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Abstract. The highest growth ever of the renewable energy sources has 

raised issues with respect to their reliance on the uncertainties of solar and 

wind power. The combination of the renewable energy sources with backup 

and storage plants in Hybrid Energy Systems (HES) has appeared to be 

promising; however, HES configurations are rarely adaptable to varying 

operating conditions. This dissertation formulates and contrasts Adaptive 

Hybrid Energy Systems (AHES) frameworks, HES with solar, wind, and 

battery backup and grid backup systems managed by an intelligent adaptive 

control system. The system applies AHES forecasting and optimization 

techniques to enhance system reliability through dynamically adapting the 

supply of energy to limit 'Power Supply Loss Probability, a statistical 

expectation of a system to fall below a specified prescribed Power Supply 

Loss threshold level.'. The proof of concept is realized in MATLAB and 

Simulink where models with varying energy requirements and aggregation 

of meteorological systems are simulated. The adaptive strategy enhanced 

the reliability of renewable energy supply, and the cost of energy was 

lowered by 15% and the conventional share of renewables deployed by 

integrated systems.                                                                                         

Keywords: Hybrid Energy Systems, Renewable Integration, Adaptive 

Control, Reliability, Optimization 

1 Introduction 

The energy transition is a reaction to the increasing demand to shift ourselves off of fossil 

fuels and onto clean, renewable power sources [1-3]. The last two decades have seen 

unprecedented technological advancement in solar photovoltaic and wind turbine 

technologies, largely spurred by unprecedented technological advances as well as falling 

prices and government policy efforts. In comparison to these benefits, the introduction of 

renewables into the energy mix is still impeded by inherent challenges posed by the nature 

of such resources as stochastic and intermittent [4]. Uncertainty in solar irradiation and wind 

speed makes energy supply unstable, which in turn makes it harder to satisfy demand and 

compromises system security [5].  

Hybrid Energy Systems (HES) that include various renewable energy sources, storage, and 

backup power systems became popular as a solution to this problem [6-7]. 
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These systems try to reduce variability, enhance energy usage, and enhance overall 

system stability by utilizing the complementary features of various energy resources. Still, 

the increasing complexity of energy demand and the unpredictability of renewables calls for 

more than fixed hybrid designs. Static architectures cannot address the nuances of modern 

energy systems; smart management and dynamic optimization techniques are necessary to 

maintain the effectiveness of hybrid systems across a wide range of operational scenarios [8]. 

Adaptability is key when faced with such situations. Energy systems should always be 

adjusting to each other since demand patterns, climate, and the deployment of the grid are all 

constantly changing. Modifications are implemented in real-time in response to variations in 

energy demand and generation conditions as part of the adaptive strategy. The system 

employs optimization techniques and machine learning-based energy demand and supply 

forecasting models to optimize energy dispatch while minimizing the Loss of Power Supply 

Probability (LPSP). Optimal management dependability is achieved by adaption procedures, 

which in turn improve economic efficiency, optimize energy dispatch, reduce storage system 

load, and maximize increasing penetration of renewables in the energy mix [9].  

Problems with the hybrid system's design and development include functional control 

stiffness, uncontrolled Ness in predictability, and an overall absence of a control model for 

uncertain situations. Higher operating expenses and an increased likelihood of unreliability 

realization are two ways this hinders performance capacity, particularly in hostile and 

turbulent circumstances. Consequently, a hybrid design that incorporates both engineering 

and AI algorithms for prediction is required. To combat the unreliability of renewable power 

sources, many studies have suggested Hybrid Energy Systems (HES). To make these systems 

more reliable and less reliant on fossil fuels, they combine backup systems with renewable 

energy sources like solar and wind. Nevertheless, these systems aren't adaptable enough to 

deal with things like changing energy use and weather. This research suggests AHESs—

adaptive hybrid energy systems—that utilize dynamic optimization and forecasting to 

sidestep these problems. 

In times like this, the capacity to pivot quickly and easily is crucial. Since weather, 

demand patterns, and grid deployment are all dynamic, energy systems should continuously 

adapt to one another. The adaptive technique incorporates real-time modifications in reaction 

to changes in energy demand and generation circumstances. To maximize energy dispatch 

and minimize the probability of loss of power supply (LPSP), the system uses optimization 

methods and models for energy demand and supply that are based on machine learning. 

Adjustment processes provide optimal management dependability, which boosts economic 

efficiency, optimizes energy dispatch, decreases storage system load, and maximizes the 

rising integration of renewables in the energy mix [9]. The lack of a control model for 

uncertain conditions, functional control stiffness, and uncontrolled Ness in predictability are 

all issues with the design and development of the hybrid system. In hostile and chaotic 

environments, this limits performance capacity in two ways: higher operational expenditures 

and an increased risk of unreliability realization. This calls for a mixed-method design that 

incorporates both traditional engineering and AI prediction models. 

Hybrid Energy Systems (HES) have been suggested by several studies as a solution to the 

intermittent nature of renewable power sources. To make these systems more reliable and 

less reliant on fossil fuels, they combine backup systems with renewable energy sources like 

solar and wind. Nevertheless, these systems aren't adaptable enough to deal with things like 

changing energy use and weather. This research suggests AHESs—adaptive hybrid energy 

systems—that utilize dynamic optimization and forecasting to sidestep these problems. 

The paper aims, 

• To develop an Adaptive Hybrid Energy System (AHES) with the ability to design a 

dynamic control framework incorporating solar, wind, storage, and grid back-up 

subsystems. 
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• To increase system reliability, minimize operation cost, and maximize use of 

renewable energy by developing and implementing forecasting and optimization 

techniques. 

• To study the flexibility of the system through modeling and simulation of various 

patterns of loads and generation. This is to be performed in an effort to confirm the 

AHES and its flexibility that will be central to future smart decentralized energy 

systems. 

2 Literature Survey 

HES integrates photovoltaic systems, wind generators, batteries, and, increasingly, hydrogen 

storage with the grid or diesel backup. These systems can be organized as stand-alone or 

grid-connected microgrids wi th HES fractured into primary, secondary, and tertiary tiers for 

control. Recent reviews catalogue AC/DC/hybrid coupling topologies, hybrid energy 

storage, and rural-electrification deployments [10]. Adaptive control in hybrid energy 

systems has progressed from rule-based and fuzzy logic to model predictive control (MPC) 

with receding-horizon optimization and online weight tuning, along with learning-based 

Energy Management System (EMS) using reinforcement learning (RL or DRL) for real-time 

decision making under uncertainty. Surveys show MPC’s effectiveness across microgrid 

layers, from converter down to energy management system (EMS), while other recent studies 

showcased DRL policies for optimal dispatch with ANFIS or fuzzy controllers for rapid 

coupling and intermittent forecasting [11][12]. 

In the preliminary stage of planning, cost, emissions, and relatability are primary factors 

for which proposed algorithms pertained (NSGA-II, MOPSO, MOEA, etc.). Subsequent 

increments in bio-inspired and associate algorithms have also been noted (e.g., Black-

Winged Kite Algorithm) in HES ‘sizing’. Helpful and pertinent industry standards and 

practices site the Loss of Power Supply Probability/LOLP as primary for establishing 

relatability, within which predesignated goals are constructed (e.g., LPSP ≤ 5%). 

Accordingly, while progress has been achieved, the following remains valid for a vast 

number of studies: (i) a majority test proxy or some model to generate simulations, often 

resulting in the concept of ‘hardware-in-the-loop’, and particularly struggling with field 

trials, have only a tenuous grasp of the physical layers of the model; (ii) in most forecasts, 

control, and planning, these have been thought to occur in sequence, rather than in some 

simultaneous, orchestrated process; (iii) the majority of market or demand response with 

associated cyber-physical constraints are poorly integrated or represent little more than a 

signal to the control functions; (iv) classically, these have been postulated to control set-

points, with the expectation that ‘learning based’ relaying will somehow address the missing 

gaps or range in the EMS. The need for uncertainty-aware, closed-loop fusions of prediction 

and control, alongside rigorous benchmarking across varying operating conditions, is noted 

in the reviews. This work advances the field of framework development by integrating 

forecast-informed freeway control augmented by cycle egression under adaptive model 

predictive control with cost–reliability–low-carbon multi-objective planning under explicit 

reliability constraints (LPSP/LOLP) and varying operating conditions. While previous 

research optimizes for the sizing of or the operational paradigm for automated hybrid 

electrical/thermal energy systems (AHES) in isolation, we put forth a unified AHES 

framework that (a) learns and adapts online in real-time to weather and load shifts, (b) 

reproduces integrated metrics that respond reproducing modern reviews metrics rigorous 

integrated, uncertainty-aware validation, and (c) spins storage and reserve co-optimization, 

showing that the reserve margins and storage cycling are co-optimized. 
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3 Methodology  

In Fig. 1, the forecasting, adaptive, and optimization algorithm paradigm restraint illustrates 

the structured energy systems management of forecasting and mathematical modeling 

integration, along with the optimization and adaptive frameworks. Integrating optimization 

with adaptive frameworks starts with forecasting, which assumes the demand and supply of 

the predicted variations. Optimizing any given systems s focal point of their available 

resources is set at the three core objectives of reliability, least cost, and least emission. They 

set the systems value, cost, and sustainability and balance the three 'versus' to optimize the 

system value. At the same time, adaptive algorithms connected with decision-making 

flexibilities by mathematical modeling, set the system as a function of load, energy supply, 

and storage. The two decision-making streams merge. The system analysis begins with the 

estimation of the reliability loss of the power supply and the estimation of the renewable 

fraction, the cost of systems, and the worth of non-reliable elements. The two-path approach 

illustrates predictive reasoning and analytical reasoning to guarantee that the designs of the 

energy system and its operations are cost-effective, sustainable, and resilient. 

 

Fig. 1. Framework for Renewable Energy Forecasting, Modeling, and Evaluation. 

3.1 Mathematical modeling of energy sources, storage, and loads 

 The mathematically developed model of the suggested Adaptive Hybrid Energy System 

(AHES) includes the operation of the demand, storage, and renewables parts of the system. 

Solar PV (photovoltaic) generation is assessed through irradiance-based models, capturing 

the dynamics of generation with respect to solar irradiance: 

𝑃𝑃𝑉(𝑡) = 𝜂𝑝𝑣 . 𝐴 . 𝐺(𝑡)                                           (1)  
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𝜂𝑃𝑉 - photovoltaic system efficiency, 𝐴- the area of the active surface of the 𝑃𝑉 panel, and 

𝐺(𝑡) is the instantaneous solar irradiance. Wind generation comes from the turbine’s power–

speed characteristics. 

𝑃𝑤𝑟(𝑡) =
1

2
𝜌𝐴𝑣(𝑡)3𝐶𝑃                                              (2) 

where 𝜌 is the air density, 𝐴 is the area, 𝑣(𝑡) is the velocity, and 𝐶𝑝 is the power 

coefficients. Energy storage includes model charge discharge dynamics subject to round trip 

efficiency and capacity degradation constraints. A load is modeled as a time-varying demand 

profile with peak and off-peak dynamics. These models are unified in a system-level energy 

balance equation to maintain supply demand consistency. 

3.2 Adaptive algorithms 

 The adaptability of the AHES is achieved through a layered algorithmic framework 

which incorporates forecasting with control elements into one cohesive and simultaneous 

decision-making process. The forecasting module is responsible for predicting the short-term 

changes in solar irradiance and wind speed, as well as the hour and day-level demand, using 

machine learning regression models in combination with time-series forecasting. The 

forecasting process, in general, can be stated as: 

𝑋̂(𝑡 + 𝑘) = 𝑓(𝑋(𝑡), 𝑋(𝑡 − 1), … , 𝑋(𝑡 − 𝑛))          (3) 

where 𝑋̂(𝑡 + 𝑘) is the value estimated at the 𝑘 time period, while 𝑓(. ) is the predictive 

model reliant on the historical data. Creating correct forecasts helps eliminate uncertainty in 

scheduling, thus enhancing efficiency in dispatching. Similarly, the control module's hybrid 

optimization technique allows for real-time operational flexibility. The NSGA-II and related 

evolutionary algorithms are used for hybrid multi-objective planning issues. To manage 

operational processes that are always evolving, fuzzy controllers and RL agents are used. 

The two-tiered design of these control modules enables both real-time adaptations to changes 

and long-term distributed optimization. You may be certain that the AHES will operate 

reliably and robustly in any situation thanks to these upgrades.  

To address the unreliability of renewable power sources, many research has proposed 

HESs. Through the integration of various renewable sources, such as solar and wind, with 

storage and backup systems, these systems improve reliability and reduce dependency on 

fossil fuels. On the other hand, these systems can't control factors like energy use and weather 

changes. According to the study's findings, these issues might be solved by adaptive hybrid 

energy systems (AHESs) that use dynamic optimization and forecasting. 

Optimization objectives 

 Increasing reliability while decreasing system cost and emissions of greenhouse gases is 

the primary goal of the optimization framework. The cost model incorporates capital 

expenditures, operational expenses, and maintenance costs.  

Supply continuity indices, such as the Loss of Power Supply Probability (LPSP), quantify 

reliability by measuring the degree to which the system is unavailable. 

𝐿𝑃𝑆𝑃 =
∑𝑃𝑙𝑜𝑠𝑠(𝑡)

∑𝑃𝑙𝑜𝑎𝑑(𝑡)
                                                           (4) 

where 𝑃𝑙𝑜𝑠𝑠(𝑡) is unmet demand and 𝑃𝑙𝑜𝑎𝑑(𝑡) is total demand. Trade-offs among 

objectives are resolved using Pareto-based multi-objective optimization techniques. 

The optimization framework maximizes dependability while minimizing emissions and 

minimizes system cost using the NSGA-II multi-objective optimization method. I have 

phrased the optimization issue as follows: 
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𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒𝐶 = 𝑓1(𝑐𝑜𝑠𝑡)𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑓2(𝑟𝑒𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦)𝑎𝑛𝑑 𝑓3(𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠) 
where 𝑓1, 𝑓2, 𝑓3represent cost, reliability, and emissions functions, respectively. 

3.3 Algorithm: ahes_dispatch 

The algorithm flow for the process of energy management is explained below.  

Initialize system 

Set SoC ← SoC₀. 

Initialize 𝑢𝑛𝑚𝑒𝑡_𝑒𝑛𝑒𝑟𝑔𝑦, 𝑡𝑜𝑡𝑎𝑙_𝑑𝑒𝑚𝑎𝑛𝑑, 𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒_𝑠𝑢𝑝𝑝𝑙𝑦_𝑠𝑢𝑚, 𝑡𝑜𝑡𝑎𝑙_𝑠𝑢𝑝𝑝𝑙𝑦_𝑠𝑢𝑚, 

𝑡𝑜𝑡𝑎𝑙_𝑐𝑜𝑠𝑡 ← 0. 

For each time step t: Observe forecasts: 𝑠𝑜𝑙𝑎𝑟 𝑝𝑜𝑤𝑒𝑟 𝑃 _𝑠𝑜𝑙𝑎𝑟[𝑡], 𝑤𝑖𝑛𝑑 𝑝𝑜𝑤𝑒𝑟 𝑃 _𝑤𝑖𝑛𝑑[𝑡], 
and 𝑑𝑒𝑚𝑎𝑛𝑑 𝐷̂ [𝑡]. 
Compute adjusted demand: 𝐷̂_𝑟𝑒𝑞 = 𝐷̂ [𝑡] × (1 +  𝑟_𝑟𝑒𝑠𝑒𝑟𝑣𝑒). 
Allocate renewables: 

Supply from solar up to 𝐷̂_𝑟𝑒𝑞. 

If deficit remains → discharge within limits. If surplus remains → charge within limits. 

If deficit persists → import from grid. If surplus persists → curtail excess. 

Update metrics: unmet demand, renewable usage, supply totals, and operational costs. 

Repeat Step 2 until all T time steps are processed. 

Algorithm Flow for the Process of Energy Management 

 
Compute final performance metrics: The optimization problem is formulated with 

decision variables such as renewable energy capacities and storage sizing. The problem aims 

to minimize total cost, subject to constraints on energy supply reliability (measured by LPSP) 

and emissions. The optimization model is expressed as 

Start 

Compute Required 

Demand 

Initialize System 

Deficit: 

Discharge or imp 

Observe Forecasts: Solar 

Power, Wind Power, demand 

Surplus  

Charge or curtail 

Update metrics 

 

End 
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minimize𝐶total = ∑(cost of storage + cost of renewable generation) 
The initialization of system parameters, which includes the state of charge (SoC) and 

baseline performance factors, is the first step in the process. As each time step passes, the 

system takes into consideration estimates for solar and wind power in addition to energy 

consumption. It then computes the needed demand while taking into account a reserve 

margin. Based on this, renewable energy sources are assigned to fulfil demand; any 

remaining shortfall is provided from storage or the grid; excess energy is utilized to charge 

storage or is curtailed if restrictions are reached. In addition, any residual deficit is supplied 

from the grid. The procedure is repeated for all time steps, with performance metrics being 

updated at each stage. The process concludes with the calculation of final system 

performance indicators, which include total cost, utilization of renewable resources, and 

demand that is not satisfied. 

3.4 Simulation environment 

 The system design and evaluation are conducted through a hybrid simulation setup. 

MATLAB/Simulink is used for dynamic modeling of power flows and controller testing, 

while HOMER Pro is utilized for techno-economic analysis of system configurations. 

Python-based optimization frameworks integrate forecasting models and evolutionary 

algorithms, providing flexibility in running multi-scenario simulations. 

3.5 Performance metrics 

 Scheduled forecast system is assessed, in terms of performance metrics, on the reliability 

and sustainability levels and their performance on the cost index issues, evaluated by the 

LPSP and SRI, rest in power fraction, and LCOE and NPC, respectively. These, alongside 

the rest of the identified cost performance indicators, articulate the overall cost performance 

in regard to the adaptability and effectiveness of the proposed AHES framework. 

4 Results and Discussion 

   Various simulation scenarios were created to assess the performance of the proposed 

Adaptive Hybrid Energy System (AHES) during peak demand mechanics and under 

conditions of low renewable generation and adverse weather conditions. Adaptability 

appears to be the key factor in sustaining the supply–demand balance while simultaneously 

decreasing dependency on the backup sources. The peak demand period performance of the 

AHES showed that the system was able to optimally minimize the grid backup repetition by 

adjusting the charge and discharge cycles of the storage system on the grid. In particular 

during low generation hours such as overcast days and low winds, the adaptive control 

technique managed to minimize the Loss of Power Supply Probability (LPSP) by optimally 

utilizing the resources on the selected, prioritized critical load. 
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Fig. 2. Load vs. Supply Curve. 

Fig. 2 depicts the 24-hour cycle in load demand and supply. The blue line indicates supply 

and the orange one indicates demand. These two curves remarkably track with each other 

demonstrating excellent control in supply to match demand throughout the day. The demand 

curve spikes during the intervals 9-10 hours and 19-20 hours.  The other hours of the day (1-

8 and 20-24 hours) have minimum demand which is 45-55 kW.   There is also excellent 

control in supply with demand during these hours. These peaks and dips in the demand and 

supply curves shows excellent reliability in the system along with economical control in the 

available production to meet the energy needed. 

 

Fig. 3. Generation Mix Over 24 Hours. 

The section of the power supply attributable to solar, wind, and storage going each hour 

of the day is illustrated in the chart on Fig. 3.  Solar power generation is highest between the 

eighth and twelfth hours when the sun is at its zenith and contributes most to the generation. 

Wind generation, on the other hand, varies all day long, capturing wind energy that changes 

throughout the day. Storage stabilizes and bridges the gap of sun and wind generation that 

arises between early morning hours early in the day and late evening hours late in the day 

when sun power isn't being generated.  Confirmation of system operation and enough supply 

to meet demand peaks is provided by the total generation trend, further demonstrating the 

critical role of storage as a stabilizing component in power systems that include renewables.  
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5 Conclusion  

In order to create renewable energy integration into power systems that is foolproof, this 

study examined the architecture of an Adaptive Hybrid Energy System (AHES). The study 

results show that flexibility is crucial for renewable energy sources to be gradually integrated 

into power systems. 

Through the integration of forecasting with smart control and optimization methods, 

AHES was able to achieve supply-demand balance under various scenarios and balanced 

utilization of solar, wind, and storage resources. The findings confirm that adaptability 

improves system reliability (as shown by lower LPSP) and operational costs (as a result of 

maximizing the proportion of renewables supplied as a corrective measure to existing hybrid 

systems), thereby maximizing the system's sustainability and resilience. At its heart, this 

study proposes adaptability as a workable solution to renewable energy's intermittency 

problem, analyses its dependability and cost-effectiveness using the optimal system model, 

and designs and implements a two-layer adaptive system using predictive prediction and real-

time optimization. To sum up, AHES is now able to safely use renewable energy in both grid 

and standalone systems thanks to the contributions that have been compiled. Improving 

system dynamic performance is possible via the integration of IoT devices that provide real-

time data collecting and responsive control, and through the real-time application of 

advanced AI algorithms, which enhance prediction accuracy and dynamic control. 

In addition, the ability to extend the proposed framework to smart grid systems will be 

critical for maintaining integration, flexibility and cost-effectiveness at higher order volumes. 

Such initiatives will position adaptive hybrid systems at the center of next generation 

sustainable energy infrastructure. 
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