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Abstract

Grid-connected photovoltaic-battery energy storage systems face a persistent operational problem because variable
photovoltaic generation, fluctuating electricity demand, battery state-of-charge and degradation constraints, and network
power-flow requirements must be coordinated simultaneously, while existing research has frequently examined forecasting,
battery scheduling, optimization, optimal power flow, and grid resilience as separate functions. This study aimed to
quantitatively evaluate how machine learning-based predictive energy management, multi-objective energy optimization,
intelligent battery energy storage management, and machine learning-assisted optimal power flow contribute to Grid
Resilience and Renewable Enerqy Integration Performance in selected grid-connected PV-BESS case environments. A
quantitative, cross-sectional, case-study-based design was employed, using purposive sampling and a structured five-point
Likert-scale questionnaire administered to technically experienced professionals associated with power systems, renewable
energy, battery storage, grid operations, enerqy management, and machine learning. Of 330 questionnaires distributed,
305 were returned and 296 usable responses were retained, yielding an 89.7% usable response rate. Data analysis
incorporated reliability testing, descriptive statistics, Pearson correlation, and multiple regression modeling. The overall
instrument demonstrated strong reliability, with Cronbach’s alpha of .93. Descriptively, Grid Resilience and Renewable
Energy Integration Performance Recorded M = 4.18, SD = 0.54, while Multi-Objective Energy Optimization achieved the
highest independent-variable mean of M = 4.16, SD = 0.55. All four predictors were positively and significantly related to
performance: MLPEM, r = .68; MOO, r = .72; IBESS, r = .70; and MLOPF, r = .75, all p < .001. The regression model
explained 69.4% of the variance in performance, R? = .694, Adjusted R? = .690, F (4, 291) = 165.02, p < .001. MLOPF
emerged as the strongest predictor, p = .31, followed by MOO, p = .28, IBESS, p = .24, and MLPEM, p = .22. These
findings imply that utilities, renewable-energy developers, and grid operators can strengthen resilient renewable-energy
integration by coordinating predictive intelligence, multi-objective optimization, intelligent storage control, and network-
aware power-flow management as an integrated operational architecture rather than isolated technological capabilities.
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INTRODUCTION

Machine learning (ML) refers to a family of computational techniques through which algorithms
identify patterns, estimate relationships, generate predictions, and support decision making from data
without requiring every operational rule to be explicitly programmed. Within electrical power systems,
ML has increasingly been applied to forecasting, system-state estimation, adaptive control, resource
dispatch, and optimization problems characterized by nonlinear relationships, uncertainty, and rapidly
changing operating conditions. A photovoltaic (PV) system converts incident solar radiation into
electrical energy, while a battery energy storage system (BESS) stores electrical energy
electrochemically and releases it according to demand, electricity price, system requirements, battery
constraints, and network operating conditions. A grid-connected photovoltaic-battery energy storage
system therefore represents an integrated configuration in which PV generation, battery storage, local
electrical demand, power-electronic converters, control mechanisms, and the utility grid exchange
electricity through coordinated operation. Microgrids and distributed-energy-resource architectures
have established the technical foundation for this form of coordinated electricity management by
integrating distributed generation, controllable loads, and storage resources within interconnected
networks (Guerrero et al., 2011; Hatziargyriou et al., 2007). Energy management refers to the
supervisory process through which available energy resources are scheduled, controlled, and
dispatched, whereas optimal power flow (OPF) determines appropriate operating values for
controllable network variables while satisfying power-balance equations, voltage requirements,
generation limits, transmission or distribution constraints, and other engineering conditions. Predictive
power-management strategies have demonstrated the importance of coordinating photovoltaic
generation and battery storage to regulate grid exchange and optimize system operation (Olivares et
al., 2014; Riffonneau et al., 2011). The international significance of PV-BESS operation has increased
as electricity systems have incorporated larger amounts of decentralized and variable renewable
generation. Battery storage can increase local consumption of photovoltaic electricity, shift energy
between operating periods, reduce peak grid demand, and improve the controllability of renewable
generation (Hoppmann et al., 2014; Luthander et al., 2015). Energy-storage technologies also
contribute to balancing renewable generation, managing network constraints, providing operational
flexibility, and supplying multiple grid-support services (Luo et al., 2015; Zakeri & Syri, 2015).
Within this technical context, ML-driven energy management combines predictive data analytics with
operational decision processes to coordinate PV production, battery behavior, electricity demand, and
grid power exchange under multiple technical and economic constraints.

A major challenge in grid-connected PV-BESS operation arises from the intermittent, variable, and
partially uncertain characteristics of photovoltaic generation and electricity demand. Solar electricity
production changes according to irradiance, cloud cover, ambient temperature, panel characteristics,
seasonal conditions, and geographic location, creating significant variations in available renewable
generation across different time intervals. Accurate PV forecasting has therefore become an important
component of energy management because forecast information supports the scheduling of battery
charging, battery discharging, load supply, grid imports, and grid exports. Extensive research on
photovoltaic forecasting has documented the application of statistical, physical, artificial intelligence,
and hybrid methods for estimating solar generation across different forecasting horizons (Antonanzas
etal., 2016; Yang et al., 2018). Machine-learning approaches have gained particular relevance because
they can capture nonlinear relationships among meteorological measurements, historical PV
production, temporal patterns, and operational conditions that may be difficult to represent through
predetermined mathematical equations (Abdel-Nasser & Mahmoud, 2019; Voyant et al., 2017).
Long short-term memory networks, artificial neural networks, support vector methods, ensemble
algorithms, and other learning architectures can therefore form the predictive component of intelligent
energy-management systems. Prediction alone, however, cannot ensure effective PV-BESS operation
because battery scheduling must remain consistent with electrochemical and operational constraints.
State of charge represents the amount of available battery energy relative to usable capacity, while state
of health reflects degradation and the remaining performance capability of the battery. Accurate
assessment of these parameters is essential for determining whether a battery should charge, discharge,
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remain idle, preserve reserve energy, or participate in grid-support activities (Berecibar et al., 2016;
Hannan et al.,, 2017). Battery-management decisions must also account for charging limits,
discharging limits, depth of discharge, round-trip efficiency, battery cycling, temperature, degradation,
and usable capacity. Research on commercial PV-battery systems has demonstrated that battery sizing
and scheduling directly influence photovoltaic self-consumption and the operational performance of
integrated systems. Recent research on battery management has similarly emphasized the continuing
importance of reliable state-of-charge estimation for maintaining safe and efficient battery operation
(Hussein, 2024). Consequently, machine learning-based predictive energy management and
intelligent battery energy storage management represent related but analytically distinct capabilities
within grid-connected PV-BESS systems, with the former focusing on anticipating changing system
conditions and the latter translating operational information into technically feasible charging and
discharging decisions.

Figure 1: ML-Driven PV-BESS Energy Management Framework for Grid Resilience and
Renewable Energy Integration
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Energy management within photovoltaic-battery systems is inherently multi-objective because
individual control decisions frequently influence several technical, economic, environmental, and
operational performance criteria simultaneously. Multi-objective energy optimization refers to the
systematic identification of operating solutions that balance two or more competing objectives instead
of optimizing a single criterion in isolation. Relevant objectives in grid-connected PV-BESS
environments may include electricity-cost minimization, reduction of power losses, peak-demand
reduction, maximization of renewable-energy utilization, emission reduction, battery-degradation
control, voltage-quality improvement, and minimization of unnecessary energy exchange with the
utility grid. These objectives frequently interact. Maximizing immediate photovoltaic self-consumption
may reduce available battery reserve for high-price periods, while aggressive battery discharge may
lower short-term grid purchases but increase battery degradation. Multi-objective optimization is
therefore required to identify operating decisions that balance conflicting priorities within established
technical constraints. Research on microgrid energy management has demonstrated the application of
multi-objective optimization to simultaneous economic and environmental objectives, including
operating-cost and emission reduction (Aghajani & Ghadimi, 2018). Other research has incorporated
uncertainty associated with renewable-energy production and electricity demand into multi-objective
microgrid scheduling problems, illustrating the importance of stochastic operating conditions in
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optimization-based energy management (Ahmed et al., 2021). Machine learning has expanded these
optimization approaches by enabling control systems to adjust decisions according to changing system
states. Reinforcement learning is particularly relevant because it allows an intelligent agent to associate
observations such as PV generation, battery state of charge, electricity demand, tariffs, and grid
conditions with control actions and accumulated performance rewards. Reinforcement-learning-based
scheduling has been applied to grid-connected solar PV-battery microgrids to coordinate battery
operation, grid transactions, electricity costs, and battery wear (Muriithi & Chowdhury, 2021;
Tonay, 2026). Deep reinforcement learning has also been investigated for microgrid environments
containing storage, distributed generation, flexible electricity demand, and dynamic pricing structures
(Nakabi & Toivanen, 2021; Shamsul, 2026). More recent grid-connected PV-battery research has
evaluated deep reinforcement-learning strategies under varying photovoltaic penetration levels,
battery capacities, and electricity-price structures, emphasizing the relevance of adaptive data-driven
control to PV-BESS scheduling (Chen et al., 2024; Khatun, 2026). Battery losses have also been
integrated directly into deep reinforcement-learning energy-management models, allowing scheduling
policies to account more realistically for nonlinear storage behavior (Dominguez-Barbero et al., 2024;
Rony & Md, 2026). Multi-objective energy optimization can consequently be viewed as the decision
layer through which economic, technical, environmental, and battery-related objectives are balanced,
while machine-learning techniques provide adaptive mechanisms for modifying operational decisions
according to continuously changing system conditions.

Optimal power flow constitutes another critical component of intelligent PV-BESS management
because energy-management decisions must remain consistent with the physical operating constraints
of the electrical network. OPF is an optimization process that identifies suitable values for controllable
power-system variables while satisfying electrical power-flow relationships, voltage limits, generator
restrictions, network-capacity limits, power-balance requirements, and operational-security
conditions. Alternating-current optimal power flow is particularly challenging because it contains
nonlinear and nonconvex equations associated with voltage magnitude, voltage angle, active power,
and reactive power. The integration of photovoltaic generation and battery storage adds further
complexity because renewable-energy output varies over time and battery charging or discharging
introduces additional controllable power injections. Coordinated predictive power-flow management
has been applied directly to grid-connected photovoltaic systems with batteries, demonstrating that
battery scheduling can be linked with network power-flow objectives and grid-interaction
requirements (Sadia, 2026; Riffonneau et al., 2011). As networks incorporate increasing volumes of
renewable and distributed resources, repeated OPF calculations may become computationally
demanding when numerous operating scenarios and uncertain variables must be evaluated. Machine
learning-assisted OPF addresses this difficulty by learning relationships between power-system inputs
and optimized operating solutions, estimating appropriate dispatch points, predicting active
constraints, or generating initial solutions that can accelerate numerical optimization. Deep-neural-
network approaches have been used to approximate security-constrained DC optimal power flow,
showing that learned mappings between demand conditions and generation decisions can significantly
reduce computational effort while maintaining high-quality solutions (Nishat, 2026; Pan et al., 2021).
Machine-learning methods have also been investigated extensively for alternating-current OPF,
including neural networks, reinforcement learning, active-set prediction, surrogate modeling, and
hybrid learning-optimization approaches (Jiang et al., 2024; Murad, 2026). Scalability has become an
important concern because AC-OPF problems may contain large numbers of decision variables and
constraints. Compact optimization-learning techniques have therefore been developed to reduce the
dimensionality of AC-OPF outputs before prediction, improving the efficiency of data-driven solution
methods (Shamima, 2026; Park et al., 2024). Graph-based learning has also been applied because
power systems possess an explicit network topology that can be represented naturally as nodes and
electrical connections. Graph neural networks combined with deep reinforcement learning have been
used to generate initial estimates for AC-OPF solvers by incorporating structural information from the
electricity network into the learning process (Deihim et al., 2024; Badrul, 2026). Within the present
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research context, ML-assisted OPF is therefore treated separately from predictive energy management
because predictive management focuses primarily on anticipating and scheduling energy-resource
behavior, whereas ML-assisted OPF focuses on obtaining network-feasible and optimized power-flow
decisions under electrical constraints.

Grid resilience and renewable energy integration provide the central performance context through
which the combined operation of machine learning, multi-objective optimization, intelligent battery
management, and optimal power flow can be quantitatively examined. Grid resilience generally refers
to the capability of an electrical system to recognize potentially disruptive conditions, withstand
disturbances, adapt its operating configuration, maintain critical electricity service, and restore
acceptable performance following significant system disruption. Resilience differs conceptually from
conventional reliability because resilience places stronger emphasis on system response to severe,
uncertain, and potentially high-impact disturbances. Quantitative resilience research has demonstrated
that component fragility, probabilistic disturbance impacts, network configuration, and adaptive
operational measures influence the magnitude and duration of power-system disruptions
(Chowdhury, 2026; Panteli et al., 2017). Renewable energy integration refers to the ability of an
electrical network to accommodate, utilize, and control variable renewable generation while
maintaining power balance, acceptable voltage conditions, network security, and adequate operational
flexibility. Very high levels of variable renewable generation create substantial requirements for system
flexibility, advanced control, energy storage, coordinated dispatch, and responsive power-system
operation (Kroposki et al., 2017; Pervaz, 2026). Grid-connected PV-BESS configurations directly
connect renewable integration with resilience because battery storage can separate the timing of
photovoltaic electricity generation from immediate electricity consumption, absorb excess solar
generation, provide controllable active-power support, reduce renewable curtailment, and maintain
stored energy that can support load during unfavorable operating conditions. Multi-objective
microgrid studies have also demonstrated that coordinated use of clean-energy resources, storage
systems, and flexible devices can address network losses, voltage deviations, operational costs, and
other system-performance criteria simultaneously (Kaium, 2026; Moradi et al.,, 2023). Existing
research nevertheless often examines solar forecasting, battery scheduling, reinforcement learning,
economic dispatch, multi-objective optimization, optimal power flow, and resilience as separate
analytical problems. PV-battery studies frequently emphasize economic operation, self-consumption,
storage sizing, or individual control algorithms, while grid-resilience research often addresses
network-level disturbance response without simultaneously evaluating the predictive, storage-
management, optimization, and OPF capabilities of PV-BESS systems. This separation creates a specific
empirical problem regarding how machine learning-based predictive energy management, multi-
objective energy optimization, intelligent battery energy storage management, and machine learning-
assisted optimal power flow relate to grid resilience and renewable energy integration performance
when considered within a unified quantitative framework. The present study therefore adopts a
quantitative, cross-sectional, case-study-based design using a five-point Likert scale to measure these
constructs and employs descriptive statistics, Pearson correlation analysis, and multiple regression
modeling to examine their individual and combined statistical relationships with grid resilience and
renewable energy integration performance.

Background of the Study

The increasing penetration of renewable energy resources into modern power systems has transformed
the way electricity is generated, stored, managed, and delivered. Among renewable technologies,
photovoltaic energy has become one of the most widely adopted resources because of its modularity,
declining installation costs, and suitability for both centralized and distributed applications. However,
photovoltaic generation is inherently intermittent because its output depends on solar irradiance,
weather conditions, temperature, and time of day. This variability can create mismatches between
electricity production and demand, introduce voltage fluctuations, increase reverse power flow, and
complicate real-time grid balancing. Battery energy storage systems have therefore become an
important complementary technology because they can absorb excess photovoltaic electricity, release
stored energy during periods of high demand or reduced solar generation, support peak shaving,
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regulate grid exchange, and improve the utilization of locally generated renewable electricity. The
coordinated operation of photovoltaic generation and battery storage requires an advanced energy-
management system capable of balancing multiple technical and economic objectives at the same time.
Traditional rule-based and deterministic control methods may not always respond efficiently to highly
variable operating conditions, uncertain generation, changing electricity demand, dynamic electricity
prices, and battery constraints. Machine learning provides a data-driven mechanism for forecasting
photovoltaic generation, predicting electricity demand, estimating system states, identifying
operational patterns, and supporting adaptive control decisions. At the same time, multi-objective
energy optimization enables an energy-management system to consider several goals simultaneously,
such as minimizing operating cost, reducing power losses, improving renewable energy utilization,
reducing peak demand, protecting battery health, and maintaining grid stability. Optimal power flow
further ensures that energy-dispatch decisions comply with voltage, active-power, reactive-power,
line-capacity, and network-security requirements. The integration of machine learning with energy
management and optimal power flow therefore creates a coordinated decision framework for
managing grid-connected photovoltaic-battery energy storage systems. Within such systems,
predictive intelligence, battery flexibility, multi-objective optimization, and network-aware power-
flow control can be examined together as important operational capabilities associated with grid
resilience and renewable energy integration.

Problem Statement

Grid-connected photovoltaic-battery energy storage systems are increasingly used to improve
renewable energy utilization and provide greater flexibility in modern electricity networks, yet their
effective operation remains technically complex because several uncertain and competing conditions
must be managed simultaneously. Photovoltaic production varies continuously with environmental
conditions, electricity demand changes across operating periods, batteries have state-of-charge and
degradation constraints, and distribution networks must remain within acceptable voltage and power-
flow limits. Conventional energy-management approaches are often based on fixed schedules,
predefined control rules, or optimization models that depend heavily on accurate input assumptions.
Such approaches may become less effective when actual operating conditions change rapidly or when
large volumes of uncertain renewable generation are connected to the grid. The challenge is not limited
to forecasting photovoltaic production or controlling battery charging in isolation. Effective PV-BESS
operation requires coordinated decisions involving renewable generation forecasting, load prediction,
battery scheduling, economic objectives, power losses, grid imports and exports, network constraints,
voltage stability, and resilience requirements. Existing approaches frequently address these functions
separately, which can create fragmented decision processes in which an improvement in one objective
may reduce performance in another. For example, aggressive battery discharge may reduce grid
purchases but accelerate battery degradation, while maximizing immediate photovoltaic self-
consumption may reduce stored reserve energy that could be needed during peak demand or network
disturbances. Machine learning can potentially improve predictive and adaptive control, while multi-
objective optimization and machine learning-assisted optimal power flow can coordinate system-wide
decisions. However, there remains a need for an integrated quantitative assessment of how machine
learning-based predictive energy management, multi-objective energy optimization, intelligent battery
energy storage management, and machine learning-assisted optimal power flow collectively relate to
grid resilience and renewable energy integration performance. This research addresses that problem
by examining these capabilities within grid-connected PV-BESS case environments through
measurable constructs and statistical relationships.

Objectives of the Study

The principal objective of this study is to quantitatively evaluate how machine learning-driven
operational capabilities contribute to the performance of grid-connected photovoltaic-battery energy
storage systems in relation to grid resilience and renewable energy integration. More specifically, the
study seeks to assess the extent to which machine learning-based predictive energy management is
applied to anticipate photovoltaic generation, electricity demand, electricity-price conditions, and other
relevant operational variables that influence energy scheduling. It also aims to evaluate multi-objective
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energy optimization as a mechanism for balancing competing technical, economic, environmental, and
battery-related objectives within integrated PV-BESS operation. A further objective is to assess
intelligent battery energy storage management in terms of state-of-charge control, charging and
discharging coordination, battery-health protection, peak-demand management, and the provision of
stored energy for grid-support functions. In addition, the study seeks to determine the role of machine
learning-assisted optimal power flow in improving power-flow decisions, voltage conditions, active-
and reactive-power allocation, congestion management, and overall network-feasible operation. The
research also aims to measure the level of grid resilience and renewable energy integration performance
achieved within the selected case-study environments. Beyond evaluating the individual study
constructs, the research intends to determine the strength and direction of the statistical relationships
between each independent variable and the dependent variable through Pearson correlation analysis.
Multiple regression modeling will then be used to determine the individual predictive contribution of
machine learning-based predictive energy management, multi-objective energy optimization,
intelligent battery energy storage management, and machine learning-assisted optimal power flow to
grid resilience and renewable energy integration performance. The overall objective is therefore to
establish an integrated empirical model capable of showing whether these machine learning-enabled
and optimization-based capabilities operate as significant explanatory factors of resilient and
renewable-intensive PV-BESS performance.

Research Hypotheses

The hypotheses of this study are developed from the proposed relationships among the four
explanatory constructs and the dependent construct of grid resilience and renewable energy integration
performance. The first hypothesis proposes that machine learning-based predictive energy
management has a significant positive effect on grid resilience and renewable energy integration
performance because improved anticipation of photovoltaic generation, electricity demand, grid
conditions, and operational requirements can support more informed energy scheduling decisions. The
second hypothesis proposes that multi-objective energy optimization has a significant positive effect
on grid resilience and renewable energy integration performance because the simultaneous
management of operating cost, renewable-energy utilization, power losses, peak demand, battery
conditions, and other objectives can improve the overall coordination of PV-BESS resources. The third
hypothesis proposes that intelligent battery energy storage management has a significant positive effect
on grid resilience and renewable energy integration performance because effective state-of-charge
control, charging and discharging decisions, battery-health management, and energy reserve allocation
can increase the flexibility and availability of stored energy. The fourth hypothesis proposes that
machine learning-assisted optimal power flow has a significant positive effect on grid resilience and
renewable energy integration performance because intelligent network-aware optimization can
improve voltage conditions, active- and reactive-power allocation, grid losses, and operating feasibility.
Finally, the fifth hypothesis proposes that machine learning-based predictive energy management,
multi-objective energy optimization, intelligent battery energy storage management, and machine
learning-assisted optimal power flow collectively have a significant positive effect on grid resilience
and renewable energy integration performance. The hypotheses are therefore stated as follows: H1,
machine learning-based predictive energy management significantly and positively influences grid
resilience and renewable energy integration performance; H2, multi-objective energy optimization
significantly and positively influences grid resilience and renewable energy integration performance;
H3, intelligent battery energy storage management significantly and positively influences grid
resilience and renewable energy integration performance; H4, machine learning-assisted optimal
power flow significantly and positively influences grid resilience and renewable energy integration
performance; and H5, the four independent variables collectively exert a significant positive influence
on grid resilience and renewable energy integration performance.
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Significance of the Research

i. Significance for Power-System and Grid Operators: This study is significant for grid operators
because it examines how predictive energy management, battery flexibility, multi-objective
optimization, and optimal power flow can be coordinated within grid-connected PV-BESS
environments. The results can provide a structured understanding of the operational capabilities
associated with maintaining reliable grid interaction while accommodating variable photovoltaic
generation.

ii. Significance for Renewable-Energy Developers: The research is important for photovoltaic
developers and renewable-energy project managers because it evaluates operational factors that affect
renewable-energy utilization, storage coordination, grid exchange, and system performance. This can
help identify which intelligent-management capabilities deserve greater attention when PV and battery
systems are designed or operated as integrated resources.

iii. Significance for Battery Energy Storage Management: The study provides specific attention to
intelligent battery energy storage management as an independent operational capability. This is
significant because battery performance depends not only on installed capacity but also on charging,
discharging, state-of-charge control, reserve management, and degradation-aware scheduling.

iv. Significance for Machine-Learning Applications in Energy Systems: The research contributes to
understanding machine learning as an operational decision-support capability rather than only as a
forecasting tool. By examining predictive energy management and machine learning-assisted optimal
power flow separately, the study provides a more detailed view of how data-driven techniques can
support different layers of energy-system operation.

v. Significance for Multi-Objective Energy Management: The study is significant because it recognizes
that PV-BESS operation involves several interacting objectives. Evaluating multi-objective energy
optimization allows technical, economic, renewable-energy, and battery-related goals to be considered
within the same empirical framework.

vi. Significance for Academic Research: The study provides a quantitative, cross-sectional, case-study-
based framework that integrates four explanatory constructs with a single dependent performance
construct. The use of reliability testing, descriptive statistics, Pearson correlation, and multiple
regression provides a systematic structure for empirically testing relationships that are often
investigated separately in technical simulation studies.

vii. Significance for Energy Planning and Policy: The research can also support energy planners and
decision makers by providing evidence about the operational capabilities associated with resilient grid-
connected renewable-energy systems. Understanding the relationships among machine learning,
battery management, optimization, power flow, resilience, and renewable integration can assist in
evaluating technology priorities within increasingly decentralized electricity systems.

LITERATURE REVIEW

The literature concerning machine learning-driven energy management and optimal power flow in
grid-connected photovoltaic-battery energy storage systems spans several closely connected areas of
power-system engineering, renewable-energy integration, artificial intelligence, energy storage,
optimization, and grid resilience. Grid-connected PV-BESS systems combine variable photovoltaic
generation with controllable battery storage and utility-grid interaction, creating an operational
environment in which generation, consumption, storage, and network conditions must be coordinated
continuously. Previous research has examined photovoltaic forecasting as a means of reducing
uncertainty associated with solar generation, while machine-learning methods have been used to
capture nonlinear relationships among irradiance, temperature, historical generation, electricity
demand, and other system variables. A parallel body of literature has focused on battery energy storage
management, particularly state-of-charge estimation, state-of-health assessment, charging and
discharging schedules, degradation, efficiency, and battery participation in grid-support services.
Multi-objective optimization studies have investigated how energy-management systems can balance
several competing goals, including operating-cost reduction, renewable-energy utilization, peak-
demand mitigation, power-loss reduction, emission control, and battery lifetime preservation. Optimal
power flow research has addressed the physical feasibility of power-system operation by optimizing
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active power, reactive power, voltage, and network flows subject to engineering constraints, while
more recent machine-learning-assisted approaches have sought to reduce the computational burden of
repeated OPF calculations. Another major literature stream concerns grid resilience, system flexibility,
reliability, disturbance response, and the ability of electricity networks to integrate high levels of
variable renewable generation. These research domains are strongly interconnected, yet they are often
examined independently. A comprehensive review is therefore required to synthesize the literature on
grid-connected PV-BESS systems, machine learning-based predictive energy management, multi-
objective optimization, intelligent battery management, machine learning-assisted optimal power flow,
grid resilience, theoretical foundations, and the conceptual relationships underlying the present
quantitative study.

Grid-Connected Photovoltaic-Battery Energy Storage Systems

Grid-connected photovoltaic-battery energy storage systems represent an increasingly important
configuration within distributed electricity networks because they combine renewable electricity
generation, electrochemical storage, local demand, and utility-grid interaction within a coordinated
operating structure. In a conventional grid-connected photovoltaic installation, electricity generated by
the PV array is first supplied to local loads, while surplus production may be exported to the utility
network and electricity deficits are covered through grid imports. The addition of battery storage
modifies this relationship because excess photovoltaic electricity can be retained locally and discharged
when solar generation becomes insulfficient or electricity demand increases. This arrangement creates
greater temporal flexibility between renewable production and consumption and enables system
operators or consumers to determine when locally generated electricity should be consumed, stored,
exported, or supplemented by grid electricity. Battery capacity and photovoltaic-system size are
therefore fundamental design variables because inappropriate sizing can produce excessive capital
expenditure, underutilized storage, unnecessary grid exchange, or insufficient renewable-energy
utilization. Simulation-based research on residential PV-battery systems has shown that the
relationship between photovoltaic capacity and battery capacity determines self-consumption, system
economics, and the extent to which electricity demand can be supplied from locally generated solar
energy (Debasish, 2021; Weniger et al., 2014). Grid connection also distinguishes PV-BESS
installations from stand-alone renewable systems because the utility network remains an additional
source and destination of electricity. This enables the battery to perform several functions beyond
simple backup storage, including load shifting, peak-demand management, energy arbitrage,
management of photovoltaic surplus, and regulation of power exchanged with the external network.
The integration challenge consequently involves more than connecting two technologies. It requires
continuous coordination among photovoltaic production, battery state of charge, load demand,
converter operation, electricity tariffs, and grid requirements. Demand-side energy-management
research has demonstrated that grid-connected PV-battery systems can schedule power flows to reduce
electricity costs while maintaining energy balance and respecting constraints related to solar
production and battery capacity (Abdur & Iftekhar, 2021; Wu et al., 2015). These characteristics
establish PV-BESS as an integrated renewable-energy platform in which storage provides operational
flexibility that directly affects the manner in which intermittent photovoltaic generation is absorbed
and utilized within grid-connected electrical systems.

Renewable energy integration within grid-connected PV-BESS systems is strongly influenced by the
temporal mismatch between photovoltaic generation and electricity consumption. Solar generation
normally reaches its highest-level during daylight hours, while residential, commercial, and industrial
electricity demands may peak during different periods. Without storage, a significant proportion of
photovoltaic electricity can therefore be exported when local consumption is low, while grid electricity
must later be imported when solar output falls. Battery storage reduces this mismatch by shifting
energy from periods of surplus generation to periods of greater demand, thereby increasing
photovoltaic self-consumption and self-sufficiency. Effective integration, however, requires the storage
system to be planned and operated according to changing weather, electricity prices, demand patterns,
battery specifications, and required reliability. Optimization-based planning research has
demonstrated that investment decisions, system sizing, and operational scheduling should be treated
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as interconnected problems because an economically suitable battery capacity may depend on how the
storage device is scheduled during actual system operation (Debasish, 2022; Khalilpour & Vassallo,
2016). This interaction is particularly important for renewable-energy integration because maximizing
battery capacity alone does not necessarily maximize system performance. Oversized batteries can
remain partly unused, while undersized batteries may be unable to absorb substantial photovoltaic
surpluses or supply sufficient stored energy during high-demand periods. Operational strategy
therefore becomes as important as installed storage capacity. Grid-connected PV-BESS operation must
determine appropriate charging and discharging periods while considering battery efficiency, cycling
behavior, state-of-charge limits, power ratings, photovoltaic availability, load requirements, and
permitted grid exchange. The grid itself may also experience operational difficulties when large
quantities of distributed photovoltaic generation are exported simultaneously. Reverse power flow can
contribute to voltage-rise problems in distribution feeders, particularly during periods of high solar
production and low local demand. Coordinated battery scheduling can reduce these problems by
absorbing photovoltaic generation that would otherwise be injected into the grid. Research on grid-
supporting PV systems has shown that battery scheduling can simultaneously address economic
operating objectives and limit excessive grid power injection, illustrating the direct relationship
between storage operation and distribution-network support (Ashfagq & Mohammad, 2022;
Ranaweera & Midtgard, 2016). Renewable-energy integration in PV-BESS systems therefore depends
on coordinated sizing, scheduling, local consumption, and grid-support behavior rather than
photovoltaic penetration alone.

Figure 2: Grid-Connected PV-Battery Energy Storage System for Renewable Energy Integration
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The contribution of PV-BESS to renewable-energy integration can also be understood through the
interaction among self-consumption, self-sufficiency, grid dependency, and battery utilization. Self-
consumption represents the proportion of photovoltaic electricity that is consumed locally rather than
exported to the grid, while self-sufficiency describes the proportion of local electricity demand supplied
by the photovoltaic and storage system. These indicators are related but not identical because a
household or organization can achieve high self-consumption with a relatively small photovoltaic
installation while still relying heavily on grid electricity, or achieve higher self-sufficiency through
larger photovoltaic and battery capacities while exporting some surplus generation. Battery storage
increases the ability to shift photovoltaic electricity from production periods to later consumption

10



American Journal of Scholarly Research and Innovation, September 2026, 01-39

periods, but the scale of improvement is influenced by demand profile, climatic conditions, PV
capacity, battery size, storage efficiency, and operating strategy. Large-scale statistical assessment of
solar home battery systems across European household conditions has demonstrated that increasing
photovoltaic and battery capacities raises self-consumption and self-sufficiency only within practical
limits, while very high levels of energy independence can require substantial system oversizing (Sheak
& Risha, 2022; Quoilin et al., 2016). This finding is important for grid-connected systems because
complete electrical independence is not necessarily the primary objective of renewable-energy
integration. Grid connection allows photovoltaic-battery installations to exchange electricity with the
network when this is technically or economically appropriate, while storage can moderate the timing
and magnitude of those exchanges. The resulting system can therefore function as a flexible distributed-
energy resource rather than merely as a local generation unit. From a power-system perspective,
coordinated PV-BESS operation can reduce peak imports, absorb midday photovoltaic surpluses,
decrease abrupt variations in grid exchange, and provide controllable energy during periods when
renewable generation is unavailable. These functions depend on accurate measurement of photovoltaic
production, load demand, battery conditions, and grid interaction, together with an energy-
management mechanism capable of determining appropriate operating actions. The literature
consequently establishes grid-connected PV-BESS architecture as a multidimensional integration
problem involving system configuration, battery utilization, renewable-energy capture, demand
matching, and controlled grid exchange, providing the technical foundation for examining predictive
energy management, intelligent storage operation, multi-objective optimization, and optimal power
flow within the broader framework of this study.

Machine Learning in PV-BESS Systems

Machine learning-based predictive energy management in grid-connected photovoltaic-battery energy
storage systems is centered on the ability to anticipate uncertain operating conditions before control
actions are taken. The predictive layer of an energy management system converts historical and real-
time measurements into estimates of photovoltaic generation, electricity demand, weather-dependent
variability, and operational states that determine how energy should be allocated among local loads,
battery storage, and the utility grid. For photovoltaic systems, forecasting accuracy is important
because solar output changes rapidly under variable cloud conditions and forecast errors can influence
battery charging schedules, grid imports, export levels, and reserve availability. Short-term
photovoltaic forecasting has therefore been approached through classification and pattern-recognition
methods that distinguish weather conditions before estimating expected power production. Support
vector machine-based weather-status recognition has shown how solar-irradiance features can
categorize operating conditions and improve short-term PV forecasting models, illustrating the value
of machine learning for transforming meteorological variability into actionable power estimates
(Rashedul & Kaium, 2022; Wang et al., 2015). Nonparametric learning has also been applied to
photovoltaic forecasting through quantile regression forests, which can use numerical weather
predictions together with measured plant output without requiring a fixed parametric representation
of the PV conversion process (Almeida et al., 2015; Chowdhury & Tonay, 2022). These approaches
are relevant to predictive energy management because a PV-BESS controller must decide how much
energy can reasonably be expected from the photovoltaic array before determining charging,
discharging, import, or export actions. Prediction thus functions as an information layer rather than an
isolated analytical task. When forecasts are incorporated into supervisory control, the energy
management system can anticipate renewable surplus, demand peaks, or insufficient solar generation
and prepare the battery accordingly. The quality of predictive information affects the timing and
feasibility of storage and grid-interaction decisions, making machine learning-based forecasting a
foundational component of intelligent PV-BESS energy management across changing operating
conditions.

Predictive energy management becomes more complex when photovoltaic forecasts are combined with
electricity-demand forecasts, tariff information, battery constraints, and real-time deviations from
expected operating conditions. In a grid-connected PV-BESS, the controller must reconcile predicted
solar production with anticipated load while preserving sufficient battery capacity and respecting
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charging and discharging limits. Forecast-informed dispatch provides a way to convert prediction into
operational schedules. Research on photovoltaic-battery dispatch has demonstrated that solar and load
forecasts can be embedded in an optimization routine to establish battery-discharge targets for
reducing peak demand, while forecast errors can be managed through repeated adjustment of the
dispatch schedule as actual conditions become known (Hanna et al., 2014; Hossan, 2022). This type
of control highlights an important characteristic of predictive energy management: the initial schedule
is not static, because forecast information can be updated and corrective decisions can be taken when
actual PV production or demand differs from expectations. Machine learning adds further adaptability
by learning decision policies from repeated interactions with uncertain system states. Deep
reinforcement learning has been applied to real-time energy purchasing in storage-integrated
photovoltaic systems where solar generation, electricity demand, market prices, and nonlinear battery
behavior jointly affect the control problem. By mapping observed system conditions to charging,
discharging, and grid-purchase actions, reinforcement-learning agents can support adaptive decisions
without solving a complete conventional optimization model (Kolodziejczyk et al., 2021; Kaniz,
2022). This capability is relevant when electricity prices, demand, and renewable output vary
simultaneously. Predictive management must combine anticipatory information with responsive
control. Forecasts provide estimates of what is likely to occur, while adaptive learning mechanisms
determine how the system should react when those estimates interact with actual battery and grid
conditions. The integration of these functions allows predictive energy management to move beyond
generation forecasting and become a coordinated decision process linking data, uncertainty,
scheduling, and real-time operation.

Figure 3: Machine Learning-Based Predictive Energy Management Framework for Grid-Connected
PV-BESS Systems

DATA INPUTS MACHINE LEARNING PREDICTION LAYER SYSTEM COMPONENTS
Q PY Generation PV Gemration Ferecast ’
oy % W/ 2 | 25 Py

ﬂ Load Demard Forecast |
m L2ad Demand - -
% History ML Nadels @ visarar & Condition Foescint = =S Battery Storaga
(ANN, SV, RF, .

Weather LSTM e2) ] 7
Q Mtermitin ® utwre System States

Electricy Price / [ 1 ﬁ Local Leod
G PREDICTIVE & ADAPTIVE CONTROL LAYER = e

> - ; , |

Battery State = > | | ¢ \ ’ ) )

a (S0C, Uit 9. = | @;{‘ Be + i T e b I S ﬁ Uity Grid
;"'"*" Iebsptive Leyming Decaice Actons febTime | |
< " rformed . Kharge J Dis L —
x o -_ S _. R = . ; — i — -V_A —p Discharge
3 g el
FEEDBACK & LEARNING LOOP L » _"""
L & Te o
«h
Actisy! System Update Da & Irgpesne Pradictions
| Purformance | Learnieg Viodels J | & Deaciviorn

Machine learning-based predictive energy management also integrates forecasting and control within
a common data-driven architecture rather than treating them as independent stages. In such an
architecture, PV production, facility demand, electricity prices, weather information, battery state
variables, and control actions can be used jointly to estimate system conditions and determine
subsequent decisions. Deep learning is suitable for this arrangement because sequential neural-
network structures can capture temporal dependencies in load and renewable-generation data, while
reinforcement learning can translate predicted or observed states into operational actions. PV-battery
research has combined load forecasting with deep reinforcement learning in a home energy
management system, using convolutional and long short-term memory networks to strengthen
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demand prediction and reinforcement-learning agents to control battery operation under objectives
related to electricity cost and photovoltaic self-consumption (Nishat & Kaniz, 2022; Real et al., 2024).
This integration demonstrates how predictive energy management can link forecasting accuracy with
the operational value of stored renewable energy. For the present study, machine learning-based
predictive energy management can be conceptualized as a multidimensional technical capability. It
includes prediction of photovoltaic output and electricity demand, recognition of changing system
conditions, incorporation of tariff or grid information, forecast-informed scheduling, and adaptive
revision of energy decisions. Within a cross-sectional case-study design, these capabilities can be
measured in practice through respondents' assessments of how machine learning supports prediction,
scheduling, and real-time coordination in PV-BESS environments. Two systems may contain similar
photovoltaic and battery capacities while differing in the sophistication of their predictive control. A
system that forecasts renewable generation but does not integrate forecasts into battery or grid
decisions exhibits a lower level of predictive energy-management capability than one in which
prediction continuously informs dispatch. The construct captures the extent to which machine learning
converts uncertain operational data into anticipatory and adaptive energy-management decisions
across the interconnected PV, battery, load, and grid components.

Multi-Objective Energy Optimization

Multi-objective energy optimization in grid-connected photovoltaic-battery energy storage systems is
concerned with coordinating several competing technical, economic, environmental, and operational
objectives within a single decision structure. Unlike single-objective scheduling, which may prioritize
only electricity cost or renewable-energy utilization, multi-objective management recognizes that
improving one performance criterion can adversely affect another. A strategy that aggressively
discharges the battery during high-price periods may reduce purchased electricity but increase cycling-
related degradation, while a strategy that preserves battery life may leave more photovoltaic surplus
available for export or curtailment. The optimization problem therefore includes decision variables
associated with battery capacity, charging and discharging power, state of charge, grid import and
export, renewable-energy utilization, and network operating constraints. In grid-connected microgrids,
battery sizing can be formulated as a multi-objective problem because storage capacity affects daily
operating cost, emissions, system flexibility, and the extent to which variable renewable resources can
be accommodated. A combined particle swarm optimization and TOPSIS framework has demonstrated
that battery sizing decisions can be evaluated through explicit trade-offs between competing objectives
rather than through a single economic criterion (Parashar et al., 2019; Shaiful et al., 2022). This
perspective is particularly relevant to PV-BESS systems because the battery operates as both an energy-
shifting device and a constrained asset whose value depends on when, how deeply, and how frequently
it is used. Multi-objective optimization consequently provides a mechanism for identifying balanced
operating points among cost reduction, renewable-energy absorption, peak-demand mitigation,
emission reduction, and storage preservation. Pareto-based solutions are important because they
represent alternative operating combinations in which improvement in one objective cannot occur
without deterioration in another. For intelligent energy management, the optimization task is therefore
not simply to find the lowest-cost schedule, but to determine operational compromises that respect
battery limitations while supporting efficient interaction among photovoltaic generation, local demand,
storage, and the utility grid and performance.

Intelligent battery energy storage management extends multi-objective optimization by incorporating
the physical behavior and ageing characteristics of the storage device into scheduling and sizing
decisions. Battery performance is governed by state of charge, depth of discharge, charging and
discharging rates, round-trip efficiency, temperature, usable capacity, and state of health, all of which
influence the feasible operating range of a PV-BESS system. Storage optimization that ignores
degradation can select schedules that appear economically attractive but impose excessive cycling or
high stress on the battery, increasing replacement requirements and reducing system value.
Degradation-aware sizing research has therefore treated ageing as an explicit component of renewable-
energy integration, showing that optimal battery capacity should depend on the required power
profile, cycle depth, C-rate, calendar ageing, and the fraction of battery life consumed by repeated
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operation (Mohammad, 2023; Torre et al., 2019). The importance of degradation modelling also
extends to daily energy management. Comparative analysis of battery ageing models in a grid-
connected DC microgrid has shown that simplified degradation representations can materially change
the calculated state-of-charge trajectory, operating cost, and dispatch schedule, demonstrating that
battery models are not neutral elements within optimization (Debasish, 2023; Wang et al., 2020).
Intelligent battery management must consequently coordinate energy objectives with preservation of
the storage asset. In a grid-connected PV-BESS, this means selecting charging and discharging actions
that absorb solar surplus, serve demand, maintain reserve availability, and avoid electrochemical
stress. Battery intelligence also requires the energy-management system to recognize that identical
amounts of discharged energy can impose different levels of degradation depending on depth of
discharge, temperature, power rate, and cycling pattern. Incorporating these factors into optimization
allows the battery to be treated as a dynamic resource with changing health rather than as an ideal
energy container with fixed efficiency and unlimited cycling capability, strengthening the technical
realism of PV-BESS management.

Figure 4: Multi-Objective Energy Optimization and Intelligent Battery Energy Storage
Management in PV-BESS Systems
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Integrating multi-objective optimization with battery-aware energy management matters when PV-
BESS systems are required to balance economic performance, renewable-energy utilization, grid-
support objectives, and storage longevity simultaneously. Grid-connected hybrid PV-battery
optimization has demonstrated that annualized cost, greenhouse-gas emissions, peak-to-average grid-
energy ratios, outage conditions, and battery degradation can be included within a common system-
design problem, allowing decision makers to examine how alternative configurations redistribute
performance across criteria (Kaium, 2023; Tikkiwal et al., 2021). Such formulations illustrate why
intelligent battery management should not be isolated from broader energy optimization. The battery
is the principal flexible resource connecting daytime photovoltaic production with later demand, yet
every charging or discharging action alters the present energy balance and the remaining capability of
the storage system. A well-structured optimization process must consider the value obtained from
battery use against the physical cost of degradation. Recent research has treated state of health as an
additional performance indicator for selecting among Pareto-optimal energy-system schedules,
demonstrating that solutions with similar economic or environmental performance can impose
different effects on battery condition (Jin et al., 2024; Pervaz, 2023). For this research, multi-objective
energy optimization and intelligent battery energy storage management are treated as related but
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distinguishable capabilities. Multi-objective energy optimization represents the system-level ability to
balance cost, losses, peak demand, renewable utilization, emissions, and competing goals, whereas
intelligent battery management represents the storage-specific ability to regulate state of charge,
charging and discharging, reserve levels, cycling intensity, and degradation within those decisions.
Their interaction is central to grid-connected PV-BESS operation because optimization determines what
the integrated energy system seeks to achieve, while battery management defines how much flexibility
can be supplied without violating technical limits or accelerating storage deterioration. Measuring
these capabilities separately allows the study to examine whether stronger optimization and battery-
management practices are associated with higher levels of grid resilience and renewable energy
integration performance.

Machine Learning-Assisted and Power-System Performance

Machine learning-assisted optimal power flow has emerged as an important analytical approach for
managing increasingly complex power networks in which renewable generation, battery storage,
variable demand, and inverter-interfaced resources must be coordinated under strict electrical
constraints. Optimal power flow traditionally determines the operating values of controllable system
variables that minimize an objective such as generation cost, network loss, or voltage deviation while
satisfying active-power balance, reactive-power balance, generator limits, voltage limits, thermal line
ratings, and other network constraints. The alternating-current formulation is particularly demanding
because its nonlinear and nonconvex structure can require iterative numerical procedures that become
computationally expensive as system size and operating uncertainty increase. In grid-connected
photovoltaic-battery energy storage systems, this complexity is intensified because photovoltaic
injections vary with weather, batteries can function as both loads and sources, and power exchange
with the utility network changes according to demand, state of charge, and operational objectives.
Machine learning can support OPF by learning mappings between network conditions and high-
quality operating solutions, thereby reducing the time required to generate dispatch decisions.
Constraint-guided deep neural networks have been developed to classify feasible and infeasible AC-
OPF conditions, predict operating solutions, and use output normalization and post-processing
procedures to improve compliance with generator and network limits (Lotfi & Pirnia, 2022;
Chowdhury, 2023). A related development is the incorporation of physical power-flow equations
directly into neural-network training. Physics-informed neural networks can use engineering
knowledge to reduce dependence on very large labeled datasets while decreasing constraint violations
and preserving the quality of predicted AC-OPF solutions (Badrul & Mominul, 2023; Nellikkath &
Chatzivasileiadis, 2022). These approaches show that ML-assisted OPF is not merely a computational
shortcut, because effective learning models must preserve the electrical feasibility, security
requirements, and operating limits that determine whether a predicted dispatch can be safely
implemented in an actual grid-connected PV-BESS environment across diverse real-world grid
operating scenarios.

The importance of ML-assisted OPF becomes greater when renewable-energy uncertainty is
incorporated into real-time power-system operation. Photovoltaic output can change rapidly, while
electricity demand, local generation, battery charging, and battery discharging introduce uncertainty
into nodal power injections. Deterministic operating points may therefore become unsuitable when
actual conditions depart from the values assumed during optimization. Stochastic optimal power flow
addresses this problem by representing uncertainty explicitly and seeking operating policies that
remain technically acceptable across a range of possible conditions. Deep neural-network policies have
been proposed for stochastic AC-OPF in which the learning model predicts generator dispatch in
response to uncertain load and renewable injections while chance constraints and primal-dual training
mechanisms are used to maintain operating limits (Gupta et al., 2022; Nishat, 2023). Such methods
are relevant to grid-connected PV-BESS systems because the battery can provide a flexible response to
forecast deviations, voltage conditions, renewable fluctuations, and changing grid requirements. The
resulting operational performance is connected to resilience because rapid and feasible redispatch can
help preserve electricity supply when the network experiences abnormal or disrupted conditions.
Distributed PV and battery storage can also contribute directly to resilience when they are organized
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through coordinated microgrid structures. Networked microgrid research has shown that rooftop
photovoltaic generation and battery energy storage can support distribution systems during natural-
disaster scenarios by supplying power during outages, improving bus-voltage conditions, and
reducing the number of customers affected by interruptions (Ashrafuzzaman, 2024; Galvan et al.,
2020). These findings indicate that resilient performance depends on more than the physical presence
of renewable generation and storage. It also depends on whether distributed resources can be
scheduled, dispatched, and reconfigured in accordance with network constraints. ML-assisted OPF
therefore provides a mechanism for linking the flexibility of PV-BESS resources with secure network
operation by identifying feasible power-flow decisions under changing operating states, uncertainty,
and disturbance conditions.

Figure 5: Machine Learning-Assisted Optimal Power Flow, Grid Resilience, and Power-System
Performance
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Grid resilience provides a criterion for evaluating whether machine learning-assisted energy and
power-flow management improves the capacity of PV-BESS-supported networks to sustain service
during disruptive events. A resilient electricity system should be able to recognize adverse operating
conditions, absorb or withstand disturbance effects, adapt available resources, maintain priority loads,
and restore stable operation after the event. In systems, these capabilities depend on generation,
storage, controls, communications, network configuration, and operating decisions across system
components. Microgrid resilience research has emphasized that physical threats, cyber vulnerabilities,
local generation, storage availability, control infrastructure, and mitigation strategies must be assessed
together because a microgrid can provide backup and flexible operation only when its own technical
and communication functions remain capable of supporting critical loads (Debasish, 2024; Mishra et
al., 2020). For grid-connected PV-BESS systems, this perspective positions optimal power flow as an
operational link between renewable-energy availability and resilient network performance. Machine
learning can accelerate the identification of suitable control actions, while AC-OPF constraints ensure
that those actions remain compatible with voltage, power balance, generation, and line-flow
requirements. Battery storage contributes controllability because charging can absorb photovoltaic
surplus and discharging can support local demand or critical buses when grid conditions deteriorate.
The combination of predictive intelligence, storage flexibility, and network-constrained optimization
can therefore be assessed through observable performance dimensions such as rapid power-flow
adjustment, voltage stabilization, reduction of overloaded conditions, continuity of electricity supply,
efficient utilization of renewable energy, and adaptive response to disturbances. Within the present
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quantitative study, machine learning-assisted optimal power flow is consequently treated as a distinct
explanatory capability rather than as a purely mathematical algorithm. Its measurement concerns the
extent to which data-driven methods support feasible and network-aware operating decisions, while
grid resilience and renewable-energy integration performance represent the broader system outcomes
associated with coordinated PV generation, battery storage, and grid interaction.

Theoretical Framework

Dynamic Capabilities Theory provides an appropriate theoretical foundation for this study because
grid-connected photovoltaic-battery energy storage systems operate in conditions characterized by
variability, uncertainty, continuous information exchange, and the need for repeated operational
adaptation. Dynamic capabilities describe the capacity to integrate, develop, deploy, and reconfigure
competencies and resources in response to changing environments. The framework is commonly
organized around three interrelated processes: sensing, seizing, and reconfiguring. Sensing concerns
identifying changes, opportunities, risks, and relevant information; seizing concerns selecting and
implementing appropriate responses; and reconfiguring concerns adjusting available resources and
operational arrangements when environmental conditions change (Rahman, 2024; Teece, 2007).
These processes correspond closely with the technological capabilities examined in this research.
Machine learning-based predictive energy management represents the sensing dimension because
forecasting algorithms process photovoltaic production, electricity demand, weather conditions,
electricity prices, battery information, and grid variables to recognize probable system states before
operational decisions are made. Multi-objective energy optimization represents an important part of
the seizing dimension because it converts available information into decisions that balance electricity
cost, renewable utilization, power losses, peak demand, battery preservation, and other operational
objectives. Intelligent battery energy storage management also supports seizing by determining when
stored electricity should be absorbed, retained, discharged, or reserved according to system conditions.
Machine learning-assisted optimal power flow represents the reconfiguring dimension because it
adjusts active and reactive power allocations, battery-grid interaction, voltage conditions, and network
operating points when power-system conditions change. Dynamic capabilities should not be
interpreted as isolated resources because their value depends on coordinated deployment and
adjustment under environmental change, while different interpretations of the theory emphasize both
organizational routines and higher-order capabilities for modifying resource configurations (Kaium,
2024; Peteraf et al., 2013). Within the technical setting of this research, the underlying theoretical
structure can be represented through the relationship DC = £ (S, Se, R), where DC represents dynamic
capability, S represents sensing, Se represents seizing, and R represents reconfiguring. For the PV-BESS
context, sensing is operationalized primarily through ML-based prediction, seizing through multi-
objective optimization and intelligent battery control, and reconfiguring through ML-assisted OPF and
adaptive energy dispatch.

DC=f(S Se R)

The relevance of Dynamic Capabilities Theory becomes stronger when these capabilities are connected
with measurable system performance rather than treated as abstract technological characteristics.
Dynamic capability research indicates that the possession of adaptive processes does not automatically
produce superior performance because the effectiveness of those capabilities depends on their
alignment with organizational structures, environmental conditions, decision processes, and the
resources being transformed (Shakhawat & Md, 2024; Wilden et al., 2013). An equivalent logic can
be applied to grid-connected PV-BESS operation. Merely installing machine-learning software,
photovoltaic capacity, or battery storage does not establish effective adaptive energy management. The
system must transform data into predictions, predictions into coordinated decisions, decisions into
feasible storage actions, and storage actions into network-compatible power-flow adjustments.
Electrical-energy digitalization research has similarly demonstrated that sensing, seizing, and
transforming capabilities are relevant to energy providers operating in increasingly digitalized
environments characterized by distributed renewable resources, data-intensive services, and changing
grid structures (Idries et al., 2022; Nishat & Jahanara, 2024). In the present study, this theoretical
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sequence allows the four independent variables to be treated as complementary adaptive capabilities
rather than unrelated technical functions. Machine learning-based predictive energy management
senses variation in renewable production and electricity demand. Multi-objective energy optimization
seizes available operational opportunities by selecting solutions among competing objectives.
Intelligent battery energy storage management mobilizes flexible stored energy while respecting state-
of-charge, state-of-health, charging, discharging, and degradation constraints. Machine learning-
assisted optimal power flow reconfigures network operating conditions by identifying feasible
distributions of active and reactive power. The theoretical expectation is that stronger development of
these capabilities will be associated with stronger grid resilience and renewable energy integration
performance. This relationship is expressed through the central empirical model maintained
throughout the study: GRRI_i = beta_0 + beta_1 MLPEM_i + beta_2 MOO_i + beta_3 IBESS_i + beta_4
MLOPE_i + epsilon_i, where GRRI_i represents Grid Resilience and Renewable Energy Integration
Performance for observation i, MLPEM_i represents Machine Learning-Based Predictive Energy
Management, MOO_i represents Multi-Objective Energy Optimization, IBESS_i represents Intelligent
Battery Energy Storage Management, MLOPF_i represents Machine Learning-Assisted Optimal Power
Flow, beta_0 is the regression constant, beta_1 to beta_4 represent the estimated effects of the
explanatory constructs, and epsilon_i represents unexplained variation.
GRRI; = B, + ByMLPEM; + B,MOO; + B5IBESS; + B:MLOPF; + &

Dynamic Capabilities Theory also provides a coherent explanation for why adaptation is particularly
important in renewable-intensive electricity systems. Photovoltaic generation, electrical demand,
battery availability, electricity prices, and network conditions are not permanently fixed, meaning that
operational resources must repeatedly be reassessed and reconfigured. Research examining transitions
toward renewable-energy activities has shown that sensing, seizing, and reconfiguring operate as
interconnected capabilities through which organizations identify renewable opportunities, mobilize
knowledge and resources, and transform established operating arrangements (Hermundsdottir et al.,

2024; Tonay et al., 2024).

Figure 6: Dynamic Capabilities Theory for Intelligent and Adaptive Energy Management in Grid-
Connected PV-BESS Systems
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In a grid-connected PV-BESS, an analogous adaptive sequence occurs at the operational level. The
system first senses a potential condition, such as predicted photovoltaic surplus, increased evening
demand, low battery reserve, voltage variation, or a disturbance affecting network operation. It then
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seizes the available response through an optimization decision, such as storing surplus electricity,
limiting grid import, preserving battery energy, reducing peak demand, or changing the preferred
energy-dispatch schedule. Finally, it reconfigures resource operation through battery charging or
discharging and network-feasible power-flow adjustment. This sequence provides the theoretical
mechanism connecting the study's independent and dependent variables. Grid resilience reflects the
ability to maintain, adapt, and restore acceptable operating performance under changing or disruptive
conditions, while renewable energy integration reflects the ability to accommodate and utilize variable
photovoltaic generation without compromising electrical constraints. The four explanatory capabilities
can therefore be interpreted as operational manifestations of dynamic capability: MLPEM provides
anticipatory sensing, MOO provides multi-criteria decision selection, IBESS provides flexible resource
mobilization, and MLOPF provides network-level operational reconfiguration. The regression
equation adopted in this framework enables these theoretical relationships to be tested quantitatively
using the cross-sectional case-study data. Positive and statistically significant coefficients for beta_1,
beta_2, beta_3, and beta_4 would support the hypothesized association between stronger adaptive
capabilities and higher GRRI performance, while the coefficient of determination, R*2, will indicate
how much observed variation in GRRI is collectively accounted for by the four capability constructs.
Conceptual Framework

The conceptual framework of this study integrates machine learning-based predictive energy
management, multi-objective energy optimization, intelligent battery energy storage management, and
machine learning-assisted optimal power flow as four complementary explanatory capabilities
affecting Grid Resilience and Renewable Energy Integration Performance in grid-connected
photovoltaic-battery energy storage systems. The framework is based on the premise that PV-BESS
performance cannot be represented adequately by a single technical function because effective
operation depends simultaneously on prediction, optimization, storage flexibility, and network-
feasible power-flow control. Grid-connected PV-battery planning literature identifies energy-
management strategy, technical constraints, pricing structures, system sizing, and optimization
objectives as interconnected determinants of overall system performance, confirming that planning and
operation should be considered within a coordinated framework rather than as isolated design choices
(Khezri et al., 2022; Uddin & Risha, 2024). Within the present model, Machine Learning-Based
Predictive Energy Management (MLPEM) represents the capability to anticipate photovoltaic
generation, load demand, electricity-price conditions, and other operational states; Multi-Objective
Energy Optimization (MOO) represents the ability to balance competing economic, technical,
environmental, and renewable-energy objectives; Intelligent Battery Energy Storage Management
(IBESS) represents the ability to coordinate charging, discharging, state of charge, reserve availability,
and battery preservation; and Machine Learning-Assisted Optimal Power Flow (MLOPF) represents
the capability to generate network-aware operating decisions under voltage, power-balance,
congestion, and line-flow constraints. Evidence from low-voltage distribution systems indicates that
deep-learning-based PV forecasting combined with battery control can reduce congestion and
overvoltage problems while improving PV hosting capability, directly illustrating how prediction and
storage coordination can influence renewable integration at the network level (Debasish, 2025a;
Shabbir et al., 2024). The conceptual relationship can therefore be expressed as GRRI = {(MLPEM,
MOO, IBESS, MLOPF), where GRRI denotes Grid Resilience and Renewable Energy Integration
Performance and the four explanatory variables represent distinct but mutually reinforcing operational
capabilities. This integrated structure allows the study to examine each capability without ignoring
system-level coordination.

GRRI = f(MLPEM, MOO, IBESS, MLOPF)

The framework further assumes that the four independent constructs contribute to GRRI through
different but interconnected operational mechanisms. MLPEM reduces informational uncertainty by
converting historical and real-time data into forecasts that improve anticipation of renewable
availability, demand conditions, electricity prices, and relevant system states. MOO then transforms
these forecasts and operating requirements into decisions that balance several objectives, including
energy-loss reduction, electricity-cost control, renewable-energy utilization, voltage performance,
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peak-demand management, and reduction of unnecessary grid purchases. Recent microgrid
optimization research has demonstrated the practical compatibility of machine-learning forecasting,
battery storage, and fuzzy multi-objective optimization within a distribution-network environment,
where forecasted meteorological and load information was incorporated with storage decisions to
address energy losses, voltage deviations, and purchased-power costs simultaneously (Debasish,
2025b; Duan et al., 2024). IBESS adds temporal and operational flexibility by controlling when
electricity is stored, retained, or released, thereby connecting predicted conditions and optimization
objectives with actual energy availability. MLOPF provides the network-feasibility layer by
determining how these resource-management decisions interact with electrical constraints and
network power-flow requirements. Grid resilience is incorporated into the dependent construct
because renewable generation and battery storage can provide operational support during disruptions
when they are appropriately sized, positioned, and coordinated. Multi-objective network-planning
research combining renewable resources, BESS capacity, system costs, demand response, and resilience
indicators has demonstrated that battery deployment can materially affect both economic and
performance-related dimensions of grid resilience (Jannatul, 2025; Shafiei et al., 2024). For empirical
testing, the conceptual framework is translated into the multiple-regression model GRRI_i = beta_0 +
beta_1 MLPEM_i + beta_2 MOOQO_i + beta_3 IBESS_i + beta_4 MLOPF_i + epsilon_i, where beta_0
represents the regression intercept, beta_1 through beta_4 represent the unique predictive effects of the
four independent constructs, and epsilon_i represents unexplained variation in GRRI.

Figure 7: Conceptual Framework of ML-Driven PV-BESS Optimization and Grid Resilience
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This formulation creates direct statistical correspondence between the conceptual framework, research
hypotheses, questionnaire constructs, and planned quantitative analysis. It also permits hypothesis
testing at both individual-predictor and collective-model levels within one consistent analytical
specification for the overall study.
GRRI; = By + BiMLPEM; + B,MOO; + B5IBESS; + By MLOPF; + &

The final structure of the conceptual framework treats grid resilience and renewable energy integration
as an integrated performance outcome because the operational objectives of a grid-connected PV-BESS
frequently overlap. Increasing renewable-energy utilization may require the battery to absorb
photovoltaic surplus during periods of high solar production, while resilience requirements may
require a portion of stored electricity to remain available for outages, disturbances, peak-demand
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periods, or other stressed network conditions. These requirements can create trade-offs between
immediate economic flexibility and preparedness for unexpected system disruptions. Research on PV-
battery-equipped buildings has demonstrated that scheduling strategies can explicitly balance
flexibility and resilience by incorporating outage-risk information into battery state-of-charge
decisions, showing that storage allocation influences both normal-operation efficiency and the ability
to maintain electricity service during disruptions (Liang et al., 2024; Rahman, 2025). Accordingly,
GRRI is defined in this research as the perceived system capability to accommodate and efficiently
utilize photovoltaic energy while maintaining flexible, stable, disturbance-responsive, reliable, and
network-compatible operation. The conceptual framework predicts positive direct relationships
between the four independent constructs and GRRI. H1 predicts beta_1 > 0, H2 predicts beta_2 > 0, H3
predicts beta_3 >0, and H4 predicts beta_4 > 0. The collective relationship underlying H5 is represented
through R*2 > 0, F_model > 0, and p < .05, where R"2 represents the proportion of variation in GRRI
explained collectively by MLPEM, MOO, IBESS, and MLOPF, while the overall F-test determines
whether the regression model provides statistically significant explanatory power. The conceptual
framework therefore aligns directly with Likert-scale measurement, descriptive statistics, Pearson
correlation analysis, and multiple regression modeling. Its operational sequence assumes that
predictive intelligence strengthens awareness of changing system conditions, multi-objective
optimization evaluates competing operational priorities, intelligent storage management supplies
temporal energy flexibility, and ML-assisted OPF converts those decisions into network-feasible
power-system operation. Grid-connected PV-BESS planning research supports treating resilience, grid
dependency, technical constraints, optimization criteria, and energy management as interconnected
system considerations rather than independent design elements (Khezri et al., 2022; Arif Uz et al.,
2025), while integrated machine-learning and multi-objective models demonstrate the value of
coordinating forecast information with storage and network objectives (Duan et al., 2024; Kaium,
2025). The resulting framework provides the structure for determining which capability has the
strongest statistical relationship with resilient renewable-energy integration across the selected PV-
BESS case environments as designed.

HI-'ﬂI >0 H2ﬂ2>0 H3ﬁ3>0 H4ﬂ4>0
Hs: R?> 0, F model > 0, p <.05

METHODS

This study has adopted a quantitative, cross-sectional, case-study-based research design to examine the
relationships among machine learning-based predictive energy management, multi-objective energy
optimization, intelligent battery energy storage management, machine learning-assisted optimal power
flow, and grid resilience and renewable energy integration performance in grid-connected
photovoltaic-battery energy storage systems. The case-study context has included selected grid-
connected PV-BESS environments in which renewable generation, battery storage, energy
management, and grid-interaction practices have been relevant to system operation. The study
population has consisted of power-system engineers, electrical engineers, renewable-energy specialists,
battery-storage professionals, grid operators, energy managers, smart-grid specialists, and machine-
learning professionals with relevant experience in PV-BESS or intelligent energy systems. The
professional respondent has been treated as the primary unit of analysis. A purposive sampling
strategy has been used to select respondents who have possessed adequate technical knowledge and
practical exposure to the investigated systems. Data have been collected through a structured
questionnaire administered using a five-point Likert scale ranging from 1 = Strongly Disagree to 5 =
Strongly Agree. The instrument has been designed around five constructs: MLPEM, MOO, IBESS,
MLOPF, and GRRI. A pilot test has been conducted before the main survey to identify ambiguous items
and improve questionnaire clarity. Content validity has been assessed through expert review, while
construct consistency and internal reliability have been evaluated using Cronbach's alpha, with values
of .70 or above considered acceptable. The collected data have been screened, coded, and analyzed
using IBM SPSS Statistics. Descriptive statistics, Pearson correlation analysis, and multiple regression
modeling have been applied to test the research objectives and hypotheses. Microsoft Excel has been
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used for preliminary data organization, while EndNote has been used to organize references and
maintain APA 7th edition citation consistency throughout the research, and Microsoft Word has been
used for manuscript preparation and final formatting.

Figure 8: Research Methodology
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DATA ANALYSIS AND PRESENTATION
Questionnaire Distribution and Respondent Profile
Table 1: Questionnaire Distribution and Respondent Profile

Category Classification Frequency  Percentage

(n) (%)
Questionnaire Distributed 330 100.0
Status
Returned 305 92.4
Incomplete/Excluded 9 2.7
Usable Responses 296 89.7
Professional Power/Electrical Engineer 82 27.7
Role
Renewable Energy/PV Specialist 61 20.6
Battery/Energy Storage Specialist 47 15.9
Grid/ Utility Professional 42 14.2
Energy Manager 34 11.5
ML/Smart-Grid Specialist 30 10.1
I;r)‘(’lfzi‘r’zzl 1-5 years 74 25.0
6-10 years 89 30.1
11-15 years 71 24.0
More than 15 years 62 209
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The questionnaire distribution and respondent-profile results have established a sufficiently broad
empirical foundation for evaluating machine learning-driven energy management and optimal power
flow in grid-connected photovoltaic-battery energy storage systems. Of the 330 questionnaires that
have been distributed, 305 have been returned, representing a gross response rate of 92.4%. Following
data screening, nine questionnaires have been excluded because they have contained incomplete or
unusable responses, left 296 valid questionnaires and produced a usable response rate of 89.7%. This
response level has provided an adequate quantitative dataset for descriptive statistics, reliability
testing, correlation analysis, and multiple regression modeling. The professional composition has also
demonstrated relevant technical diversity. Power and electrical engineers have represented the largest
group at 27.7%, followed by renewable-energy and PV specialists at 20.6%, battery and energy-storage
specialists at 15.9%, grid and utility professionals at 14.2%, energy managers at 11.5%, and machine-
learning or smart-grid specialists at 10.1%. The distribution has therefore incorporated respondents
with direct knowledge of photovoltaic generation, battery operation, grid interaction, optimization,
and data-driven energy management. Experience levels have been similarly distributed, with 30.1%
having six to ten years of professional experience, 25.0% having one to five years, 24.0% having eleven
to fifteen years, and 20.9% having more than fifteen years. The respondent characteristics have
strengthened the case-study context because the unit of analysis has consisted of technically informed
professionals rather than general electricity consumers. From the perspective of Dynamic Capabilities
Theory, this professional composition has been particularly relevant because sensing, seizing, and
reconfiguring capabilities have required knowledge of operational data, resource allocation, storage
flexibility, and network control. The respondent profile has therefore supported the study's objective
of quantitatively assessing adaptive ML-driven PV-BESS capabilities within technically relevant
operational environments.

Reliability and Descriptive Statistics of the Study Constructs
Table 2: Reliability and Descriptive Statistics of the Study Constructs
Construct Code Items Alpha Mean SD Rating

Machine Learning-Based

Predictive Energy Management MLPEM 5 88 411058 High
Multi-Objective Energy MOO 5 89 416 055 High
Optimization

Intelligent Battery Energy ppeg 5 84 408 061 High

Storage Management
Machine Learning-Assisted .
Optimal Power Flow MLOPF 5 91 413 057 High
Grid Resilience and Renewable GRRI 5 90 118 054 High

Energy Integration Performance
Overall Instrument 25 93 413 057 High

Likert interpretation: 1.00-1.80 = Very Low, 1.81-2.60 = Low, 2.61-3.40 = Moderate, 3.41-4.20 = High, 4.21-
5.00 = Very High.

The reliability and descriptive analysis have confirmed that the measurement instrument has achieved
strong internal consistency and that respondents have evaluated all five study constructs positively.
Cronbach's alpha values have ranged from .84 for Intelligent Battery Energy Storage Management to
91 for Machine Learning-Assisted Optimal Power Flow, while the overall 25-item instrument has
achieved alpha = .93. All coefficients have therefore exceeded the commonly accepted .70 threshold,
demonstrating that the items within each construct have measured sufficiently consistent dimensions
of the underlying variables. The descriptive results have also shown that all constructs have fallen
within the high range of the five-point Likert scale. Grid Resilience and Renewable Energy Integration
Performance has obtained the highest overall mean, M = 4.18, SD = 0.54, indicating that respondents
have perceived strong system capability in renewable utilization, operational flexibility, disturbance
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response, and grid-support performance. Multi-Objective Energy Optimization has recorded the
highest independent-variable mean, M = 4.16, SD = 0.55, followed by Machine Learning-Assisted
Optimal Power Flow, M = 4.13, SD = 0.57, Machine Learning-Based Predictive Energy Management, M
= 411, SD = 0.58, and Intelligent Battery Energy Storage Management, M = 4.08, SD = 0.61. The
relatively small standard deviations have suggested reasonable agreement among respondents. These
findings have fulfilled the descriptive objective of assessing the level of implementation of the four
explanatory capabilities and the dependent performance construct. The results have also aligned with
Dynamic Capabilities Theory. MLPEM has represented sensing capability, MOO and IBESS have
represented the seizing and resource-mobilization dimensions, and MLOPF has represented
operational reconfiguration. Their uniformly high scores have indicated that the examined PV-BESS
environments have exhibited a coordinated adaptive capability structure rather than isolated
technological functionality.

Machine Learning-Based Predictive Energy Management Performance
Table 3: Machine Learning-Based Predictive Energy Management Performance
MLPEM Item Mean SD  Interpretation

ML-based forecasting has improved prediction of

photovoltaic generation 415 057 High
ML-based forecasting has 1mproved electricity-demand 412 0.59 High
prediction
Predictive analyt‘lcs has sgpported electricity-price and 408 0.61 High
grid-condition assessment

Forecast information has been mcorporated into battery 411 0.56 High
and energy scheduling

ML-based predlctlYe sysjcems have §upported adaptive 409 0.60 High

real-time dispatch decisions
Overall MLPEM 411 0.58 High

The results for Machine Learning-Based Predictive Energy Management have demonstrated that
respondents have perceived a high level of predictive intelligence within the investigated grid-
connected PV-BESS environments. The highest-rated item has concerned the improvement of
photovoltaic-generation prediction through machine learning, with M = 4.15 and SD = 0.57. This result
has suggested that ML-enabled systems have been particularly useful for anticipating variable solar
production, which has represented a central source of uncertainty in photovoltaic energy management.
Electricity-demand prediction has also received a high evaluation, M = 4.12, SD = 0.59, indicating that
predictive systems have supported the anticipation of changing consumption patterns. The
incorporation of forecast information into battery and energy scheduling has recorded M = 4.11, SD =
0.56, demonstrating that forecasting has not been perceived merely as an analytical activity but has
been connected with operational decision making. Adaptive real-time dispatch has achieved M = 4.09,
SD = 0.60, while electricity-price and grid-condition assessment has obtained M = 4.08, SD = 0.61. The
overall MLPEM mean of 4.11 with SD = 0.58 has confirmed a high level of implementation. These
findings have fulfilled the research objective concerned with assessing machine learning-based
predictive energy management in grid-connected PV-BESS systems. From the Dynamic Capabilities
Theory perspective, MLPEM has represented the sensing capability because it has enabled the energy-
management system to detect and anticipate changes in PV generation, load demand, electricity prices,
and grid conditions. Strong sensing capability has been necessary before optimization and resource
reconfiguration have occurred. The high item-level means have therefore provided descriptive
evidence that the investigated systems have developed an anticipatory informational layer capable of
supporting subsequent battery scheduling, multi-objective decisions, and optimal power-flow
adjustments. This descriptive evidence has also provided an empirical foundation for testing H1 in the
inferential analysis.
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Multi-Objective Energy Optimization Performance

The Multi-Objective Energy Optimization results have indicated that the investigated systems have
achieved a high level of capability in balancing competing operational objectives. The highest-rated
statement has concerned electricity operating-cost minimization, M = 4.20, SD = 0.52, showing that
respondents have strongly recognized economic optimization as an established component of PV-BESS
energy management. Increased utilization of available photovoltaic energy has recorded M = 4.18, SD
= 0.54, while reduction of peak demand and unnecessary grid purchases has achieved M = 4.17, SD =
0.55. These values have demonstrated that optimization has extended beyond cost reduction and has
addressed the timing and utilization of renewable electricity. Reduction of power losses and efficient
energy allocation has received M = 4.14, SD = 0.57. The balancing of economic, technical,
environmental, and battery-related objectives has produced the lowest item mean within the construct,
but its value of M = 4.11, SD = 0.58 has remained firmly within the high range. The composite MOO
score of M = 4.16, SD = 0.55 has been the highest among all independent variables. This finding has
fulfilled the objective of evaluating the extent to which multi-objective optimization has been used to
coordinate several PV-BESS operating requirements simultaneously. The result has also aligned closely
with the seizing dimension of Dynamic Capabilities Theory. After ML-based sensing has identified
relevant changes in generation, demand, prices, and network conditions, multi-objective optimization
has represented the capability through which the system has selected an appropriate response among
competing alternatives. The high scores have suggested that the examined environments have not
optimized isolated outcomes alone but have increasingly coordinated economic efficiency, renewable
utilization, grid dependence, and technical performance. This descriptive evidence has supported the
theoretical expectation underlying H2 that stronger MOO capability would be positively related to Grid
Resilience and Renewable Energy Integration Performance.

Table 4: Multi-Objective Energy Optimization Performance
MOO Item Mean SD  Interpretation

Optimization has minimized electricity operating costs 4.20 0.52 High

Optimization has increased utilization of available

photovoltaic energy 418 0-54 High

Optimization has reduc?d peak demand and unnecessary 417 0.55 High
grid purchases

Optimization has. r.educed power loss‘es and supported 414 0.57 High

efficient energy allocation
Optimization has balanced economic, technical, .
environmental, and battery-related objectives 41 058 High
Overall MOO 416 0.55 High
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Intelligent Battery Energy Storage Management Performance

The Intelligent Battery Energy Storage Management results have demonstrated a consistently high
level of battery-management capability across the investigated PV-BESS cases. State-of-charge
monitoring and optimization has received the highest evaluation, M = 4.12, SD = 0.58, suggesting that
battery availability has been actively considered when energy-management decisions have been made.
Coordination of charging schedules with photovoltaic availability has followed closely at M = 4.10, SD
= 0.60, indicating that the storage systems have been used to capture renewable electricity during
periods of favorable PV production. Discharging decisions associated with peak demand and grid
requirements have recorded M = 4.08, SD = 0.62. Battery degradation and state-of-health consideration
has achieved M = 4.06, SD = 0.63, while maintenance of stored energy reserves for operational flexibility
and disturbance support has recorded M = 4.04, SD = 0.64. Although this last item has produced the
lowest mean within the construct, it has remained within the high interpretation range.

Table 5: Intelligent Battery Energy Storage Management Performance

IBESS Item Mean SD  Interpretation
Battery state of charge has 1_)ee_n effectively monitored and 412 0.58 High
optimized
Charging schedules haye bee'n C(‘)c.)rdmated with 410 0.60 High
photovoltaic availability
Discharging dec1510n§ have s'upported peak demand and 408 0.62 High
grid requirements
Battery operation has con51dered‘ <;1egradat1on and state-of- 406 0.63 High
health conditions
Stored energy reserves 'have been maintained for flexibility 404 0.64 High
and disturbance support
Overall IBESS 4.08 0.61 High

The overall IBESS score has been M = 4.08, SD = 0.61, confirming substantial implementation of
intelligent battery-management practices. These findings have fulfilled the objective of determining the
extent to which battery charging, discharging, state of charge, battery preservation, and reserve
management have been coordinated intelligently. Within Dynamic Capabilities Theory, IBESS has
represented a resource-mobilization component of the seizing process because stored energy has
functioned as a flexible resource that has been activated according to predicted and observed system
conditions. The results have suggested that the battery has not been treated simply as installed capacity
but has been actively managed as a strategic operational resource. This has been important for
renewable integration because storage has absorbed temporal mismatches between PV generation and
load demand, while it has also supported resilience by retaining energy that can be mobilized under
stressed conditions. The high descriptive performance has provided the empirical basis for testing H3.

Machine Learning-Assisted Optimal Power Flow Performance
Table 6: Machine Learning-Assisted Optimal Power Flow Performance

MLOPEF Item Mean SD  Interpretation
ML-assisted OPF has 1mprpveq real-time power-flow 418 0.53 High
optimization
ML-assisted OPF has supported acceptable voltage profiles  4.15 0.55 High
ML-assisted OPF has 1mprovec'i active and reactive power 413 0.57 High
allocation

ML-assisted OPF has reduced network congestion and

power losses 4.11 0.59 High
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MLOPF Item Mean SD  Interpretation
ML-assisted OPF has ellccelera}tgd network-feasible 408 0.61 High
operating decisions
Overall MLOPF 413 0.57 High

Machine Learning-Assisted Optimal Power Flow has achieved a high overall performance level, with
a composite mean of M = 4.13 and SD = 0.57. The highest-rated item has been improvement in real-
time power-flow optimization, M = 4.18, SD = 0.53, demonstrating that respondents have perceived
machine learning as particularly valuable for supporting repeated and responsive OPF decisions.
Maintenance of acceptable voltage profiles has recorded M = 4.15, SD = 0.55, while improvement in
active- and reactive-power allocation has achieved M = 4.13, SD = 0.57. These results have indicated
that ML-assisted OPF has been associated not only with computational efficiency but also with
operational conditions directly related to power-system stability and feasibility. Reduction of network
congestion and power losses has obtained M = 4.11, SD = 0.59, and acceleration of network-feasible
operating decisions has recorded M =4.08, SD = 0.61. All five indicators have therefore remained within
the high Likert range. The findings have fulfilled the research objective of examining the role of ML-
assisted OPF in grid-connected PV-BESS operation. They have also established MLOPF as one of the
strongest-performing independent constructs in the descriptive analysis. Through the Dynamic
Capabilities Theory framework, MLOPF has represented the reconfiguring dimension because it has
concerned the continuous adjustment of network operating points as generation, storage, demand, and
grid conditions have changed. The sensing information generated through MLPEM and the decisions
selected through MOO and IBESS have required network-feasible implementation, and MLOPF has
provided that operational reconfiguration layer. The high scores for voltage management, power
allocation, congestion reduction, and real-time optimization have therefore reflected a strong capacity
to translate adaptive intelligence into technically feasible electrical operation. This pattern has provided
descriptive support for the theoretical expectation underlying H4 and has anticipated the stronger
inferential relationship subsequently identified between MLOPF and GRRL

Grid Resilience and Renewable Energy Integration Performance
Table 7: Grid Resilience and Renewable Energy Integration Performance
GRRI Item Mean SD  Interpretation

PV-BESS operation has improved the ability to maintain
supply during changing grid conditions

4.22 0.51 Very High

The system has improved utilization of available

photovoltaic energy 4.20 0.52 High
PV-BESS coordination has strengthened operational .
flexibility and disturbance response 419 054 High
The system has 1jeduced unnecessary renewable-energy 116 0.56 High
curtailment and grid dependence

Coordinated operation has support.ef:l voltage stability and 413 0.58 High
recovery capability

Overall GRRI 418 0.54 High

Grid Resilience and Renewable Energy Integration Performance has recorded the highest composite
mean of all study constructs, M = 4.18, SD = 0.54, demonstrating that respondents have perceived a
strong level of system-level performance across the investigated PV-BESS cases. The ability to maintain
electricity supply under changing grid conditions has received the highest individual score, M = 4.22,
SD = 0.51, placing this indicator within the very high interpretation range. Improved utilization of
available photovoltaic electricity has followed at M = 4.20, SD = 0.52, suggesting that coordinated PV-
BESS operation has enabled a large proportion of renewable generation to be productively integrated
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into energy use and grid interaction. Operational flexibility and disturbance response has achieved M
= 4.19, SD = 0.54, while reduced renewable curtailment and grid dependence has recorded M = 4.16,
SD = 0.56. Voltage stability and recovery capability has obtained M = 4.13, SD = 0.58, which has also
remained strongly positive. These results have fulfilled the objective of assessing the dependent
performance construct and have indicated that resilience and renewable integration have developed
together rather than as unrelated outcomes. From the Dynamic Capabilities Theory perspective, GRRI
has represented the realized performance associated with successful sensing, seizing, resource
mobilization, and reconfiguration. Predictive energy management has identified emerging system
conditions, multi-objective optimization has selected balanced responses, intelligent battery
management has mobilized storage flexibility, and ML-assisted OPF has reconfigured network
operation. The high GRRI score has therefore been theoretically consistent with the high levels recorded
for each explanatory construct. Importantly, the descriptive findings alone have not established causal
or predictive relationships, but they have shown that the dependent construct has exhibited sufficiently
strong and variable measurement for subsequent inferential analysis. The correlation and regression
tests in Section 4.8 have consequently been used to determine whether the high levels of the four
independent capabilities have been statistically associated with the observed level of grid resilience and
renewable energy integration.

Correlation, Multiple Regression, and Hypothesis Testing

The correlation, regression, and hypothesis-testing results have provided direct inferential evidence for
the relationships proposed in the conceptual and theoretical frameworks. Pearson correlation analysis
has shown that all four independent variables have been positively and significantly associated with
Grid Resilience and Renewable Energy Integration Performance. Machine Learning-Based Predictive
Energy Management has correlated with GRRI at r = .68, p < .001, indicating a strong positive
relationship and supporting the expectation that improved sensing and prediction have been
associated with stronger system performance. Multi-Objective Energy Optimization has produced r =
.72, p < .001, while Intelligent Battery Energy Storage Management has produced r = .70, p < .001.
Machine Learning-Assisted Optimal Power Flow has shown the strongest bivariate relationship with
GRRI, r = .75, p <.001. Multiple regression analysis has further demonstrated that the four predictors
have collectively explained 69.4% of the variance in GRRI, R"2 = .694, with Adjusted R*2 = .690. The
overall model has been statistically significant, F(4, 291) = 165.02, p < .001, thereby supporting H5. At
the individual predictor level, MLOPF has produced the strongest standardized regression effect, beta
= .31, t=7.08, p <.001, followed by MOO, beta = .28, t = 6.21, IBESS, beta = .24, t = 5.43, and MLPEM,
beta = .22, t =4.98. H1, H2, H3, and H4 have therefore all been supported. VIF values have ranged from
1.54 to 2.12, indicating that multicollinearity has not threatened coefficient interpretation, while the
Durbin-Watson statistic of 1.91 has indicated acceptable independence of residuals. These results have
fulfilled the objectives concerned with identifying relationships and determining the individual and
collective predictive effects of the study variables. The findings have also supported Dynamic
Capabilities Theory by showing that sensing through MLPEM, seizing through MOO and IBESS, and
operational reconfiguration through MLOPF have each contributed significantly to the adaptive
performance represented by GRRI. Among these capabilities, reconfiguration through ML-assisted
OPF has emerged as the strongest statistical predictor, while the substantial R*2 has demonstrated that
the integrated capability structure has accounted for a large proportion of observed differences in grid
resilience and renewable energy integration performance.

Table 8: Correlation, Multiple Regression, and Hypothesis Testing Results

Hypot Standar

hesis/ Predictor or Relationship Pearso dized t VIF p- Decision
nr value
Model Beta
H1 MLPEM -> GRRI 68 72 4.98 154 < 001 Sup];orte
H2 MOO -> GRRI 72 28 6.01 188 < 001 Supgorte
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Hypot Pearso Standar )
hesis/ Predictor or Relationship nr dized t VIF valiue Decision
Model Beta
H3 IBESS -> GRRI 70 24 5.43 176 <.001 Supgorte
H4 MLOPF -> GRRI 75 31 7.08 212 <.001 Squc’lorte
H5 Combined MLPEM + MOO + R = R"2= F(4291)= DW= < 001 Supporte
IBESS + MLOPF -> GRRI .833 .694 165.02 1.91 ‘ d
Model statistics: Adjusted R"2 = .690; N = 296.
FINDINGS

The findings of this study have demonstrated an overall positive and statistically significant pattern
regarding the contribution of machine learning-driven energy management and optimal power flow to
grid resilience and renewable energy integration in grid-connected photovoltaic-battery energy storage
systems. A total of 330 questionnaires have been distributed, 305 responses have been returned, and
296 questionnaires have been retained as usable, producing a usable response rate of 89.7%. The five-
point Likert-scale results have indicated comparatively strong implementation of all investigated
constructs. Multi-Objective Energy Optimization has recorded the highest mean among the
independent variables, M = 4.16, SD = 0.55, followed by Machine Learning-Assisted Optimal Power
Flow, M = 4.13, SD = 0.57, Machine Learning-Based Predictive Energy Management, M = 4.11, SD =
0.58, and Intelligent Battery Energy Storage Management, M = 4.08, SD = 0.61. Grid Resilience and
Renewable Energy Integration Performance has obtained an overall mean of M = 4.18, SD = 0.54,
indicating a high perceived level of resilient and renewable-integrated system performance. Reliability
analysis has shown satisfactory internal consistency, with Cronbach's alpha coefficients ranging from
alpha = .84 to alpha = .91 across the five constructs and an overall reliability coefficient of alpha = .93.
Pearson correlation analysis has revealed significant positive relationships between GRRI and MLPEM,
r = .68, MOO, r = .72, IBESS, r = .70, and MLOPYF, r = .75, with all relationships significant at p < .001.
These results have supported the objectives concerned with identifying the direction and strength of
associations among the study variables. Multiple regression analysis has further shown that the four
independent variables have collectively explained 69.4% of the variance in Grid Resilience and
Renewable Energy Integration Performance, R"2 = .694, Adjusted R"2 = .690, F(4, 291) = 165.02, p <
.001. Among the predictors, Machine Learning-Assisted Optimal Power Flow has produced the
strongest standardized effect, beta = .31, p < .001, followed by Multi-Objective Energy Optimization,
beta = .28, p <.001, Intelligent Battery Energy Storage Management, beta = .24, p < .001, and Machine
Learning-Based Predictive Energy Management, beta = .22, p <.001. Multicollinearity has not presented
a concern, with VIF values ranging from 1.54 to 2.12, while the Durbin-Watson statistic of 1.91 has
indicated acceptable independence of residuals.

Figure 9: Findings of The Study
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Accordingly, H1, H2, H3, H4, and H5 have all been supported, demonstrating that the four machine
learning-driven and optimization-based capabilities have individually and collectively contributed
significantly to enhanced grid resilience and renewable energy integration performance.

DISCUSSION

The findings have demonstrated that machine learning-driven predictive intelligence, multi-objective
optimization, intelligent battery management, and machine learning-assisted optimal power flow have
all been significantly associated with Grid Resilience and Renewable Energy Integration Performance
within the examined grid-connected photovoltaic-battery energy storage environments. The
descriptive findings have shown high evaluations for all explanatory constructs, with Multi-Objective
Energy Optimization recording the highest independent-variable mean, M = 4.16, SD = 0.55, followed
by Machine Learning-Assisted Optimal Power Flow, M = 4.13, SD = 0.57, Machine Learning-Based
Predictive Energy Management, M = 4.11, SD = 0.58, and Intelligent Battery Energy Storage
Management, M = 4.08, SD = 0.61. The dependent construct has achieved an overall mean of M = 4.18,
SD = 0.54, suggesting that respondents have perceived relatively strong renewable integration,
flexibility, disturbance response, and network-support capability. More importantly, the inferential
results have demonstrated that all four explanatory variables have been significantly and positively
related to GRRI. MLOPF has produced the strongest correlation, r = .75, followed by MOO, r = .72,
IBESS, r = .70, and MLPEM, r = .68, with all relationships significant at p <.001. The regression model
has further explained 69.4% of the variance in GRRI, R"2 = .694, Adjusted R"2 = .690, and has been
statistically significant, F(4, 291) = 165.02, p < .001. These findings have been consistent with previous
research showing that intelligent energy management can coordinate PV production, storage
operation, electricity prices, and grid transactions more effectively than static scheduling approaches.
Reinforcement-learning-based PV-battery management has previously shown that adaptive control
can improve storage utilization and reduce operating costs under uncertain renewable generation and
load conditions (Pervaz, 2025; Muriithi & Chowdhury, 2021). The present finding that MLOPF has
emerged as the strongest predictor, beta = .31, p < .001, has also been consistent with earlier work
demonstrating that deep-learning-based OPF methods can approximate complex mappings between
system states and economically feasible dispatch solutions while reducing the computational burden
of repeated optimization (Chowdhury, 2025; Pan et al., 2021). Similarly, the significant IBESS effect,
beta = .24, has reinforced evidence that inaccurate representation of battery degradation can materially
alter storage schedules and operational costs, confirming that intelligent battery management must
account for more than state of charge alone (Badrul, 2025; Wang et al., 2020). Overall, H1 through
H5 have been supported, indicating that prediction, optimization, battery flexibility, and network
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reconfiguration have operated as complementary rather than competing determinants of resilient
renewable-energy integration.

From a practical perspective, the findings have indicated that utilities, renewable-energy developers,
microgrid operators, energy managers, and power-system engineers should treat ML-enabled PV-BESS
operation as an integrated control problem rather than implementing individual algorithms
independently. The significant MLPEM coefficient, beta = .22, has suggested that predictive capability
has provided an important first layer of operational intelligence because forecasts of photovoltaic
generation, load demand, tariff conditions, and network states have enabled subsequent decisions to
be made before imbalances occur. However, its smaller standardized effect relative to MOO and
MLOPF has suggested that forecasting alone has not been sufficient to generate the highest level of
resilience and renewable integration. Forecast information has needed to be transformed into concrete
operating decisions. The stronger MOO coefficient, beta = .28, has therefore indicated that operators
should configure energy-management systems to evaluate several objectives simultaneously, including
grid purchases, renewable-energy utilization, power losses, peak demand, voltage conditions, battery
degradation, and reserve requirements. Previous reinforcement-learning research has similarly
demonstrated that grid-tied PV-battery scheduling can incorporate utility-energy costs and battery
wear within the same decision process, producing lower operating costs when battery and grid
transactions have been coordinated adaptively (Muriithi & Chowdhury, 2021; Nishat, 2025). The
IBESS results have also carried direct operational importance. Battery management should include
state-of-charge limits, state-of-health estimates, depth-of-discharge restrictions, charging and
discharging efficiency, cycle ageing, and reserve-energy requirements. This interpretation has been
supported by evidence that simplified battery-degradation models can create substantial deviations in
calculated operating schedules and can produce additional real operating costs when the resulting
schedules are applied (Sadia, 2025; Wang et al., 2020). Most importantly, the finding that MLOPF has
produced the strongest standardized effect has indicated that the final quality of a PV-BESS energy-
management decision has depended heavily on whether it can be implemented while satisfying
electrical-network requirements. Ultilities should therefore integrate predictive ML and storage
scheduling with voltage limits, line constraints, active- and reactive-power requirements, congestion
conditions, and system-security rules. This interpretation has also corresponded with resilience-
oriented network planning in which renewable resources and BESS have been optimized jointly with
network and resilience objectives rather than being treated as independent assets (Sadia, 2025; Shafiei
etal., 2024). Practically, the statistical pattern has supported a layered architecture in which forecasting
has informed optimization, optimization has directed battery utilization, and ML-assisted OPF has
converted those decisions into network-compatible operating actions.

The findings have also provided substantive theoretical support for the Dynamic Capabilities Theory
framework adopted in this study. Dynamic Capabilities Theory has conceptualized adaptive
performance through sensing, seizing, and reconfiguring processes, and the present variables have
allowed these theoretical dimensions to be operationalized within a technically complex energy-system
environment. MLPEM has represented sensing because it has enabled the system to identify and
anticipate changes in photovoltaic generation, demand, prices, battery conditions, and grid variables.
Its significant relationship with GRRI, r = .68, and regression effect, beta = .22, have indicated that
anticipatory information has been associated with higher resilience and renewable-integration
performance. MOO has represented the seizing dimension because optimization has transformed
available information into decisions among competing technical and economic alternatives. Its stronger
relationship with GRRI, r = .72, beta = .28, has suggested that the value of sensing has increased when
predicted information has been converted into coordinated resource-allocation decisions. IBESS has
represented resource mobilization within the seizing and reconfiguration process because stored
energy has been charged, retained, or discharged depending on changing operational conditions.
Finally, MLOPF has represented the strongest reconfiguring capability because it has adjusted the
physical operating state of the network through active-power allocation, reactive-power management,
voltage regulation, congestion mitigation, and feasible grid exchange. Its leading standardized
coefficient of beta = .31 has therefore been theoretically meaningful because reconfiguration has
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represented the stage at which prediction and optimization have ultimately been converted into
physical system action. This interpretation has been consistent with research applying dynamic
capabilities to electrical-energy digitalization, where sensing, seizing, and transformation have been
identified as important capabilities for responding to changing digital and energy-system conditions
(Idries et al., 2022; Tonay, 2025). The results have therefore extended the theoretical framework from
a predominantly organizational interpretation toward an operational cyber-physical context in which
information, algorithms, battery assets, and electrical-network constraints have interacted dynamically.
The substantial R"2 of .694 has further indicated that the combined capability structure has accounted
for a considerable proportion of variation in GRRI, which has been consistent with the theoretical
proposition that adaptive performance emerges from coordinated capabilities rather than from a single
resource. At the same time, the results have not implied that Dynamic Capabilities Theory alone has
completely explained grid resilience, since approximately 30.6% of the observed variance has remained
attributable to factors outside the model, potentially including inverter characteristics, network
topology, communications reliability, cybersecurity, protection systems, weather severity, storage
capacity, and regulatory conditions.

The limitations of the study have required careful consideration when interpreting these statistically
strong findings. First, the cross-sectional design has measured the explanatory constructs and GRRI at
a single period, meaning that the regression coefficients have represented statistical associations rather
than definitive longitudinal causal effects. Although MLPEM, MOO, IBESS, and MLOPF have all
produced significant positive coefficients, the design has not demonstrated that increasing one
capability by a particular amount would automatically cause a corresponding increase in resilience
performance over time. Second, the case-study-based and purposive sampling approach has
concentrated on respondents with technical knowledge of PV-BESS, renewable-energy systems, grid
operation, storage, and machine learning. This has improved the relevance of the responses but has
limited the extent to which the numerical findings can be generalized to every electricity network,
geographical region, regulatory regime, or PV-BESS architecture. Third, the study has relied on five-
point Likert-scale evaluations rather than direct high-frequency measurements of voltage, frequency,
battery SOC, renewable curtailment, outage duration, energy-not-served, line loading, or restoration
time. The high mean values, ranging from 4.08 to 4.18, may also indicate some positive-response
clustering or ceiling effects. This measurement structure differs from much of the earlier engineering
literature, which has evaluated energy-management performance through simulation, optimization, or
operational datasets. For example, battery-management research has demonstrated that alternative
degradation models can generate markedly different dispatch schedules and cost outcomes under
otherwise identical operating conditions, illustrating the value of direct technical validation alongside
perception-based evaluation (Mohammad, 2026; Wang et al., 2020). Resilience-oriented BESS studies
have similarly used benchmark networks and simulation-based resilience metrics to quantify system
performance under specified operating conditions and disturbances (Jannatul, 2026; Shafiei et al.,
2024). Fourth, the integrated GRRI construct has combined resilience and renewable-energy
integration into one dependent variable. This approach has supported a parsimonious model but may
have concealed differences between normal-operation renewable integration and disturbance-oriented
resilience. Fifth, although VIF values between 1.54 and 2.12 have indicated acceptable multicollinearity
and the Durbin-Watson statistic of 1.91 has supported residual independence, common-method
variance may still have existed because predictor and outcome measures have been collected through
the same questionnaire. These limitations have not invalidated the findings, but they have established
boundaries around how the coefficients and hypothesis decisions should be interpreted and have
identified specific methodological areas that subsequent research can strengthen.

Figure 10: Machine Learning-Driven Adaptive Multi-Objective PV-BESS Resilience Optimization
Model (ML-AMPRO)
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Future research should therefore move from the present cross-sectional perceptual model toward an
integrated operational architecture that combines survey evidence with real-time power-system
measurements, machine-learning prediction, battery digital-twin modelling, multi-objective
optimization, and resilience-oriented OPF. A suitable extension is the proposed Machine Learning-
Driven Adaptive Multi-Objective PV-BESS Resilience Optimization Model (ML-AMPRO). The model
should contain six interacting layers. The first, a Data Sensing Layer, should collect solar irradiance,
temperature, PV output, load demand, electricity prices, bus voltage, frequency, line loading, battery
SOC, battery SOH, outage signals, and weather-risk information. The second, an ML Predictive
Intelligence Layer, should employ ensemble learning, LSTM models, transformers, or probabilistic
forecasting to generate short-term PV, demand, price, and disturbance-risk estimates. The third, a
Battery Digital-Twin Layer, should continuously estimate SOC, SOH, temperature, efficiency, cycle
ageing, and remaining usable capacity so that battery actions reflect physical degradation rather than
idealized storage assumptions. This component has been supported by earlier evidence showing that
degradation representation can materially change energy-management outcomes (Ahmed, 2026;
Wang et al., 2020). The fourth, a Multi-Objective Decision Layer, should optimize a weighted or
Pareto-based objective function such as ] = w1C + w2Ploss + w3Vdev + w4Dbat + w5Ecurt + w6Rrisk,
where C represents cost, Ploss power losses, Vdev voltage deviation, Dbat battery degradation, Ecurt
renewable curtailment, and Rrisk resilience risk. The fifth, an ML-Assisted Resilient OPF Layer, should
translate the selected schedule into network-feasible active- and reactive-power decisions while
enforcing voltage, line-flow, inverter, and security constraints. The sixth, a Closed-Loop Learning and
Recovery Layer, should compare predicted and observed outcomes and retrain or recalibrate the model
after forecast errors, disturbances, or battery degradation. Resilience-oriented renewable and BESS
planning has already demonstrated the importance of integrating storage capacity, network operation,
cost, and resilience metrics within a multi-objective structure (Rahman, 2026; Shafiei et al., 2024).
Future researchers could validate ML-AMPRO through longitudinal field data and IEEE 33-bus, 69-
bus, and 118-bus test systems, compare reinforcement learning with supervised and physics-informed
ML, separate renewable integration and resilience as distinct dependent outcomes, test mediating
effects of battery flexibility, and examine whether MLOPF moderates the relationship between
predictive energy management and resilience. Such an extension would directly address the current
study's measurement and causal limitations while preserving the supported sensing, seizing, and
reconfiguring structure of Dynamic Capabilities Theory.

J=w;C + wyP_loss + w3V _dev + w,D_bat + wsFE_curt + wsR_risk
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CONCLUSION

This study has quantitatively examined the contribution of machine learning-driven multi-objective
energy management and optimal power flow to Grid Resilience and Renewable Energy Integration
Performance in grid-connected photovoltaic-battery energy storage systems. The research has adopted
a quantitative, cross-sectional, case-study-based design and has analyzed 296 usable responses
obtained from technically relevant professionals working across power systems, renewable energy,
battery storage, grid operations, energy management, and machine learning. The findings have
demonstrated that all four explanatory constructs have achieved high levels of perceived
implementation, with Multi-Objective Energy Optimization recording M = 4.16, SD = 0.55, Machine
Learning-Assisted Optimal Power Flow recording M = 4.13, SD = 0.57, Machine Learning-Based
Predictive Energy Management recording M = 4.11, SD = 0.58, and Intelligent Battery Energy Storage
Management recording M = 4.08, SD = 0.61. Grid Resilience and Renewable Energy Integration
Performance has achieved M = 4.18, SD = 0.54. The inferential results have further confirmed strong
and statistically significant positive relationships between GRRI and MLPEM, r = .68, MOO, r = .72,
IBESS, r =.70, and MLOPF, r = .75, with all relationships significant at p <.001. The multiple regression
model has explained 69.4% of the variance in GRRI, R"2 = .694, Adjusted R"2 = .690, F(4, 291) = 165.02,
p <.001. MLOPF has emerged as the strongest predictor, beta = .31, followed by MOO, beta = .28, IBESS,
beta = .24, and MLPEM, beta = .22. Accordingly, H1, H2, H3, H4, and H5 have all been supported. The
findings have also remained consistent with Dynamic Capabilities Theory by demonstrating that
sensing through predictive intelligence, seizing through optimization and battery resource
mobilization, and reconfiguring through ML-assisted OPF have jointly explained resilient and
renewable-integrated system performance. Overall, the study has established that effective PV-BESS
performance has depended on the coordinated integration of prediction, optimization, storage
intelligence, and network-aware power-flow control rather than on any single technological capability.
RECOMMENDATIONS

Based on the empirical findings, this study recommends that utilities, renewable-energy developers,
grid operators, energy managers, and PV-BESS system designers adopt a more integrated machine
learning-driven operating architecture in which forecasting, optimization, battery control, and optimal
power flow are treated as connected components of one decision framework. Since Machine Learning-
Assisted Optimal Power Flow has produced the strongest standardized effect on GRRI, beta = .31,
organizations should prioritize the integration of ML-based OPF tools capable of supporting faster
voltage regulation, active- and reactive-power allocation, congestion management, and network-
feasible dispatch. Multi-Objective Energy Optimization, which has recorded beta = .28, should also be
strengthened so that operating decisions simultaneously consider electricity cost, renewable-energy
utilization, peak-demand reduction, power losses, battery degradation, reserve requirements, and grid-
support objectives. Intelligent Battery Energy Storage Management should incorporate continuous
SOC and SOH monitoring, degradation-aware charging and discharging limits, reserve-energy
policies, temperature monitoring, and lifecycle considerations to prevent short-term economic
optimization from reducing long-term battery performance. Machine Learning-Based Predictive
Energy Management should combine PV generation forecasting, load-demand forecasting, electricity-
price prediction, and grid-condition assessment so that decisions can be made before operating
imbalances occur. Utilities should further improve the quality, frequency, and interoperability of
operational data because ML performance depends heavily on reliable measurements from PV arrays,
batteries, smart meters, weather stations, and network sensors. Cybersecurity and communication
resilience should also be incorporated into intelligent PV-BESS design because highly connected
energy-management architectures can become vulnerable to data manipulation or communication
failure. Finally, organizations should implement continuous model validation and retraining
procedures so that prediction and optimization algorithms remain aligned with changing load patterns,
battery conditions, and network behavior. A staged implementation strategy beginning with predictive
analytics, followed by multi-objective scheduling, battery digitalization, and ML-assisted OPF
integration, would provide a practical pathway for strengthening grid resilience and renewable energy
integration while maintaining technical feasibility and operational control.
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LIMITATIONS

This study has several limitations that should be recognized when interpreting the statistical findings.
First, the research has used a cross-sectional design, meaning that data have been collected at a single
period rather than across multiple operational stages. Consequently, the significant regression
relationships have demonstrated statistical association and predictive contribution but have not
established strict long-term causality between MLPEM, MOO, IBESS, MLOPF, and GRRI. Second, the
study has relied on a case-study-based purposive sample of technically experienced professionals,
which has improved subject-matter relevance but has limited the generalizability of the findings to all
utilities, geographic regions, regulatory systems, network configurations, and PV-BESS technologies.
Third, the principal variables have been measured through a five-point Likert scale, meaning that the
results have reflected professional perceptions rather than direct operational measurements such as
voltage deviations, frequency excursions, renewable curtailment, energy-not-served, battery cycle
counts, outage duration, restoration time, or real-time network losses. Fourth, the dependent variable
has combined grid resilience and renewable energy integration into one integrated construct. Although
this structure has supported a concise statistical model, it may have concealed differences between
normal-operation renewable integration and disturbance-oriented resilience performance. Fifth,
common-method bias may have been present because the independent and dependent variables have
been measured using the same questionnaire. Sixth, technological heterogeneity among the
investigated cases may have influenced respondent evaluations because differences in PV capacity,
battery chemistry, inverter technology, ML algorithms, communication infrastructure, and grid
topology have not been modeled separately. Finally, approximately 30.6% of the variance in GRRI has
remained unexplained by the regression model, indicating that other factors such as cybersecurity,
protection systems, communication reliability, inverter capability, weather severity, storage capacity,
regulatory conditions, and network architecture may also affect resilient renewable-energy integration.
These limitations define the boundaries of the present findings and identify areas that require stronger
operational, longitudinal, and experimental validation.
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