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The increasing integration of renewable energy sources into modern 
power systems presents significant challenges in energy management due 
to their intermittent and uncertain nature. This paper proposes an energy 
management strategy for a grid connected photovoltaic (PV), wind and 
battery hybrid system based on Model Predictive Control (MPC). The main 
objectives are to enhance system efficiency, minimize grid power 
exchange and extend battery lifetime while ensuring reliable load supply. 
The proposed MPC-based EMS employs short-term forecasts of renewable 
generation and load demand to optimize power dispatch under system 
constraints. Its performance is evaluated and compared with a 
conventional rule-based EMS using MATLAB/Simulink. The results 
indicate that the MPC-based approach achieves smoother battery 
operation, improved state-of-charge regulation, enhanced renewable 
energy utilization and reduced grid dependency. Therefore, the proposed 
strategy provides on effective solution for advanced hybrid renewable 
energy systems. 
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A. Introduction 
The rapid growth in global energy demand, environmental concerns, and the 

depletion of fossil fuel resources have significantly accelerated the integration of 
renewable energy sources into modern power systems [1]. Photovoltaic (PV) and 
wind energy have emerged as two of the most promising renewable technologies 
due to their sustainability, technological maturity, and declining installation costs. 
However, the intermittent and stochastic nature of solar irradiance and wind 
speed introduces power fluctuation, voltage instability, and energy imbalance 
issues, particularly in grid-connected systems with high renewable penetration [2]. 
These challenges highlight the need for advanced energy management strategies 
capable of ensuring reliable and efficient system operation.  
 Hybrid renewable energy systems that combine PV, wind, and battery energy 
storage have been widely studied as an effective solution to overcome the 
limitations of single-source renewable systems [3]. Battery energy storage systems 
provide flexibility by absorbing excess renewable energy and supplying power 
during periods of low generation, thereby enhancing system reliability and power 
quality. Nevertheless, the overall performance of such hybrid systems is highly 
dependent on the adopted control and energy management strategy. Inadequate 
energy management may lead to excessive battery degradation, increased grid 
dependency, and inefficient utilization of renewable resources.           
 Numerous studies have proposed different energy management approaches 
for hybrid renewable energy systems. Conventional methods such as rule-based 
control, priority-based scheduling, and proportional–integral (PI) controllers are 
simple and computationally efficient; however, they lack adaptability to rapidly 
changing load demand and renewable generation conditions [4]. Optimization-
based methods, including linear programming and heuristic algorithms, have 
shown improved performance but are often limited by offline computation and 
poor real-time implementation capability. Recent journal publications indicate that 
these approaches may not sufficiently handle multivariable system constraints and 
prediction uncertainties in practical applications. 
           Traditional energy management strategies (e.g, rule-based or propotional 
controllers ) may not optimally handle uncertainties in generation and load 
demand. Model Predictive Control (MPC) has gained increasing attention as an 
advanced control technique for energy management in renewable hybrid systems 
[5]. MPC predicts future system behavior over a defined horizon using a 
mathematical model and determines optimal control actions by solving an 
optimization problem while explicitly considering system constraints. Previous 
studies have demonstrated that MPC-based strategies can effectively reduce power 
fluctuations, improve battery utilization, and minimize grid power exchange 
compared to conventional controllers. The availability of simulation platforms 
such as MATLAB/Simulink has further facilitated the development and validation 
of MPC algorithms for renewable energy applications under realistic operating 
scenarios. 
          Despite these advancements, further investigation is required to evaluate 
MPC performance in grid-connected PV–wind–battery hybrid systems under 
varying load and environmental conditions. Therefore, this research aims to 
develop an MPC-based energy management strategy using MATLAB/Simulink to 
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optimally coordinate power flow among renewable sources, battery storage, and 
the grid. The outcomes of this study are expected to contribute to improved system 
efficiency, enhanced renewable energy utilization, and provide a useful reference 
for future research and practical implementation of advanced energy management 
systems.   
                   
B. Hybrid System Configuration 

The proposed grid-connected PV–wind–battery hybrid power system is 
designed to optimize energy management by integrating renewable energy 
sources with battery storage and the utility grid. The system architecture consists 
of three main generation units: photovoltaic (PV) arrays, wind turbines, and a 
battery energy storage system (BESS), interconnected with the grid through 
appropriate power converters and control interfaces.  

The PV arrays capture solar irradiance and convert it into DC power, which is 
then interfaced to the DC bus via a DC–DC converter. The wind turbines generate 
AC power, which is rectified and injected into the DC bus through a grid-connected 
converter. The battery energy storage system, connected to the DC bus via a 
bidirectional converter, stores excess renewable energy and supplies power when 
renewable generation is insufficient to meet the load demand. This configuration 
allows bidirectional power flow between the hybrid system and the utility grid, 
enabling both energy export and import while maintaining voltage and frequency 
stability.  
 A Model Predictive Control (MPC) framework is integrated into the system to 
manage power flow dynamically. The MPC controller receives real-time 
measurements of PV and wind power, battery state-of-charge (SOC), and load 
demand. Using these inputs, it predicts future system states over a predefined 
prediction horizon and calculates the optimal control actions for battery 
charging/discharging and grid power exchange within the control horizon. The 
controller objective is to minimize grid dependency, smooth power fluctuations, 
maintain battery SOC within safe limits, and ensure efficient utilization of 
renewable energy. Constraints on battery operation, renewable generation, and 
grid limits are explicitly incorporated into the MPC optimization problem. 
          The system design is illustrated in Figure 1, which presents the 
interconnection of PV arrays, wind turbines, battery storage, the grid, and the MPC 
controller. The design ensures flexibility in accommodating variable renewable 
generation while maintaining system reliability. By using a predictive control 
strategy, the system can anticipate future variations in renewable output and load 
demand, allowing preemptive adjustments to battery and grid interactions. This 
proactive approach significantly improves power quality, reduces reliance on the 
utility grid, and extends battery lifetime.  
           Overall, the proposed system design combines a hybrid renewable energy 
configuration with advanced MPC-based energy management, providing an 
effective solution for reliable, efficient, and sustainable operation of grid-connected 
renewable systems. The modular structure of the system also allows scalability 
and adaptation for different power ratings and load requirements, making it 
suitable for practical deployment in microgrids or distributed energy systems. 
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Figure 1. Proposed Structure of Hybrid System 

 
C. System Modeling  
 This section describes the mathematical modeling of the grid-connected 
photovoltaic (PV)–wind–battery hybrid power supply system and formulates the 
energy management problem for the proposed Model Predictive Control (MPC) 
framework. The developed models are used to predict system behavior and to 
ensure optimal power dispatch while satisfying operational constraints. 
 
Power Balance Constraint 
 For reliable operation, the instantaneous power balance of the hybrid system 
must be maintained at each discrete time step k: 

P (k) + P (k) + P (k) + P (k) = P (k)PV WT BAT GRID LOAD
                                                          (1) 

where PPV, PWT, PBAT and PGRID denote the PV power, wind turbine power, battery 
power, and grid power, respectively, while PLOAD represents the load demand. 
Positive PGRID indicates grid import, whereas negative values correspond to grid 
export. 
 
Photovoltaic System Model 
 The PV output power is modeled as a function of solar irradiance and cell 
temperature and is expressed as: 

G(k)ratedP (k) = P  [1+α(T (k)-T )]cPV PV STCGSTC

                                                                         (2) 

where is the rated PV capacity at standard test conditions (STC), G(k) is the 
solar irradiance, α is the temperature coefficient, and Tc(k) is the PV cell 
temperature. The PV system is assumed to operate under maximum power point 
tracking (MPPT) conditions.  
 
Wind Turbine Model 
 The output power of the wind turbine generator is given by: 

1 3P (k) = ρA C (λ,β)V (k)r pWT 2
                                                                                                  (3) 
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where ρ is the air density as a function of atmospheric condition in kg/m3, Ar is the 
rotor swept area in m2, Cp is the power coefficient, and V(k) is the velocity of the 
wind hitting the turbine blades in m/s. It is important to note that wind velocity 
increases with the height. Therefore the height of the tower has a substantial 
impact on the power rating from the wind turbine. The adjustment of the wind 
speed function of the height of tower can be described as: 

H βhubη = V ( )
hub ref H

ref

                                                                                                                 (4) 

Where β is the power law exponent that ranges from 1/7 to 1/4 this power law 
exponen is considered as the factor which reflects the interaction between types of 
land and the wind speed. Hhub and Href are the hub and reference speed 
measured height, respectively. On the other hand vhub and vref are the wind 
speeds at the hub and reference, respectively. The generated power is constrained 
within the rated operating limits: 

  rated0 P (k) PWT WT                                                                                                                   (5) 

 
Battery Energy Storage System Model 

The development of the dynamic model of the storage system depends on 
the energy flow on the battery system. This is a function of charging and 
discharging battery storage. The battery energy storage system (BESS) is modeled 
using a discrete-time state-of-charge (SoC) equation: 

Δt 1ch disSoC(k +1)= SoC(k)+ (η P (k)- P (k))
BAT BATchE ηBAT dis

                                               (6) 

where is the nominal battery capacity, and  are the charging and 
discharging efficiencies, and Δt is the sampling interval. 
Battery operational constraints are defined as: 

 SoC SoC(k) SoCmaxmin                                                                                                      (7) 

 max max-P P (k) PBAT BAT BAT                                                                                                          (8) 

 
Grid Interaction Model 

The utility grid enables bidirectional power exchange and acts as a 
supplementary energy source. The grid power is constrained as follows: 

 min maxP P (k) PGRID GRID GRID
                                                                                                       (9) 

Time-varying electricity tariffs are considered to enhance economic performance, 
distinguishing between grid import and export prices. 
 
 

D. Energy Management System (EMS) 
In grid-connected PV–wind–battery hybrid power systems, the presence of 

multiple energy sources with different dynamic characteristics introduces 
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significant operational challenges. Renewable energy sources such as photovoltaic 
and wind generation are inherently intermittent and uncertain, while battery 
energy storage systems are constrained by limited capacity, state-of-charge (SOC) 
boundaries, and degradation concerns. Without a coordinated control strategy, the 
system may experience inefficient power sharing, excessive battery cycling, 
increased grid dependency, and reduced overall system reliability. 

An Energy Management System (EMS) is therefore essential to ensure 
optimal coordination among renewable generators, battery storage, load demand, 
and the utility grid. From an electrical power engineering perspective, the EMS 
serves as a supervisory control layer that determines power dispatch decisions 
based on system states, operational constraints, and predefined objectives. The 
primary role of the EMS is to maintain instantaneous power balance, enhance 
renewable energy utilization, protect battery health, and ensure stable interaction 
with the utility grid under varying operating conditions. 

 
E. Rule-Based Energy Management Strategy 

The rule-based energy management strategy is a conventional control 
approach commonly applied to grid-connected PV–wind–battery hybrid power 
systems because of its simple structure and low computational requirement. In 
this strategy, power dispatch decisions are made according to predefined logical 
rules based on instantaneous system measurements. Renewable energy sources 
are given priority to supply the load, while excess power is used to charge the 
battery within permissible state-of-charge (SOC) limits. When renewable 
generation is insufficient, the battery is discharged to meet the load demand, and 
the utility grid provides supplementary power when required.  

Although this method offers a practical and transparent baseline for system 
operation, its control action is inherently reactive and lacks predictive capability. 
Consequently, frequent switching between battery charging and discharging 
modes may occur under fluctuating load and renewable conditions, resulting in 
increased battery stress and accelerated degradation. In addition, the absence of 
future system awareness often leads to inefficient grid power exchange and 
suboptimal utilization of renewable energy, indicating that the rule-based EMS 
cannot guarantee optimal performance under highly dynamic operating 
conditions. 

 
F. Model Predictive Control Strategy 

This section presents the design and implementation of the Model 
Predictive Control (MPC) strategy for energy management of the grid-connected 
PV–wind–battery hybrid power supply system. The MPC framework optimally 
schedules power flows among renewable sources, battery storage, and the utility 
grid while satisfying operational constraints. 
 
Overview of the MPC Framework 
 Model Predictive Control (MPC) is an advanced control strategy widely 
applied in energy management of hybrid renewable energy systems due to its 
capability to handle multivariable systems, operational constraints, and future 
uncertainties. In this study, MPC is employed to optimally manage power flow in a 
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grid-connected PV–wind–battery hybrid system under both normal operating 
conditions and external disturbances. 
 The MPC algorithm operates in a closed-loop manner by repeatedly solving 
an optimization problem over a finite prediction horizon. At each control interval, 
system states are measured or estimated, future system behavior is predicted 
using a discrete-time state-space model, and an optimal control action is 
computed. Only the first control input is applied to the system, while the 
optimization is re-solved at the next sampling instant, ensuring robustness against 
disturbances and modeling uncertainties. 
 
Introduction of Discrete Linear MPC 
 Discrete linear MPC is a control approach for a given system expressed as 
follow: 
x(k +1)= Ax(k)+Bu(k)                                                                                                          (10) 

y(k)= Cx(k)                                                                                                                                 (11) 

Where   n m 1x R ,u R  and y R are states, inputs and outputs, respectively. The 

MPC approach can minimize the cost function. 



Np 2 TJ = (y(k + i -1| k)- r(k + i -1)) = (Y -R) (Y -R)
i=1

                                                            (12) 

subject to constraint 
Mu γ,                                                                                                                                          (13) 

where T T T TY(k) =[y (k), y (k +1)| k), ..........y (k +N -1| k)] , and y(k + i | k)p denotes 

the predicted value of y at step i (i=1,..............,Np) from smapling time 
k; R(k)=[r(k),r(k +1), ...., r(k +N -1)]p  is the predicted reference value for Y; Np 

denotes the predicted horizon and M and γ are matrices and vector with proper 
dimensions. 
In this work, the control horizon is selected equal to the predicted horizon. 
Predicted states can be calculated by 



x(k +1| k) = Ax(k)+ Bu(k), y(k) = Cx(k)

x(k +2| k) = Ax(k +1| k)+ Bu(k +1| k)

2                  = A x(k)+ ABu(k)+ Bu(k +1| k),                 .                 .                 . N -1pN -1 N -1-ip p
x(k + N -1| k) = .... = A x(k)+ A Bp

i=1
u(k + i -1| k)

 

and predicted outputs can be calculated by 
Y(k)=[C,C,.....,C]X(k)= Fx(k)+ΦU                                                                                       (14) 

where T T T T T TX(k) =[x (k), x (k +1| k), ..., x (k +N -1| k)] ,U(k) = [u (k),u (k +1| k), ...,p  

T Tu (k + N -1| k)]p . 

The MPC is implemented by using receding horizontal control 
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u(k)= [I,0,.....,0]U                                                                                                                       (15) 
where I is the identity matrix with proper dimension. 

The key concept of MPC is that, in each time k, the control series U(k) is 
calculated by using an optimal control technique, but only the first mth ( the 
dimension of u(k)) element of U(k) is implemented. Feedback is incorporated by 
minizing the cost function. In the next time k+1, the performance of the closed-loop 
system can be assessed and the control is recalculated and re-implemented based 
on updated information, such that unpredicted disturbances can be addressed.  

 
Model Transformation for MPC Design 
 For typical MPC design, the grid connected PV-wind-battery model should 
transformed into a linear state-space form. In this work, the charging (or 
discharging) rate of the battery (P2(k)), the energy flow from PV (P3(k)) and wind 
turbine (P4(k)) are considered as the control inputs. Energy flow from the grid 
(P1(k) = PL(k)- P2(k) – P3(k)-P4(k)) and the practical use of renewable energy 
(P3(k)+P4(k)) are regarded as the outputs, where PL(k) denotes the load demands 
at the kth sampling time. The transformation process is carried out as outlined 
below: 

Define xm(k) = SoC(k) and Tu(k)=[P (k),P (k),P (k)]42 3
. The tranformation process 

can be started by considering the dynamic model of the battery: 
x (k)= x (k -1)+ b u(k -1)m m m                                                                                               (16) 

Where b =[-α,0,0]m . Define 

y (k)= P (k)-P (k)= P (k)+P (k)+P (k)m L 41 2 3
                                                                      (17) 

Such that 
y (k)= c x (k)+d u(k)m m m m                                                                                                   (18) 

Where cm=0 and dm=[1,1,1]. From the definition of ym, it can be seen that minizing 
P (P 0)

1 1 is equal to minizing (P (k)- y (k))mL . 

Define an auxiliary output ya(k)= P3(k)+P4(k)=caxm(k)+dau(k), where ca=0 and 
da=[0,1,1]. Usage of PV can encouraged by minimizing (P (k)+P - y (k))aPV wind

. 

Define the augmented system states Tx(k)=[x (k), y (k), y (k)]m m a and the 

augmented output Ty(k) = [y (k), y (k)]m a . An augmented linear state space model 

can be obtained in the form (10) and (11). 

Where  

 

   
    
    
       

1 0 0 -α 0 0
0 1 0

A = 0 0 0 ,B = 1 1 1 ,C =
0 0 1

0 0 0 0 1 1

  

The augmented linear state-space equations are considered as the plant to be 
controlled by the MPC approach. 
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Objective Function 
 The main objectives of the MPC control system are to minimize the use of 
grid and to encourage the use of renewable energy. The objective function can be 
assigned as the sum of two parts: 

1.  
k+N k+Np p2 2minJ = min P (k)= min (P (k)- y (k))mL1 k 1 k

, which indicates that 

usage of the grid should be minimized. 

2. 2

2 PV wind a
k+NpminJ = min (P (k)+P (k)- y (k))
k , which implies that usage of 

renewable energy is encouraged. 
Define the reference value R(k)=[P (k),P (k)+P (k),P (k +1),P (k +1)+L PV L PVwind

 

TP (k +1), ......,P (k +N -1),P (k +N -1)+P (k +N -1)]p p pL PVwind wind
. The overall 

objective function is then given by 

 TminJ = min(J + J ) = min(Y(k)- R(k) (Y(k)- R(k))1 2  

 
System Constraints 
 Several types of constraints exist in this hybrid system: 
1. Energy flows from grid and battery are subjected to within a specific range: 

minP1 ≤P1(k)=PL(k)-ym(k)≤ maxP1 , 0≤Pi(k)≤ (i=3,4) 

 max max max-P P (k) P , where P (i = 1,2,3,4)i2 2 2 denote the maximum values of 

energy flows. 
2. Energy flow from PV generator (PPV(k)) is no less than PV energy directly used 

on the load (P3(k)): PPV(k)≥P3(k). Energy flow from the wind turbine (Pwind(k)) 
should be no less than the wind energy directly used on the load (P4(k)): 
Pwind(k)≥P4(k) 

3. Battery capacity is subjected to its minimum and maximum values: 

 min maxB x (k) B
C m C

 

 
G. Simulation Result and Discussion 

The proposed EMS strategies were implemented in MATLAB/Simulink and 
evaluated under identical operating conditions, including variable renewable 
generation and load demand profiles. The performance of the rule-based EMS and 
MPC-based EMS is analyzed based on power flow characteristics and battery state-
of-charge (SOC) behavior.  
 
Performance of Rule-based EMS 
 The overall simulation structure of the rule-based energy management 
system is illustrated in Fig 2, where power sharing among the PV source, battery 
energy storage, and the grid is governed by predefined logical rules. The control 
decisions are determined based on real-time operating conditions such as load 
demand and battery state of charge. This strategy offers a simple control structure 
but has limited adaptability to rapidly varying system dynamics. 
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Figure 2. Overall simulation model of the rule-based EMS 

 Figure 3 presents the power flow and battery state-of-charge (SOC) profiles 
of the hybrid system under the rule-based energy management strategy. The EMS 
operates based on predefined priority rules, where renewable energy sources are 
first utilized to supply the load, followed by battery charging or discharging and 
finally grid interaction when necessary. 
 As shown in figure 3(a), the battery power exhibits significant fluctuations 
during simulation period. Frequent transitions between charging and discharging 
modes are observed, particularly during periods of rapid variation in renewable 
generation and load demand. These abrupt changes result in high battery power 
peaks and deep charging cycles, which may accelerate battery degradation and 
reduce its operational lifetime. 
 Furthermore, the grid power profile shows irregular import and export 
behavior, indicating inefficient power exchange with the utility grid. The rule-
based EMS reacts only to instaneous power imbalance and does not consider 
future system conditions, leading to unnecessary grid dependency curing certain 
intervals. 
 

              
(a) Power Flow Graph                                                     (b) SOC Graph 

Figure 3. Power Flow and SOC graph under Rule-based EMS 
 Figure 3(b) illustrates the SOC trajectory of the battery under rule-based 
control. The SOC decreases rapidly during high load demand and low renewable 
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generation periods, followed by aggressive charging when excess power becomes 
available. This results in wide SOC variations and prolonged operation near the 
upper and lower SOC limits. Such operating patterns increase battery stress and 
may compromise long-term system reliability. 
 Overall, although the rule-based EMS is simple and easy to implement, its 
reactive nature leads to unstable battery operation, inefficient grid interaction and 
suboptimal utilization of renewable energy. 
 
Performance of MPC-based EMS 
 The overall simulation structure of the MPC-based energy management 
system is illustrated in Fig 4. The model incorporates a predictive control 
algorithm that determines optimal power dispatch among the PV source, battery 
energy storage system, and the grid within a defined prediction horizon. System 
dynamics, operational constraints, and real-time measurements are integrated into 
the control framework to regulate energy flow effectively under varying load 
conditions. 

 
Figure 4. Overall simulation model of the MPC-based EMS 

 Figure 5 shows the system performance under the proposed MPC-based 
EMS. By utilizating short-term forecasts and system models, the MPC controller 
optimizes power dispatch over a prediction horizon while satisfying operational 
constraints. 
 As observed in figure 5 (a), the battery power profile under MPC control is 
significantly smoother compared with the rule-based approach. Charging and 
discharging operations are scheduled in a gradual manner, which reduces power 
spikes and minimizes battery stress. This controlled operation contributes to 
extended battery lifetime and improved system reliability. 
 Moreover, grid power exchahge is better regulated under MPC control. 
Unnecessary power import and export are minimized, resulting in reduced 
dependency on the utility grid. The predictive capability of MPC enables efficient 
utilization of available renewable energy and strategic battery management. 
 Figure 5 (b) presents the SOC profile obtained using the MPC-based EMS. 
The SOC remains within the desired operating range and closely follows the 
reference value. Large SOC oscillations are avoided, demonstrating superior 
performance. 
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Overall, the MPC-based EMS provides enhanced stability, improved 
renewable utilization and more reliable system operation compared with the 
conventional rule-based strategy. 

                
(a)  Power Flow Graph                                                              (b) SOC Graph 

Figure 5. Power Flow and SOC graph under MPC-based EMS 
 
Comparative Analysis 
 A comparative analysis of battery power, grid power and state-of-charge 
(SOC) profiles under rule-based and MPC-based energy management strategies. 
 As shown in Fig 6, the battery power under rule-based control exhibits 
significant fluctuations and abrupt transitions between charging and discharging 
modes, particularly during periods of rapid renewable and load variations. These 
sudden changes result in noticeable deviations from the reference power 
trajectory, indicating limited tracking capability and reactive operation. 
 In contrast, the MPC-based EMS demonstrates improved reference tracking 
performance. As illustrated in Fig 6, the battery power closely follows the 
reference power profile with smoother transitions and reduced overshoot. The 
deviation between the actual battery power and the reference signal is minimized 
due to the predictive optimization framework, which anticipates future system 
behavior. This enhanced tracking accuracy and confirms the effectiveness of MPC 
in regulating battery dispatch while maintaining system stability and reducing 
battery stress. 

 
Figure 6. Battery Charge/Discharge Power Profile under Rule Based and MPC 

Control 
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 Figure 7 compares the grid power exchange between rule-based and MPC 
based EMS strategies. The grid power under rule-based control shows irregular 
transitions between import (positive power) and export (negative power) with 
noticeable magnitude variations. The frequent switching between grid import and 
export reflects reactive power management and insufficient coordination among 
renewable sources and battery storage. Such behavior increases grid dependency 
and may negatively impact power quality and economic performance. Conversely, 
the MPC-based EMS regulates grid interaction in a more controlled and systematic 
manner. Grid import occurs primarily during periods of renewable deficit, while 
export is limited and strategically scheduled when excess energy is available. The 
smoother transition between import and export states indicates improved power 
balance and reduced unnecessary grid exchange. From an electrical power 
engineering perspective, this coordinated grid interaction enhances system 
reliability, improves energy utilization efficiency, and reduces operational stress 
on both the hybrid system and the utility grid. 
 

 
Figure 7. Grid Import/Export Power Exchange under Rule Based and MPC 

Control 
As illustrated in Fig 8, the state-of-charge (SOC) under rule-based control 

exhibits wide fluctuations and operates closer to the upper and lower boundary 
limits. The SOC decreases rapidly during periods of high load demand and 
increases aggressively when surplus renewable energy becomes available, 
resulting in large oscillations and deep cycling behavior. Such deviations from the 
desired SOC operating region indicate limited regulation capability and may 
accelerate battery aging due to increased depth-of-discharge and cycling 
frequency. 

In contrast, the MPC-based EMS maintains the SOC profile closer to the 
reference SOC trajectory with significantly reduced fluctuation amplitude. The 
maximum SOC deviation is minimized and abrupt variations are effectively 
suppressed due to predictive scheduling of charging and discharging actions. This 
improved tracking performance and demonstrates the ability of MPC to regulate 
battery energy within a narrower operating band, thereby enhancing battery 
lifetime, reducing cycling stress, and improving overall system reliability. 
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Figure 8. Comparison of Battery SoC Performance 

 Overall, the comparative results clearly demonstrate that the MPC-based 
EMS outperforms the conventional rule-based approach in terms of battery stress 
reduction, grid power management and SOC regulation. The predictive and 
optimization-based nature of MPC enables proactive energy scheduling and 
efficient utilization of renewable resources. These advantages contribute to 
enhanced system stability, extended battery lifetime and improved operational 
efficiency of the grid connected hybrid renewable energy system. 
 
F. Conclusion 

This study presented an MPC-based energy management strategy for a grid 
connected PV-wind-battery hybrid system and compared its performance with a 
conventional rule-based approach. Simulation results showed that the rule-based 
EMS leads to irregular battery operation, large SOC fluctuations and unstable grid 
power exchange. In contrast, the MPC-based EMS provided smoother battery 
power profiles, improved SOC regulation and reduced grid dependency. By 
considering future system behavior and operational constraints, the proposed 
controller enhanced energy efficiency and battery protection. Therefore, the MPC-
based EMS offers a more reliable and efficient solution for advanced hybrid 
renewable energy systems. 
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