification.



The performance study of PV power and solar irradiance in sample-based time and hours is depicted in Figure 5. The PV irradiation is examined using sample-based timing in Figure 5a. The irradiation stays constant in sample-based time between 0 and 1.8. The irradiation is found to be 6.9 × 105 W/m2 in sample-based time between 1.8 and 7.5, and the irradiance stabilizes once more between 6.9 × 104 and 9 × 104 in sample-based time. Figure 5c shows that the highest PV power is 750 W at 24 h, whereas Figure 5b shows that the maximum PV power production is 6.25 × 105 W at 9 × 104 sample-based time.



Figure 6 depicts the results of a comprehensive investigation of the battery computer performance in regard to (a) current, (b) SOC, and (c) stored energy within a 6 s simulation run. All of these plots show overall dynamic behavior of the battery through charge and discharge cycles enabled by the proposed IPMC.



Figure 6a shows the battery current oscillating between zero (negative and positive), that is, the charging state and discharging state, respectively. As an example, from 1 s to 2.5 s, the current reaches its highest point (10 A), meaning that the battery is charged. Between 2.5 s and 3.5 s the current is reduced (nearly 0 A) in a hold state and then increases again, presumably when there is an exchange of power again. Figure 6b represents the SOC evolution according to the current profile. SOC decreasing behavior at the discharge window (before 3 s), stabilizing phenomena thereafter, and an increasing behavior at the start of charging phase (above 4 s) can be seen. The relationship between the current input and SOC is clear: when discharging (negative or zero current), the SOC goes down or flat; and when charging (positive current), it goes up. Figure 6c shows that the stored energy behavior is the replica of the SOC performance. Energy is lower in discharge times (0–3 s); it reaches the lowest value at 3 s and begins to increase after 4 s. The energy profile therefore indicates that the controller efficiently handles battery functions by responding in a proper way to the demands of the system. The result mentioned above indicates that the proposed controller is effective in coordinating battery charging/discharging operations in accordance with the PV generation and the EV/load demands in real-time and balancing the available energy, as well as enhancing its use efficiency.



Figure 7 presents the analysis of battery output, in terms of power, using the proposed power management controller. In Figure 7a, the power is plotted against time in 24 h, illustrating daily variations and highlighting periods of maximum peak power, i.e., 400 W, and low power output, i.e., −400 W. Figure 7b provides a more granular view by plotting power against sample-based time, capturing detailed fluctuations in power from 4 W × 105 to −4 W × 105 at specific intervals, 0 to 9 × 104. Figure 8 presents the performance analysis of the EV using the proposed power management controller. In Figure 8a, the EV power output over a 24 h period is shown, starting at 400 W, decreasing to 250 W, then rising to 625 W, and finally dropping to 410 W. Similarly, Figure 8b provides a more detailed representation of these variances by plotting the EV power output over sample-based time. These evaluations show how well the controller controls battery and electric vehicle (EV) power consumption, maximizes energy efficiency, and maintains consistent power distribution throughout the day. The power detected in Figure 8 corresponds to a simulated light EV. The simulation scenario was designed to validate the controller’s precision at low loads, where power fluctuations are more sensitive. The IPMC can be easily scaled to handle higher-capacity EVs by adjusting system parameters and controller limits, which will be addressed in future work.



Figure 9 shows the grid output as (a) power, (b) price over 24 h, and (c) price over sample-based time. The reviewer’s objection is valid, and we have narrowed our interpretation to make the trends and implications of these results clearer. In Figure 9a, the grid power profile indicates the dynamic response of the system due to PV contribution and load demand during the day. Grid power consumption decreases during solar peak hours because of increased PV contribution; and during early morning and evening hours, when solar irradiance is low, grid power consumption increases to match the load demand. This indicates the flexibility of the controller in lowering grid dependence during high renewable-energy-availability hours. Figure 9b represents the cost of grid electricity through a 24 h period. Costs are cheaper in off-peak hours and more expensive during peak demand hours. The smart controller takes this into account to plan for use of the power supply accordingly, using PV and battery sources during high-tariff hours, and sourcing from the grid only as needed. This action reduces the total energy cost and fits into modern smart-grid demand–response schemes. Figure 9c also expands on the grid price in sample-based temporal resolution, enabling us to see, at the granular level, variations and how the controller dynamically reacts to them. This granularity captures the internal simulation’s decisioning logic that reacts not just to available energy but also to price incentives. The produced power and required power are summarized in Figure 10. Red is used to indicate the needed power, while blue is used to represent the generated power. This investigation demonstrates that improved power management is achieved by the suggested controller. The devised system smartly synchronizes PV output, battery storage, and grid imports/exports based on real-time pricing signals, thereby accomplishing both operational efficiency and economic optimality.



Simulations were performed within a range of −25 °C to + 55 °C to determine thermal robustness when thermal control is applied to a 100 kW photovoltaic system with a thermally controlled lithium-ion battery pack. As displayed in Table 2, PV output drops to 12% at high temperatures due to decreasing PV outputs in the temperature-influenced atmosphere, but battery efficiency does not reduce with temperatures above 92 percent in the presence of the thermal management system. The IPMC performance is still very reliable; the tracking error is less than 0.045 RMS in each instance, even despite such stresses. This ensures that the controller is suitable in deployments within a tropical climate, as well as within a cold climate.




5.2. Comparison Analysis


The suggested power management controller for the battery-powered, grid-connected PV system is assessed in comparison to other techniques, including the BWO and MGO. The various benchmarking modes and the predicted performance attained by each approach are shown in Figure 11, Figure 12 and Figure 13. The efficacy of the suggested assessment is illustrated through comparison, underscoring its capacity to improve system efficiency and optimize power management. This assessment offers insightful information about the suggested controller’s performance and validates its ability to surpass conventional approaches and enhance system performance.



Using the suggested power management controller, BWO, and MGO approaches, Figure 11 compares (i) PV power with (ii) EV power. The greatest PV-power output power that can be obtained using the suggested controller is 750 W, whereas the 24 h outputs of the BWO and MGO techniques are 735 W and 720 W, respectively. Comparably, the suggested controller’s maximum output power for EV power is 625 W, whereas the 24 h outputs of the BWO and MGO systems are 610 W and 585 W, respectively. This comparison shows that the suggested controller outperforms the conventional BWO and MGO techniques in terms of performance and system efficiency when it comes to maximizing both PV and EV power outputs. A comparison of (i) battery power and (ii) battery energy when utilizing the suggested power management controller, BWO, and MGO approaches is shown in Figure 12. The suggested controller produces a steady 400 W output for battery power over a 24 h period, whereas the BWO and MGO approaches provide lower power outputs with significant oscillations. This suggests that the suggested approach offers the battery a more consistent and dependable power supply. Comparatively speaking, the suggested controller outperforms the BWO and MGO techniques in terms of battery energy, achieving a maximum energy of 2000 kW-h over a 24 h period. This indicates that, in comparison to conventional approaches, the suggested method efficiently utilizes the energy stored in the battery, guaranteeing higher energy efficiency and system dependability. All things considered, the comparison study demonstrates how much better the suggested power management controller performs than the BWO and MGO approaches at maximizing battery power and energy.



A comparison of grid power and grid price utilizing the proposed power management controller, BWO, and MGO approaches is shown in Figure 13 and Figure 14, respectively. The suggested controller outperforms BWO and MGO techniques in terms of performance and power-output stability over a 24 h period, as evidenced by its greater maximum output of 900 W for grid power. This illustrates how well the suggested strategy works to maximize grid electricity usage. In terms of grid pricing, the suggested controller may attain a maximum price of INR 25/kWh, but the BWO and MGO approaches produce higher rates of INR 30/kWh and INR 37/kWh, respectively. This demonstrates that the suggested strategy reduces grid power costs by effectively controlling energy consumption and maximizing processes that are sensitive to price. Overall, the comparison study shows that the suggested power management controller is more successful than conventional BWO and MGO approaches at optimizing grid power and pricing, thus improving system efficiency and reduces costs. A comparative study of convergence graphs is shown in Figure 15, which also shows the performance of the suggested power management techniques over a thousand iterations. In comparison to more established techniques like BWO and MGO, this suggests that the suggested method efficiently converges towards optimal solutions, guaranteeing dependable and efficient power management. The convergence graph sheds an important light on the convergence behavior of the suggested approach and demonstrates how well it works to improve system performance and reliability by reaching optimal solutions in a manageable number of repetitions.



Though the proposed IPMC works well in ensuring optimal PV output follow-up and battery usage in the regular presentation of dynamic situations, the consideration of such situations that may arise when things become twisted (e.g., sudden loss of PV, battery performance failures, and/or grid price shocks) is also an important factor that must be considered. In such cases, one can incorporate a conditional risk assessment technique like Conditional Value at Risk (CVaR) in an optimization plan of strategy. The concept of the CVaR-based framework presented in [28] is an effective tool for measuring the risks in the tail-end of risks related to low-probability but high-impact events. Applied to energy systems, CVaR could assist in measuring the worst-case excursions in supply of power, cost, and system stability. As has not been performed in the present case, adding a CVaR objective function to future versions of the MPOA may prove useful in making the approach more robust, even in stochastic settings. It would help the controller to minimize mean performance, as well as reduce the tail-risk exposure of uncertain PV generation and load situations.





6. Conclusions


This study proposed IPMC which TSMC is to integrate MPOA that was implemented in both grid-integrated photovoltaic systems and files of EV applications. The hybrid control strategy could regulate most of the power between the PV arrays, battery storage, EV loads, and utility grid in a robust way, under variable conditions, by controlling the voltage and current. The simulation determined that the TSMC achieves finite-time convergence and high resilience to disturbances caused by perturbations, and MPOA performs optimal tuning of controller parameters, with improved dynamic performance and reduced tracking errors. The proposed method had faster convergence, smoother transient dynamics, and improved energy efficiency compared to the corresponding benchmark algorithms. It also demonstrated excellent temperature robustness and potential scaling compared to full-fledged EV and smart grid systems, with the controller. Multi-agent collaborative optimization may be presented with future investigation introducing an asymmetric Nash bargaining (NB) arrangement to allocate profits in a fair manner in accordance with the contribution of each agent and the TPCA-ADMM algorithm to enhance privacy-conserving and a distributed scheduling of power. It also helps coordinate PV plants, EV charging stations, and battery systems at scale, as suggested in [29], making the proposed IPMC based more on real-life smart grid applications.




7. Limitations and Future Work


While the proposed intelligent power management controller (IPMC) demonstrates robust performance across various scenarios, certain modeling assumptions limit the real-world applicability of the results. The photovoltaic (PV) generation model does not incorporate detailed meteorological variations such as cloud cover, shading, temperature-induced efficiency degradation, or seasonal angle variations. Similarly, the electric vehicle (EV) load model is based on a fixed daily demand profile without accounting for stochastic user behaviors, such as variable arrival/departure times, charging preferences, or dynamic driving patterns.



In real-world smart grid environments, both PV generation and EV charging exhibit high variability and uncertainty. Incorporating probabilistic or data-driven forecasting models, such as those based on Markov chains or deep learning, could enhance modeling realism. Future work should also consider real-time control scenarios with vehicle-to-grid (V2G) interactions and multi-agent collaborative optimization to scale the system for larger deployments.
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	PV
	photovoltaic



	EV
	electric vehicle



	IPMC
	intelligent power management controller



	TSMC
	twisting sliding-mode controller



	MPOA
	Modified Pufferfish Optimization Algorithm



	SOC
	state of charge



	GA
	genetic algorithm



	ANN
	artificial neural network



	SMC
	sliding-mode controller



	MPPT
	maximum power point tracking



	BWO
	Beluga Whale Optimization



	MGO
	Mountain Gazelle Optimizer



	CVaR
	Conditional Value at Risk



	NB
	Nash bargaining



	TPCA-ADMM
	Three-Stage Predictor-Corrected Accelerated ADMM



	ADMM
	Alternating-Direction Method of Multipliers



	EMS
	energy management system



	V2G
	vehicle-to-grid



	CCCV
	Constant Current–Constant Voltage



	SRF-PLL
	synchronous reference frame phase-locked loop



	LVRT
	low-voltage ride through
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Figure 1. Schematic representation of the proposed intelligent power management system. 
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Figure 2. Twisting sliding-mode controller. 
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Figure 3. Flowchart of proposed Modified Pufferfish Optimization Algorithm. 
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Figure 4. Grid-connected PV system MATLAB/Simulink diagram with proposed power management controller. 
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Figure 5. Performance analysis of (a) solar irradiance, (b) PV power in sample-based time, and (c) PV power in time (hours). 
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Figure 6. Performance analysis of battery output: (a) battery current, (b) state of charge (SOC), and (c) battery energy. 
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Figure 7. Analysis of battery output in (a) power (hours) and (b) power (sample-based time). 
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Figure 8. Analysis of EV output in (a) power (hours) and (b) power (sample-based time). 
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Figure 9. Analysis of grid output in (a) power, (b) price (hours), and (c) price (sample-based time). 
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Figure 10. Performance analysis of a generated power with required power. 
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Figure 11. Comparative analysis of (i) PV power and (ii) EV power. 
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Figure 12. Comparative analysis of (i) battery power and (ii) battery energy. 
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Figure 13. Comparative analysis of grid price based on time. 
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Figure 14. Comparative analysis of grid power based on time. 
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Figure 15. Comparative analysis of convergence graph. 
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Table 1. System parameters.
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Parameters

	
Algorithm

	
Value






	
Nominal voltage

	
Battery

	
5000 V




	
Nominal frequency

	
60 Hz




	
Nominal voltage

	
PV

	
5000 V




	
Nominal frequency

	
60 Hz




	
Initial power

	
500 × 103




	
Nominal voltage

	
EV

	
5000 V




	
Nominal frequency

	
60 Hz




	
Power factor

	
1




	
Initial load

	
200 × 103




	
Population size

	
MPOA

	
50




	
No of variables

	
10




	
Maximum iteration

	
100




	
Lower bound

	
−5




	
Upper bound

	
5











 





Table 2. Thermal robustness analysis of IPMC.
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	Temperature (°C)
	Max PV Output (KW)
	Battery Efficiency (%)
	Tracking Error (RMS)





	−25
	120
	92.0
	0.045



	−10
	114
	92.0
	0.038



	25 (nominal)
	100
	95.0
	0.020



	40
	94
	93.5
	0.028



	55
	88
	92.0
	0.035
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